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We propose a snapshot spectral imaging method for the visible spectral range using two digital cameras placed
side-by-side: a regular red–green–blue (RGB) camera and a monochromatic camera equipped with a dispersive
diffractive diffuser placed at the pupil of the imaging lens. While spectral imaging was shown to be feasible using a
single monochromatic camera with a pupil diffuser [Appl. Opt. 55, 432 (2016)], adding an RGB camera provides
more spatial and spectral information for stable reconstruction of the spectral cube of a scene. Results of optical
experiments confirm that the combined data from the two cameras relax the complexity of the underdetermined
reconstruction problem and improve the reconstructed image quality obtained using compressed sensing-based
algorithms. ©2020Optical Society of America

https://doi.org/10.1364/AO.380256

1. INTRODUCTION

Spectral imaging (SI) systems (also referred to as multispectral
or hyperspectral imaging systems) are designed to capture the
spatial and spectral information of an object or a scene, forming
a “spectral cube.” Since there is a strong link among the spec-
trum, physical state, and components of different materials,
SI systems are practical in various fields including medicine,
agriculture, food inspection, astronomy, biology, the military,
and transportation.

Scanning approaches [1–4] use a time-sequential mechanism
to acquire the spectral cube. Hence, their cardinal drawback is
the inherent time-consuming acquisition, which prevents the
usage of a spectral imager in fast-changing scenes and exposes
the system to large volumes of data. On the other hand, in
snapshot spectral imaging (SSI) systems [4–23], the spectral
cube is acquired within a single shot (snapshot) and potentially
eliminates the use of large data volumes and moving mecha-
nisms. However, they are generally complex, expensive, show
insufficient accuracy of the spectral cube, and suffer from low
light throughput.

Recent works have presented SSI architectures that integrate
a spectral camera branch with an additional regular camera
branch. The purpose of the regular camera branch is to expand
system capabilities in terms of resolution or reconstruction qual-
ity of the spectral cube. In Refs. [9,10], a hybrid spectral video

system is presented that consists of a spectral camera branch, a
beam splitter, and a red–green–blue (RGB) camera branch. The
spectral camera branch, which consists of an occlusion mask
(passive [9] or active [10]), a prism, and a gray-scale camera,
acquires spatially sparse samples of the scene (i.e., low spatial,
high spectral resolution), while the RGB camera provides color
image in high spatial resolution (i.e., high spatial, low spectral
resolution). In order to obtain a high spatial and high spectral
resolution, the information of the two cameras is integrated by
propagating the high spectral resolution samples to the pixels of
the RGB camera using bilateral and trilateral filtering.

Another notable SSI architecture that has provided a push
for numerous studies related to SI under the framework of
compressed sensing (CS) is the coded aperture snapshot spectral
imager (CASSI) [11–13]. The general CASSI architecture is
composed of an array of an objective lens, a coded aperture,
which is placed on an intermediate image plane, a prism, an
imaging lens, and a monochromatic image sensor. Other com-
pressive SI systems have also been suggested. In Ref. [14], an
architecture based on a deformable mirror and a colored-filter
detector is presented. Combined with a set of imaging lenses
and a beam splitter, the system produces a compressive spa-
tiospectral projection without the need of a grating or prism
like in common CASSI-based architectures. In Ref. [15], it is
suggested to replace the conventional array of prism and the
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imaging lens with a single diffractive lens. Since a diffractive lens
forms an image (i.e., focusing) with strong chromatic disper-
sion, it replaces the optical functionality of the prism and the
imaging lens with a single compact diffractive element. Another
architecture that is similar to CASSI is discussed in Ref. [16],
in which the coded aperture is placed between the imaging lens
and the sensor, whereas a diffraction grating is placed on the
intermediate image plane. This arrangement enables one to
control the spectral and spatial resolution of the reconstructed
signal by proper lateral positioning of the coded aperture in
respect to the sensor plane. Recently, Wang et al. suggested
expanding the CASSI architecture by complementing the coded
aperture branch with an additional optical branch of a regular
(“uncoded”) gray-scale camera connected by a beam splitter
[17]. This uncoded gray-scale branch, in conjunction with the
coded CASSI branch, greatly eases the highly underdetermined
reconstruction problem and yields high-quality 3D spectral
data, and even 4D spectral video data [18]. Later analysis by
Wang et al. has suggested that better reconstruction quality
can be achieved if the uncoded gray-scale camera is replaced by
an uncoded RGB camera [19]. A second regular RGB camera
was also utilized in Ref. [20], not only for providing uncoded
measurements of the scene, but also for design optimization
of the coded aperture. The dual-camera CASSI concept was
later extended by Wang et al. by placing the CASSI system
side-by-side with a gray-scale camera, which demonstrates
simultaneous spectral and stereo imaging [21]. Despite its
significant importance, the CASSI-based architectures have
two basic drawbacks. First, the presence of an amplitude-coded
aperture mask reduces the light throughput of the optical sys-
tem, typically by 50%. The second drawback is the relatively
large number of optical elements for image relay, which results
in large size and bulky arrangement. Despite significant progress
in SSI studies, existing SSI architectures still feature complex
optomechanical layout and assembly, large physical size, large
weight, and relatively high manufacturing costs for consumer
markets.

In this paper, we present a method for performing SSI using
two cameras placed side-by-side: a first, monochromatic camera
equipped with a pupil-domain optical diffuser, and a second,
regular RGB camera. Previous work by our research team has
already demonstrated the feasibility of performing SSI using a
single standard monochromatic digital camera with an added
optical pupil diffuser and CS-based algorithms for spectral cube
reconstruction [23]. The design presented there was simpler,
smaller, and lighter than that of most existing SSI systems, did
not include any moving parts, and showed the capability for
spectral cube reconstruction. Its core element is our diffractive
diffuser, which substantially differs from CASSI’s coded aper-
ture by its location at the pupil plane, while the coded aperture
is located at the aerial image plane conjugate to the object.
Moreover, our phase-only diffractive diffuser is designed to
modulate the phase of the optical wavefront impinging on the
optical system’s aperture and not its amplitude—thus avoiding
light absorption and maintaining a high optical throughput.
However, spectral cube [23] and color reconstruction [24] with
a single monochromatic camera equipped with the pupil dif-
fuser, still require higher accuracy and stability. The additional
RGB camera is used to add substantially more reliable data with

high spatial resolution to assist in mathematical solution of the
underdetermined problem of spectral cube reconstruction and
is thus expected to improve SSI performance.

This paper starts with a definition of the optical arrange-
ment of our dual-camera SSI system in Section 2, followed by
a description of the mathematical model of the optical system
in Section 3. An essential mathematical part of CS, given in
Section 4, focuses on spectral cube reconstruction from the
critical combination of the data sensed by two separate cam-
eras. Section 5 describes the reconstruction algorithm, which
includes a new singular value decomposition (SVD) step exe-
cuted prior to the split Bregman iteration (SBI) process [23–26].
Section 6 describes the optical calibration scheme, including
characterization of the point spread functions (PSFs) at every
wavelength range and their subsequent embedding into the
sensing matrix. Section 7 starts by describing the experimental
optical setup, followed by experimental results that show the
advantages of the dual-camera arrangement versus a single
monochromatic camera.

2. DUAL-CAMERA ARRANGEMENT FOR SSI
WITH A DISPERSIVE DIFFUSER

The schematic layout of the dual-camera optical system for SSI
with a dispersive diffuser is shown in Fig. 1.

The system includes two branches, each branch having a
separate camera. One camera is a regular digital camera that
includes a monochromatic image sensor, an imaging lens,
complete with a wide bandpass filter (BPF) and a transparent,
phase-only optical diffuser made of fused silica, positioned
at the entrance pupil of the imaging lens [23,24]. The phase
profile of the diffuser varies only along the uM axis, thus cre-
ating a dispersed and diffused (DD) image of an object on the
monochromatic image sensor. Since the diffuser phase profile
is 1D, the optical diffusion occurs along the x ′M axis of the
monochromatic sensor and in a direction parallel to the uM axis
of the pupil. The diffuser’s phase function was a randomly per-
mutated, nonlinear sawtooth phase. The intuitive reason for this
choice is that a sawtooth diffraction grating supports spectral
dispersion and that random permutation with a nonlinearity
supports a random response, which is preferable for CS. The
diffuser provides wavelength-dependent light diffusion and
accordingly serves as an inherent disperser. Therefore, it pro-
vides spectral multiplexing along with spatial multiplexing. In
particular, the diffuser modifies the PSF of the imaging system
and renders the sensing matrix appropriate for reconstruction
of the spectral cube with the aid of CS algorithms that resort to
a sparse representation of the object. Figure 1(b) shows the PSF
cross section along the x ′M axis of the monochromatic sensor for
three selected wavelengths (450, 550, and 650 nm).

The other camera includes a regular RGB image sensor with
an imaging lens and a wide BPF. The RGB branch is essentially
identical to the monochromatic branch, except for not having
a diffuser but having a standard Bayer color-filter array (CFA)
on its sensor. The RGB camera forms a sharp color image of
the object, which provides additional precise spatial and coarse
spectral information about the scene. A digital processor of
the dual-camera system is digitally coupled to the cameras and
commonly processes the combination of the DD and sharp
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Fig. 1. (a) Schematic layout of the dual-camera optical system; (b) PSF cross section along the x ′M axis of the monochromatic sensor for three
selected wavelengths (450, 550, and 650 nm).

RGB images to reconstruct the spectral cube using CS-based
algorithms.

3. MATHEMATICAL MODEL OF THE OPTICAL
SYSTEM

The mathematical model of this system combines the model
presented in Ref. [23] for the monochromatic branch with a
model of the RGB branch.

The branch with the diffuser and the monochromatic camera
essentially resembles the optical system presented in Ref. [23].
We reproduce here briefly the necessary equations, with adap-
tation to current notations. The diffuser in the monochromatic
camera is designed as a thin phase optical element, consisting
of vertical straight-line strips that are parallel to the vM axis, as
shown in Fig. 1. Each strip’s depth and respective phase function
are constant within each strip’s width and quantized to discrete
levels. Since the diffuser is placed at the entrance pupil of the
imaging lens, it sets a scaled complex pupil function on the exit
pupil P (u ′M, v

′

M; λl ) for each λl wavelength of interest. The
coherent PSF h M for the λl wavelength can be calculated as an
inverse Fourier transform of the pupil function P (u ′M, v

′

M; λl ).
Hence, when added to a regular digital camera, the diffuser con-
verts the original image into a DD image with programmed blur.
The intensity I ′M(x

′

M, y ′M; λl ) of the DD image in the presence
of the 1D diffuser at the λl wavelength may be expressed by just
a 1D convolution I ′M = h I ,M ⊗ I of the ideal (“nondispersed”)
image I (x , y ; λl ) with the incoherent PSF of the monochro-
matic camera h I ,M(x ′M; λl ). The convolution is calculated
separately for each y coordinate of the object as

I ′M(x
′

M, y ′M; λl )= I ′M
(
x ′M, µO,M y ; λl

)
=∫ h I ,M

(
x ′M −µO,M x ; λl

)
× I

(
µO,M x , µO,M y ; λl

)
µO,Mdx ,

(1)

where µO,M denotes the optical magnification of the
monochromatic camera.

For analysis of the RGB branch, we consider the PSF
h I ,RGB(x ′RGB; λ) of a regular RGB camera that forms a sharp

image on the RGB sensor plane,

I ′RGB(x
′

RGB, y ′RGB; λl )

= I ′RGB(x
′

RGB, µO,RGB y ; λl )

=

∫
h I ,RGB(x ′RGB −µO,RGBx ; λl )

× I (µO,RGBx , µO,RGB y ; λl )µO,RGBdx , (2)

where µO,RGB denotes the optical magnification of the RGB
camera. In our hardware, the optical magnification is identical
for both cameras, i.e.,µO,M =µO,RGB =µO .

Equations (1) and (2) describe the continuous optical
intensity on the image plane in each camera for a single wave-
length λl . The contribution of polychromatic light to the DD
image can be expressed as a weighted sum of the intensities of
monochromatic DD images I ′M(x

′

M, y ; λl ) or sharp RGB
images I ′RGB(x

′

RGB, y ; λl ) over all wavelengths λl , l = 1, L ,
where the weighting coefficients are determined by the spectral
sensitivity of the optical system. Specifically, the signal reading
by each pixel in the monochromatic sensor can be expressed as

I ′M[i
′, j ′] =

∫ λb

λa

∫ y ′M, j ′+
δy
2

y ′M, j ′−
δy
2

∫ x ′
M,i ′
+
δx
2

x ′
M,i ′
−
δx
2

SM(λ)I ′M(x
′

M, y ′M; λ)

× dx ′Mdy ′Mdλ,
(3)

where (x ′M,i ′ , y ′M, j ′) are the spatial center coordinates of the
monochromatic pixel [i ′, j ′], δx × δy are the sensor’s pixel
pitches, [λa , λb] is the spectral response range of the optical
system, and SM(λ) is the spectral sensitivity of the monochro-
matic camera. In more detail, SM(λ)= RM(λ)TM(λ), where
TM(λ) is the spectral transmittance of the passive optics in the
monochromatic camera, and RM(λ) is the spectral responsivity
of the pixels in the monochromatic sensor. The translation
from an analog electronic signal to a quantized digital signal
includes integration over a certain time window (denoted as
the “integration time” or the “exposure time” of the snapshot
measurement), electronic amplification, and analog-to-digital
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conversion. Like most common image sensing devices, acquisi-
tion of the monochromatic image is subjected to measurement
noise that originates from the translation between the optical
and electronic signals.

Similar analysis can be done for the RGB camera, with one
exception: while the spectral responsivity of each pixel in the
monochromatic equals RM(λ), the spectral responsivity of
each pixel in the RGB sensor depends on its location in the
RGB sensor, in accordance with the Bayer CFA arrangement.
Specifically, the signal reading by each pixel in the RGB sensor
can be expressed as

I ′C [i
′, j ′] =

∫ λb

λa

∫ y ′RGB, j ′+
δy
2

y ′RGB, j ′−
δy
2

∫ x ′
RGB,i ′

+
δx
2

x ′
RGB,i ′

−
δx
2

SC (λ) I ′RGB

×
(
x ′RGB, y ′RGB; λ

)
dx ′RGBdy ′RGBdλ, (4)

where (x ′RGB,i ′ , y ′RGB, j ′) are the spatial coordinates of the center
of [i ′, j ′] RGB pixel, δx × δy are the sensor’s pixel pitches,
[λa , λb] is the spectral response range of the optical system,
and SC (λ) is the spectral sensitivity of the RGB camera for
the C color band, where C is R, G, or B . In more detail,
SC (λ)= RC (λ)TRGB(λ), where TRGB(λ) is the spectral trans-
mittance of the passive optics in the RGB camera, and RC (λ) is
the spectral responsivity of the C color pixels in the RGB sensor,

AX = Y ,

A=
[

AM

ARGB

]
, Y =

[
Y M

Y RGB

]
, ARGB =

 AR

AG

AB

 , Y RGB =

 Y R

Y G

Y B

 ,
AM X = Y M, ARGB X = Y RGB,AR X = Y R,AG X = Y G , AB X = Y B ,

A ∈R(Nx ,s+3Nx ,i )×L Nx ,i , AM ∈RNx ,s×L Nx ,i , ARGB ∈R3Nx ,i×L Nx ,i , AR , AG , AB ∈RNx ,i×L Nx ,i ,

Y ∈R(Nx ,s+3Nx ,i )×Ny ,i , X ∈RL Nx ,i×Ny ,i , Y M ∈RNx ,s×Ny ,i , Y RGB ∈R3Nx ,i×Ny ,i , Y R , Y G , Y B , ∈RNx ,i×Ny ,i , (5)

which is dependent on the pixel coordinates [i ′, j ′]. The trans-
lation from an analog electronic signal to a quantized digital
signal is similar to the translation in the monochromatic camera.
Further translation from a Bayer-patterned gray-scale image to

Fig. 2. Block diagram of the images sensing model by the
monochromatic and RGB cameras in the suggested system.

a color RGB image is done by an interpolation process called
“demosaicking.” Figure 2 shows a block diagram of the images’
sensing model by the monochromatic and RGB cameras.

4. CS MODEL FOR THE DUAL-CAMERA SSI

Making the two branches work together to reconstruct the
spectral cube of the scene is a challenge that we met with a
tailored CS approach, which considers the DD image of the
monochromatic branch and the image from the RGB branch.

Application of the CS approach to the SSI camera shown
in Fig. 1 requires a transfer from continuous coordinates of
optics to discrete indices of CS vectors and the sensing matrix.
Even though the number Ny ,i × Nx ,s of sensed pixels in the
monochromatic camera and Ny ,i × Nx ,i of sensed pixels in the
RGB camera (Ny ,i × Nx ,i × 3 after demosaicking) is smaller
than the number of voxels Ny ,i × Nx ,i × L in the 3D spectral
cube, the CS approach is supposed to enable restoration of the
entire spectral cube with reasonable accuracy, due to inherent
redundancy in 2D images. While all the monochromatic sensor
pixels have the same spectral sensitivity, the RGB sensor pixels
have a varying spectral sensitivity, determined by the Bayer CFA
arrangement. For application of the CS approach, we introduce
a generalized matrix equation model for the SI system that com-
bines the responses of both cameras to the same spectral cube of
the object:

where Rn is a mathematical notation for space of vectors with n
real components and A is a block Toeplitz-sensing matrix. The
matrix A models the dispersion and diffusion originating from
the diffuser, the spectral sensitivity of the monochromatic cam-
era (embedded in the submatrix AM), the diffraction-limit blur,
and the spectral sensitivity of the RGB camera, embedded in the
submatrix ARGB. ARGB is also a cascade of the sensing matrices
AR , AG , AB for the three separated color channels correspond-
ing to the demosaicked image. X is the matrix form of the
cascaded spectral cube; Y is a cascaded matrix of the recorded
DD monochromatic image Y M , and the sharp demosaicked
RGB image Y RGB. Y RGB is also a cascade of the separated color
channels of the demosaicked image, Y R , Y G , Y B . Ny ,s × Nx ,s

are the common full dimensions of the monochromatic and
RGB image sensors, and Ny ,i × Nx ,i × L are the dimensions
of the spectral cube. In our system configuration, the object is
positioned on the optical axis of the monochromatic camera.
Hence, matrix Y M corresponds to the monochromatic DD
image of size Ny ,i × Nx ,s , from which Ny ,i × Nx ,i central pixels
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would have occupied the non-DD image in the absence of the
diffuser. Accordingly, the field of view of the optical system was
set to Ny ,i × Nx ,i central pixels. Specifically, we limited the
field of view along the horizontal x ′M axis of the monochromatic
camera in order to acquire the optical dispersion and diffusion
of the scene’s image, which originates from the diffuser. The
RGB camera and the monochromatic camera with the diffuser
have identical imaging lens and object distances, albeit with
mutual lateral offset. Accordingly, the sharp Bayer-encoded
RGB image is spatially shifted from the optical axis and occu-
pies Ny ,i × Nx ,i pixels on the RGB sensor (we assume that
optical imaging distortion is negligible). The Ny ,i × Nx ,i

Bayer-encoded image is demosaicked to three submatrices
Y R , Y G , andY B and cascaded with the monochromatic image
Y M , as described in Eq. (5). The sensing matrix of the RGB
camera ARGB corresponds to the same shifted field-of-view
region in the RGB camera, and then cascaded with the sensing
matrix of the monochromatic camera AM .

To conclude, the matrix model of Eq. (5) includes both
branches of the optical system as shown in Fig. 1. In particu-
lar, Y M corresponds to the monochromatic branch with the
diffuser, and Y R , Y G , Y B correspond to the RGB branch.
In the CS approach, such formalism is advantageous over
the single monochromatic camera arrangement [23], as it
provides valuable data for spectral cube reconstruction by
adding more equations to the model, thus making the highly
underdetermined reconstruction problem better determined.

5. ALGORITHMS FOR RECONSTRUCTION OF
THE SPECTRAL CUBE FROM THE
DUAL-CAMERA MEASUREMENT DATA

Equation (5) provides the CS model for our dual-camera imag-
ing system. It shows that the recorded DD monochromatic
image Y M includes a linear mixture of spectral and spatial data
of the entire spectral cube X , as described by the sensing matrix
AM and the equation AM X = Y M . The RGB image Y RGB

includes a weighted integration of the spectral data of the entire
spectral cube X , as described by the sensing matrix ARGB and
the equation ARGB X = Y RGB. Merging the two equations into
a single merged equation AX = Y enables expression of the
optical response of the two cameras in a single compact model,
as in our two previous publications [23,24], just with different
matrix dimensions. The CS “problem” is in the reconstruction
of matrix X in such a way that Eq. (5) with a given matrix Y
becomes satisfied with reasonable accuracy. Still, the number
Ny ,i × (Nx ,s + 3Nx ,i ) of equations for Y in Eq. (5) is smaller
than the number of unknown variables Ny ,i × L Nx ,i in X .
Accordingly, the reconstruction problem seems to be ill-posed,
and as such, has an infinite number of solutions, of which,
however, some do not have any physical sense.

To obtain a sensible solution for the CS framework, we
consider inherent redundancy of the 2D digital images and
impose the well-established sparsity constraint in wavelet and
framelet-wavelet domains [27]. Specifically, we introduce the
framelet–wavelet transform to set the sparsity along both 2D
spatial and 1D spectral dimensions of the spectral cube. Then
we are able to use an SBI process [25,26] for spectral cube recon-
struction that is mathematically and algorithmically the same

as in our previous publications [23,24]. To further-improve the
reconstruction quality, we introduce here a new preprocessing
step prior to the SBI process, in which we obtain an approximate
preliminary least-squares solution using SVD. While the linear
system of equations in Eq. (5) has infinitely many solutions, the
least squares solution, in a case when the rows of matrix A are
independent, is given by

X̃ = argmin‖AX − Y‖2
= A+Y , (6)

where

A+ = AT(A AT)−1
(7)

is the pseudoinverse of the matrix A. Matrix A+ can be repre-
sented in the Moore–Penrose form [28–30]. Denoting the size
of the matrix A as r ×m, r <m, its SVD can be expressed as

A=USVT , (8)

where V is an orthogonal matrix of size m ×m, U is an orthogo-
nal matrix of size r × r , and S is the matrix of size r ×m such
that S = [B, 0̄]. B is a diagonal matrix of size r × r consisting
of singular values {s [k]}, k = 1, . . . , r of the matrix A, and 0̄
is a zero matrix of size r × (m − r ). Since the multiplication
A= SVT annihilates the rows {ρ j }, j = r + 1, . . . ,m of the
matrix V T , the reduced SVD of the matrix A is introduced,

A=U BVr
T , (9)

where Vr = {κ j }, j = 1, . . . , r is the matrix consisting of the
first r rows of the matrix V . The sequence {s [k]}, k = 1, . . . , r
of singular values of the matrix A, which are the square roots of
the eigenvalues of the nonnegative matrix A AT , tend to zero.
Then, the pseudoinverse of the matrix A can be expressed as

A+ = Vr B−1U T , (10)

and the least squares solution is

X̃ = Vr B−1U TY . (11)

Let

Y = {yα,ν}, α = 1, . . . , r , ν = 1, . . . , n,

U = {uα,ρ}, α = 1, . . . , r , ρ = 1, . . . , r

B = {bα,α = s α}, α = 1, . . . , r

Vr = {vµ,ρ}, µ= 1, . . . ,m, ρ = 1, . . . , r , (12)

then,X̃ = {x̃µ,v}, µ= 1, . . . ,m, v = 1, . . . , n, and

x̃µ,v =
r∑
ρ=1

vµ,v

r∑
α=1

α, ρ

s [α]
yα,v . (13)

Considering realistic conditions, we can represent the image
sensor measurement as

Ȳ = AX + E N = Y + E N . (14)

Matrix E N does not belong to the range of matrix A and orig-
inates from physical measurement errors and discrepancy
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between the actual response of the optical system and its model,
which is described by matrix A. When applying matrix A+ to Ȳ ,
we get

X̃ = A+Ȳ =X̃ + Z, zµ,ν =
r∑
ρ=1

vµ,ρ

r∑
α=1

uα,ρ
s [α]

eα,ν . (15)

Since s [α] ≈ 0 as α is sufficiently large, we may get intolerable
distortion of the solution. The way to avoid such a problem is to
reduce the number of singular values participating in Eq. (13),

x R
µ,ν =

r∑
ρ=1

vµ,ν

R∑
α=1

uα,ρ
s [α]

ȳα,v . (16)

While X R
= {x R

µ,ν} is no longer the least-squares solution, it

is stabler than X̄ . The trade-off between the approximation

X̄
R
≈ X̄ and the stability is achieved by selection of the number

R < r . In our suggested scheme, where we are looking for the
sparsest solution, derivation of the approximate least-squares
solution X R as a preprocessing step. Then, a “virtual” sensor
data array is defined as

Y R
= AX R . (17)

The matrix Y R belongs to the range of the matrix operator A
and is more regular compared to Y . Hence, the SBI process is
being applied on Y R instead of on Y .

We emphasize that the complete reconstruction algorithm
makes use of the acquired measurements by the monochro-
matic and RGB branches in Fig. 1. The 3Ny ,i × Nx ,i equations
that correspond to the RGB branch embody precise spatial
and coarse spectral information about the scene. Combining
them with the Ny ,i × Nx ,s equations that correspond to the
monochromatic branch adds constraints (i.e., equations) to
the CS model, thus leading to improved quality and stability of
the spectral cube reconstruction.

6. EVALUATION AND CALIBRATION OF THE
EXPERIMENTAL SYSTEM

The SSI arrangement was assembled from a 5 megapixel, 12-bit
Aptina monochromatic camera and a similar 5 megapixel,
12-bit Aptina RGB camera, each equipped with a Sunex
DSL935 3.2-mm-diameter imaging lens and a wide bandpass
spectral filter. To achieve quality transmission for the visible
range around 400–700 nm, the wide bandpass spectral filter
was constructed from Thorlabs’ FELH0400 long-pass filter cas-
caded with the FESH0700 short-pass filter. The full resolution
of each image sensor is Ny ,s × Nx ,s = 1944× 2592 pixels, with
a pixel pitch of 2.20 µm. The choice of Sunex DSL935 lens was
stipulated by a vital need for the front-aperture property, when
the entrance pupil is located at the first optical surface of its
first lens. The front-aperture property enabled us to do proper
placement of the diffuser exactly at the pupil of the imaging
system. Each camera was connected to a PC by a USB cable, for
data grabbing and subsequent processing.

To obtain an accurate model of our dual-camera SSI
electro-optical system with the sensing matrix A of Eq. (5),
we performed a calibration by direct PSF measurements for each

Fig. 3. Schematic drawing of the experimental arrangement for the
PSF measurements.

wavelength of interest, separately for monochromatic and RGB
branches. A scheme of the optical arrangement for the PSF cal-
ibration measurements is presented in Fig. 3. A binary chrome
mask with a single transparent vertical column with a width of
120µm was placed in the object plane and was back-illuminated
with quasi-monochromatic light. Such was performed using a
white halogen light source (Edmund Optics MI-150) and a set
of automatically exchanged L = 31 narrow-bandpass, 10 nm
full width at half-maximum (FWHM) spectral filters (Thorlabs
FB-XX0-10 series), which covered the 400–700 nm wavelength
range in equal gaps of 10 nm. In turn, a proper filter was posi-
tioned in front of the light source with the USB-controlled
x − y stage to form a monochromatic light spot on the binary
chrome mask.

The integration time of the image sensors was adjusted for
each wavelength to keep the peak intensity around 75% of the
sensor’s saturation level. We then acquired a raw PNG image of
the chrome mask, followed by a corresponding dark image
that was acquired by closing the optical shutter. This image
acquisition procedure was common for both the monochro-
matic camera and the RGB camera. Data processing for the
monochromatic camera included subtraction of the dark image
from the chrome mask image and averaging the results for sev-
eral x , y positions to yield the PSF at each spectral band as a pixel
row of the image sensor. Data processing for the RGB camera
included a demosaicking pre-step for each of the signal and dark
images, followed by subtraction of the demosaicked dark image
from the demosaicked chrome mask image and averaging the
results for several x , y positions for each of the R , G , B color
channels.

To characterize the relative spectral sensitivity of the optical
system’s cameras for each wavelength, we resorted to a spatially
uniform backlight illuminator screen (Edmund Optics #39-
826), which was placed at the object plane and connected to
the halogen light source. We then measured the spectrum of
the backlight illuminator in two ways: first with a calibrated
spectrometer (Ocean Optics USB4000) whose fiber input port
was placed after each of the L = 31 narrow BPFs. Each of the
L = 31 spectrometer measurements is proportional to

σπ,l (λ)= τl (λ)β(λ), l = 1, L, (18)

where τl (λ) is the spectral transmittance of the l ′th narrow
BPF that corresponds to the λl wavelength, and β(λ) is the
spectral irradiance of the backlight illuminator. The data from
the spectrometer were then rearranged as follows: first, each
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spectrometer measurement was spectrally averaged down
to 10 nm resolution to correspond to the spectral width of
the narrow BPFs. Then, the value that corresponds to the
maximal transmittance of each narrow BPF (i.e., 400 nm,
410 nm,. . . ,700 nm) was assigned to an array σπ [l ], l = 1, L .
The spectrum of the backlight illuminator was then measured
by acquiring the image from each of the two cameras in the opti-
cal system, specifically without the diffuser but with the same
narrow BPFs installed sequentially. The pixels within the image
of the white patch were spatially averaged for noise reduction.
While the monochromatic sensor has a uniform pixel pattern,
the RGB sensor has a Bayer CFA. Therefore, the monochro-
matic sensor pixels were characterized uniformly; however,
separate spectral characterization was performed for each type
of the R , G , B groups of pixels in the RGB camera. Hence, the
monochromatic sensor measurement is proportional to

ση,M[l ] = σπ [l ]RM[l ]TM[l ] = σπ [l ]SM[l ], l = 1, L, (19)

where RM[l ] is the average spectral responsivity of the pixels in
the monochromatic sensor around theλl wavelength, and TM[l ]
is the average spectral transmittance of the passive optics in the
monochromatic camera around the λl wavelength. Similarly,
the RGB sensor measurement is proportional to

ση,C [l ] = σπ [l ]RC [l ]TRGB[l ] = σπ [l ]SC [l ], l = 1, L,

C ∈ {R, G, B}, (20)

where C is either R, G, or B color pixels, RC [l ] is the average
spectral responsivity of the pixels in the RGB sensor for color
pixel C around the wavelength λl , and TRGB[l ] is the average
spectral transmittance of the passive optics in the RGB camera
around theλl wavelength.

From Eqs. (18)–(20), we can calculate the relative spectral
sensitivity of each camera by dividing the data arrays of the
sensor pixels with the data arrays from the spectrometer. Hence,
for the monochromatic camera we get

SM[l ] =
ση,M[l ]
σπ [l ]

, l = 1, L, (21)

and for each color channel in the RGB camera we get

Fig. 4. Sensing matrix A, built from the calibration measurements
in accordance with Eq. (5). The matrix dimensions are marked with
double-sided arrows and each of the submatrices AM, AR , AG , AB

are annotated in white in its top left corner. For illustration purposes,
each block Toeplitz submatrix was colored with correspondence to its
matching wavelength, as detailed in Ref. [31]. In addition, the matrix
values were normalized to the range of [0,1] and encoded in the range
of [0, 0.0025] for enriched display.

SC [l ] =
ση,C [l ]
σπ [l ]

, l = 1, L,C ∈ {R, G, B}. (22)

After the characterization of the relative spectral sensitiv-
ity, the L = 31 1D PSFs were normalized to have the sum
of elements equal the relative spectral sensitivity for each
corresponding wavelength, sensor, and color channel. The
normalized PSF was integrated into the corresponding block
Toeplitz subsensing matrix, as explained in Refs. [23,24].
Figure 4 shows the final optically measured sensing matrix A,
which corresponds to the PSF calibration measurements and the
resolution of the spectral cube, in accordance with Eq. (5).

7. OPTICAL EXPERIMENTS FOR SSI WITH
DUAL CAMERA

To have a firm reference in our experiments, we conducted
direct reference measurements of the spectral cube of the object,
as schematically described in Fig. 5. The reference spectral cube
was acquired with the monochromatic camera without the
diffuser, and with the same set of L = 31 narrow BPFs as used
in Section 6. The RGB camera did not have an active role in the
reference measurements. The full resolution of the spectral cube
was Ny ,i × Nx ,i × L = 256× 256× 31. The process of the
reference spectral cube measurements included dark signal sub-
traction, normalization by the relative spectral sensitivity of the
monochromatic camera without the diffuser, and normalization
by the transmittance of the BPFs. After that we proceeded to SSI
experiments.

The experimental setup for the dual-camera SSI is shown
in Fig. 6. The setup contains a custom 1D random, 14-level
diffuser in the monochromatic branch [23,24], while the RGB
branch supports regular high-resolution imaging. A printed
“vegetables” color photograph of size 28 mm× 28 mm, which
was illuminated by two 12 W white LEDs was used as a scene
and placed 50 cm in front of the prototype. Since the focal
length of the imaging lenses is f = 9.6 mm, the optical magni-
fication isµO,M

∼=−0.02, which results in spatial dimensions of
the image as Ny ,i × Nx ,i = 256× 256 pixels. A single snapshot
of the object was taken from each camera at integration time of
0.58 ms, which provided the measurement of Y as described in
Eq. (5). Then the data were processed with the algorithms of
Section 5 to reconstruct a spectral cube.

Fig. 5. Schematic drawing of the experimental arrangement for the
reference spectral cube measurements of a reflective object.
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Fig. 6. Schematic drawing of the experimental environment for SSI
acquisition.

Evaluation of the quality of the reconstructed spectral cubes
was done by comparison to reference spectral cubes measured
directly and in advance with the set of L = 31 narrow BPFs.
Specifically, we calculated the normalized root mean square
errors (RMSEs) and peak signal-to-noise ratio (PSNR) in each
spectral band and for selected spatial coordinates, as described in
Ref. [23].

Figure 7 shows the experimental results for the printed
vegetables photographic object that was illuminated by the
white LEDs. Reconstruction results for the spectral cube were
achieved after using preliminary SVD decomposition, block-
matching and 3D (BM3D) noise filtering [32], followed by
49 SBI-type iterations. The number of singular values used
for the preliminary SVD decomposition was R = 200, and
the SBI Lagrange coefficients were [µ, χ ] = [10, 0.06]. The
SVD decomposition, BM3D noise filtering and each SBI-type
iteration run time took 12, 4.5, and 3.7 s to complete, respec-
tively, on a PC with an Intel i7-7700, 3.60 GHz processor, 64G
RAM and Windows 10 operating system. Figure 7(a) shows
the RGB representation and the dimensions of the reference
spectral cube. The conversion of spectral coordinates to RGB
values was done in accordance with the CIE standard observer
color-matching functions, as detailed in Ref. [31]. Figure 7(b)
shows the experimental snapshot measurements from the proto-
type. Specifically, the RGB camera measurement was captured
in gray scale and was demosaicked in MATLAB to yield a color
image. Figure 7(c) shows selected 7 out of 31 reference and
reconstructed single-wavelength images. Figure 7(d) shows ref-
erence and reconstructed spectra for eight spatial points marked
in Fig. 7(a), with corresponding PSNRi,j and the spectral angle
mapper [33] (SAMi,j) values. The SAM metric calculates the
angle between two spectra of a selected spatial pixel (i, j ),

SAMi, j = cos−1

 ∑L
l=1 Si, j [l ]Ŝ i, j [l ](∑L

l=1S2
i, j [l ]

)1/2(∑L
l=1 Ŝ 2

i, j [l ]
)1/2

 ,
(23)

where Si, j and Ŝi, j are the reference and the reconstructed spec-
tra in the spatial pixel (i, j ), respectively, and L is the number
of bands. Figure 8 shows the PSNRl, RMSEl, and the structural
similar similarity index [34] (SSIMl) values as a function of
wavelength numbered by l subscript, for the reconstructed
single-wavelength images. In order to evaluate the quality of the
reconstruction, we have also calculated the PSNRl, RMSEl, and

SSIMl values for each single-wavelength reference image that
was added by simulation with an additive Gaussian noise with
zero mean and a standard deviation that equals a typical value of
2% of the peak signal of the reference spectral cube.

Figure 9 shows the experimental results for a “peppers” object
that was implemented on a screen of an Apple iPad Air 2 tablet.
Since the iPad screen served as an “illuminative” object, the
peppers object was imaged in the dark (i.e., with the white
LEDs being turned off, as opposed to the reflective vegetables
object). In order to analyze the advantage of the dual-camera
arrangement over the single-camera arrangement [23], an addi-
tional reconstruction configuration was performed in which the
spectral cube was reconstructed solely from the monochromatic
camera with the diffuser. Thus, the system model for the single
camera arrangement was

AM X = Y M,

AM ∈RNx ,s×L Nx ,i ; X ∈RL Nx ,i×Ny ,i ; Y M ∈RNx ,s×Ny ,i , (24)

where AM is the sensing matrix of the monochromatic camera
branch with the diffuser, X is the matrix form of the cascaded
spectral cube, and Y M is the recorded DD monochromatic
image. The flexibility of our model enabled us to use the same
reconstruction algorithm for the two reconstruction scenar-
ios, with only minor modifications to the macroparameters.
Specifically, the experimental results for the dual-camera
arrangement were achieved after using preliminary SVD
decomposition with R = 200 singular values, BM3D noise
filtering, and 73 SBI-type iterations, in which the Lagrange
coefficients were [µ, χ ] = [10, 0.06]. The experimental
results solely from the monochromatic camera with the diffuser
were achieved after using preliminary SVD decomposition
with R = 200 singular values, BM3D noise filtering, and 86
SBI-type iterations, in which the Lagrange coefficients were
[µ, χ ] = [10, 0.12]. The iteration-termination condition in
our reconstruction experiments was based on empirical exami-
nation for best reconstruction performances (in terms of spatial
and spectral errors) within 200 iterations. Future work will
focus on setting a deterministic iteration-termination condition
(e.g., a predefined number of iterations). Similar run times for
the SVD decomposition, BM3D denoising, and each SBI-type
iteration were accomplished for the peppers object (in both
reconstruction modes) as for the vegetables object. Figure 9(a)
shows the RGB representation and the dimensions of the refer-
ence spectral cube. Figure 9(b) shows the experimental snapshot
measurements from the prototype, which were acquired with
an integration time of 10.00 ms. Here also, the RGB camera
measurement was captured in gray scale and was demosaicked
in MATLAB to yield a color image. Clearly, the RGB camera
measurement was only used when using the dual-camera recon-
struction configuration. Figure 9(c) shows selected 7 out of 31
reference and reconstructed single-wavelength images, for both
dual-camera and single-camera reconstruction configurations.
Figure 9(d) shows reference and reconstructed spectra for eight
spatial points marked in Fig. 9(a), for both dual-camera and
single-camera reconstruction configurations, with correspond-
ing PSNRi,j and SAMi,j values. Figure 10 shows the PSNRl,
RMSEl, and SSIMl values as a function of wavelength for the
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Fig. 7. Experimental results for the vegetables photographic LED-illuminated object, which were obtained with the dual-camera SSI prototype.
(a) RGB representation and dimensions of the reference spectral cube; (b) sensors measurements; (c) reference and reconstructed monochromatic
images at selected wavelengths, with reconstructions’ PSNRl and SSIMl values; (d) reference (red) and reconstructed (blue) spectra at selected spatial
positions as marked in the top left reference image, with reconstructions’ PSNRi,j and SAMi,j values.

Fig. 8. PSNRl, RMSEl, and SSIMl values as functions of wavelength for experimentally reconstructed spectral cubes of the vegetables object; blue,
dual-camera configuration; dashed line magenta, theoretical performance, assuming an additive Gaussian noise with zero mean and a standard devia-
tion that equals 2% of the peak signal of the reference spectral cube.
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Fig. 9. Experimental results for the peppers iPad object, which were obtained with the SSI prototype, using dual-camera and single monochro-
matic camera configurations. (a) RGB representation and dimensions of the reference spectral cube; (b) sensors measurements; (c) reference and
reconstructed monochromatic images at selected wavelengths, with reconstructions’ PSNRl and SSIMl values; (d) reference (red) and reconstructed
(blue, dual-camera configuration; dashed black, single monochromatic camera with diffuser configuration) spectra at selected spatial positions as
marked in the top left reference image, with reconstructions’ PSNRi,j/SAMi,j values, respectively.
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Fig. 10. PSNRl, RMSEl, and SSIMl values as functions of wavelength for experimentally reconstructed spectral cubes of the peppers object; blue,
dual-camera configuration; dashed-dotted black, monochromatic camera with diffuser; dashed line magenta, theoretical performance, assuming an
additive Gaussian noise with zero mean and a standard deviation that equals 2% of the peak signal of the reference spectral cube.

reconstructed single-wavelength images for both dual-camera
and single-camera reconstruction configurations.

The reconstruction results of the dual-camera arrangement
exhibit good fitting to most spectra peaks and single-wavelength
images, as well as good visual reconstruction results for most
spectral bands. The comparison between the two arrange-
ments for the peppers object indicates that the dual-camera
arrangement outperforms the single monochromatic camera
with the diffuser arrangement in terms of spatial and spectral
reconstruction quality of the spectral cube. Specifically, the
single-wavelength images reconstructed using the dual-camera
arrangement has lower spatial distortions, and consequently,
higher PSNRl and SSIMl values compared with the single-
camera arrangement for the vast majority of the L = 31 bands
in the entire 400–700 nm spectral region of interest. Similar
observation is obtained also for the spectral reconstruction,
in which the reconstructed spectra using the dual-camera
arrangement fits better to the reference spectra compared with
the single-camera arrangement. The reconstruction quality of
the peppers object from the dual-camera arrangement is also
prominent when comparing it with the corresponding recon-
struction results that were reported in Ref. [23]. Specifically, the
reconstructed spectra from the dual camera fits better with the
reference spectra with significantly less alternation distortions
over the spectral domain. The latter is attributed not only to
the additional information from the RGB camera, but also
to the SVD pre-step and framelet–wavelet transforms, which
assists in regularizing the mathematical model and exploit-
ing the sparsity along the spatial and spectral domains. The
improved calibration scheme of the sensing matrix also has an
important role in the reconstruction quality. Specifically, former
PSF measurements were done by projecting a thin white line
from the iPad screen, which yielded weaker SNR in remote
parts of the spectrum. Our current PSF measurements scheme,
which includes a halogen lamp, a set of narrow BPFs, and a
binary chrome mask with a single thin line provides better SNR
properties. However, the reconstrution run time using the dual
camera arrangement is longer: first, the SVD pre-step included
in the dual-camera scheme was not included in our previous
publication [23]. Second, it took 73 SBI-type iterations to
obtain the reconstructed spectral cube of the peppers using the
dual-camera arrangement, while in Ref. [23] it took 20 SBI-type
iterations. We note also that in Ref. [23], the dimensions of the
spectral cube were 256× 256× 33 in the 400–720 nm spectral

interval, whereas now the dimensions are 256× 256× 31 in
the 400–700 nm spectral interval. Despite the different dimen-
sions of the matrices in the CS model, negligible differences in
the time duration of each SBI-type iteration were obtained.

While the additional RGB camera lessens the distortions in
the reconstructed spectra and the single-wavelength images,
the remaining distortions are attributed to optical calibration
mismatches, sensitivity to noise, suboptimal design of the dif-
fuser, and overfitting to the optical response of the RGB camera.
For example, spectral reconstruction at spatial locations with
sharp peaks around the short wavelengths exhibits relatively
larger errors (e.g., point #2 of the vegetables object and points
#7 and #8 of the peppers object). These are attributed to the
strong spectral peak around 440–450 nm, which originates
both from the illuminating LED light source and the blue LEDs
of the iPad display. These sharp peaks are more challenging to
recover because the reconstruction algorithm assumes sparsity
(i.e., smoothness) along the spectral domain. Larger errors for
the single-wavelength image reconstructions for the long wave-
lengths are also obtained. These are explained by the weaker
intensity of the white LED illuminator and iPad screen sources
around 670–700 nm. We also point out some differences
between the vegetables and peppers objects’ reconstruction
quality. Specifically, higher PSNRl values (lower RMSEl val-
ues) and higher SSIMl values were obtained for most spectral
channels of the peppers object. We attribute this difference to
the number of spatial features in each image. Specifically, the
vegetables object has richer features (especially along the hori-
zontal axis), which might be more challenging to recover using
our sparsity-based reconstruction algorithm. As a result, the
peppers reconstruction is closer to the theoretical conditions,
which assume 2% additive Gaussian noise—and even generally
better when considering the SSIMl metric.

The differences in the experimental conditions between the
two objects might also contribute to the difference between
the reconstruction qualities. Specifically, the side-illuminated
vegetables object is prone to ambient light, which is harder to
eliminate compared with the iPad-projected peppers object.
This might enlarge the discrepancies between the system
model described in Eq. (5) and the actual sensor measurement.
Nevertheless, the dual-camera experiment with the reflec-
tive vegetables object achieves better spectral reconstruction
results compared with the single-camera experiment with the
iPad-projected peppers object. This further emphasizes the
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importance of the additional RGB camera to the reconstruction
quality.

8. DISCUSSION AND CONCLUSIONS

We showed experimentally the feasibility of SSI with a dual-
camera system that consists of two regular digital cameras and
a phase-only static diffuser. The investigated dual-camera
arrangement is an expansion of the previously reported SSI
system, which consists of a single monochromatic camera with
a diffuser that was fabricated in a standard photolithography
process [23]. The additional regular RGB camera, which is
placed side-by-side with the monochromatic camera with the
diffuser, provides precise spatial and improved spectral informa-
tion about the scene. The data from both cameras are integrated
to the mathematical model of the optical system, which enables
the reconstruction of the spectral cube using CS algorithms. A
comparison between the experimental reconstruction qualities
of the single- and dual-camera arrangements confirms that the
latter achieves better performance in terms of spatial and spec-
tral reconstruction quality in similar computational run times.
A comparison between current and previously reported results
in Ref. [23] indicates that our new dual-camera arrangement,
updated reconstruction algorithm, and modified calibration
scheme contribute to the subtraction of signal distortions both
in spectral and spatial domains, but with some increase in data-
processing time. Although being tested solely for a single scene,
the dual-camera arrangement is expected to be more advanta-
geous over the single-camera arrangement for a wide variety of
scenes of different sizes, spatial and spectral complexity, and
signal-to-noise conditions. Indeed, Wang et al. has shown that
a dual-camera CASSI architecture provides better numerical
conditions for the reconstruction of the spectral cube using CS
algorithms [17], particularly with a complementary RGB cam-
era [19]. A theoretical numerical evaluation for our dual-camera
architecture is not within the scope of this paper. As side advan-
tages of the dual-camera arrangement, the RGB camera provides
an additional image of the scene, while the monochromatic
camera with the diffuser keeps high light throughput.

In our new SSI dual-camera arrangement, the reconstruc-
tion algorithm was substantially improved by integration with
an SVD decomposition pre-step and the framelet–wavelet
transform. These tools further contribute to the reconstruction
quality by setting a more regularized mathematical model and
by exploiting the sparsity property along both 2D spatial and
1D spectral dimensions of the spectral cube.

Our dual-camera SSI arrangement shares similar aspects
with the hybrid camera system [9,10] and especially with the
dual-camera CASSI [17–21] in the integration of a secondary
camera, which relaxes the complexity of the reconstruction
problem. It differs, however, by having a simpler and more
compact layout, thanks to the small total track of the monochro-
matic camera branch with the diffuser and getting rid of the
image relay branch. The latter also enables us to gain more opti-
cal throughput with respect to the CASSI and the hybrid camera
system, as well as lower expected manufacturing costs. In terms
of capabilities, both the dual-camera CASSI and our suggested
system operate in the visible spectrum region. However, Wang
et al. reported about experimental spectral cube reconstructions

in the 450–650 nm range with 26 spectral channels, while we
report about experimental spectral cubes reconstruction which
cover the 400–700 nm range with 31 spectral channels. In the
hybrid camera system [9,10], the maximal spatial resolution
is 1024× 768, which is determined by the RGB camera. The
maximal spectral range is 400–1000 nm, while the spectral
sampling resolution is determined by the spectral camera branch
architecture. A direct comparison between reconstruction qual-
ities of the two systems is harder to provide due to the different
experimental arrangements.

The results of this work may lead to applications of snapshot
spectral imagers in a variety of fields, such as biology, agriculture,
food inspection, medical diagnostics, video cameras, and remote
sensing. Our suggested architecture might be highly useful in
cases where light throughput, acquisition time, size, and cost are
cardinal.
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