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ABSTRACT
Colour RGB imaging with high throughput was achieved by a monochromatic digital camera with a
dispersive diffuser at its pupil. An acquired snapshotmonochromatic imagewas converted to colour
coordinates through spectra, by resorting to digital processing with a compressed sensing-based
algorithm of spectral imaging. Results of optical evaluation and calibration of an optical system and
colour imaging experiments are reported.
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1. Introduction

Existing red–green–blue (RGB) imaging and photo-
graphic methods are based on an additive colour model
of machine representation of three primary colours
from spectral data in the visible range. A straightfor-
ward approach for the electro-optical implementation of
colour vision is based on time-sequential colour filtering
that resorts either to a set of mechanically exchange-
able colour filters (1–4) or to an electronically tuneable
colour filter, e.g. a liquid crystal filter (5) or Fabry–Perot
interferometer (6). However, time-sequential colour fil-
tering is not applicable to single snapshot photography of
dynamic fast changing objects. Furthermore, each of the
three RGB colour filters transmits about one-third of the
incident light flux, while the other two-thirds of light are
absorbed, causing substantial light flux losses. The widely
used Bayer RGB colour filter array (CFA) (7) includes a
spatial pattern of a periodically repeating pattern of one
red, two green and one blue filters facing pixels at the
image sensor, as shown in Figure 1(a). The Bayer CFA
enables snapshot digital colour imaging, but leads to res-
olution loss and inherits the substantial light flux losses
of time-sequential colour filters. While resolution loss in
redundant optical images is customarily compensated by
an interpolation process called ‘demosaicing’, the lower
than 40% light throughput remains an intrinsic disadvan-
tage of the RGB CFA. The white-RGB (WRGB) CFA (8),
in which one of the green filters in the Bayer pattern is
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replaced with a ‘white’ (transparent or ‘monochromatic’)
one, as shown in Figure 1(b), increases light through-
put only up to 50%. Furthermore, colour reconstruction
in WRGB is sensitive to noise. Some improvement in
light throughput can be achieved by resorting to a limited
number of RGB pixels at a sparse set of locations on the
image sensor with mostly ‘white’ pixels (9), albeit at the
expense of colour rendering quality reduction between
the sparse RGB pixels. In an alternative approach with a
Foveon array (10), each pixel of the image sensor con-
sists of 3 stacked layers of photodetectors, where the
top layer is sensitive to blue light, the middle layer is
sensitive to green light and the bottom layer is sensi-
tive to red light. While delivering the snapshot mode at
full spatial resolution, the Foveon array still suffers from
unacceptable losses in light flux at the layers of the image
sensor. Another off-the-shelf architecture for RGB imag-
ing which does not include a Bayer CFA is suggested by
JAI’s Apex series (11), by performing separate imaging to
each colour band using prisms, dichroic filters and mul-
tiple sensors. This architecture suggests improved spatial
resolution and shows less optical losses compared to a
conventional Bayer CFA; however, it includes a quite
complicated optical layout.

The quest for an ultimate increase in light through-
put led us to the idea of removing all absorbing colour
filters and rely on a ‘monochromatic’ image sensor that
senses the entire light spectrum at each ‘white’ spatial
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Figure 1. (a) Bayer RGBpattern; (b)WRGBpattern; (c) ‘monochro-
matic’ sensor pattern, without colour filters.

pixel. We note that colour components can be routinely
computed from the full spectrum at each spatial pixel of
the image. Past studies report on ‘spectral imaging’ (SI)
(12–17), ’snapshot spectral imaging’ (SSI) (18–22) and
Compressive Sensing (CS) (23–28) for the instantaneous
(in a single ‘shot’) acquisition of the spectral cube with
spatial and spectral data of the object. Recently, several
studies have addressed the problem of high-throughput
multispectral and colour imaging using a phase element
and image reconstruction algorithms. In (29) Wang and
Menon present a method for colour imaging (and poten-
tially also spectral imaging) using a transparent diffrac-
tive filter array (DFA) which is close to the sensor plane.
The suggested system does not include an imaging lens,
and the object is placed as close as possible to the DFA.
In (30), Wang and Menon generalize the concept pre-
sented in (29) by adding an imaging lens in front of the
DFA. The lens enabled to increase the field of view and
resolution of the reconstructed image, as well as enrich
spectral imaging capabilities. In both cases, character-
ization of the system’s point spread function (PSF) is
used to reconstruct the optical flux from the coded sen-
sor measurement. A similar concept is presented in (31),
where a method for multispectral and colour imaging
using an optical diffuser and without an imaging lens is
presented. Here, the diffuser creates a random speckle
pattern, which is characterized and used for RGB image
recovery using deconvolution.

The system suggested in this paper performs high
optical throughput colour imaging, using a pupil-
domain, phase-only optical diffuser and a monochro-
matic sensor. This approach has the potential to cover
a larger field of view with respect to lens-less architec-
tures (29, 31). In addition, our method does not involve
the assembly of any optical element in proximity of the
monochromatic sensor like in (29, 30), thus enabling eas-
ier alignment and assembly procedures. Computational
spectral-wise colour imaging is performed with the aid
of a regular ‘monochromatic’ image sensor (without any
colour filters) and without colour filters of any kind in
the optical path between an imaged object and the image
sensor. Our method resorts to an intermediate stage of
snapshot spectral imaging followed by digital computing

of colour coordinates or tri-stimulus values from the
spectral cube. Section 2 describes a design of the optical
imaging system that forms a diffused and dispersed (DD)
image instead of a sharply focused image on the image
sensor, to enable well posed computational reconstruc-
tion of the colour components through the full spectrum
at each spatial pixel. To achieve this, we installed a spe-
cially tailored optically transparent dispersive phase-only
static diffuser (or simply ‘diffuser’) at the entrance pupil
of the imaging lens.We note that this paper is a continua-
tion for thework (27) which proposed a snapshot spectral
imaging method for reconstruction of both spatial and
entire spectral data of the scene using CS algorithms, in
the visible range of wavelength spectrum. In particular,
Golub et al. (27) discussed themathematical model of the
diffuser and provided the transition between the contin-
uous optical model and the discrete mathematical model
of the optical system. In this paper, we put an emphasis
on RGB imaging rather than on acquiring entire spec-
tra. We report higher quality RGB image reconstruction
based on an improved optical calibration procedure and
adaptation of the CS reconstruction algorithms for the
purpose of RGB imaging. Section 3 describes the proce-
dure for optical evaluation and calibration of the spectral-
based colour imaging optical system, to define its ‘sens-
ing’matrix for spatial and spectral image data. Section 4 is
dedicated to tailored CS algorithms for digital processing
of the DD image recorded on the monochromatic image
sensor, to reconstruct the full spectral cube and colour
components of the image. Section 5 describes optical
experiments for spectral-based colour imaging based on
ourmethod. Section 6 reports on experimental investiga-
tion for power losses in our method in comparison with
a regular Bayer RGBCFA camera. Section 7 provides dis-
cussion of results, conclusions and milestones for future
research in the field.

2. Model of the optical systemwith a
monochromatic sensor and diffuser

A schematic layout of the spectral-based colour imaging
system with a monochromatic image sensor is shown in
Figure 2. The colour image is obtained through an inter-
mediate stage of snapshot spectral imaging described in
(27). In more detail, the system in Figure 2 includes an
imaging lens, a wide bandpass spectral filter, the trans-
missive phase-only diffuser at the ‘pupil domain’, i.e. at
the entrance pupil or at the system aperture of the imag-
ing lens, a monochromatic image sensor and a digital
processor with blocks for spectral cube reconstruction
and conversion to colour data. The stages of the spectral-
based colour imaging in our research are as follows:
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• Execute optical calibration to find the sensing
matrix of the transformation of the objects’ spec-
tral cube to the DD image.

• Optically create a single DD image on the
monochromatic image sensor.

• Digitally reconstruct the spectral cube of the
object from the DD image, using iterative CS-
based algorithms (27) for SSI.

• Digitally convert the reconstructed spectral cube
into RGB components.

This section presents a set of mathematical equations
based on (27) and adapted to current notations. First,
Equation (1) describes the complex pupil function of
the optical system with the diffuser. Equations (2)–(4)
describe the calculation of the PSF and the continu-
ous convolution integral as the monochromatic response
of the optical system comprising the diffuser. Spa-
tial and spectral sampling are presented in Equations
(5)–(8). Formation of a polychromatic DD image on the
monochromatic image sensor is described by Equation
(9). The latter enables the matrix formulation of Equa-
tions (10)–(12) in terms of the sensing matrix model of
the optical system.

In the diffuser design, we resorted to a combination of
approaches that are customary in CS theory and classical
spectroscopy. Specifically, for successful deconvolution,
modern CS theory requires a highly randomized sys-
tem response with a tailored image blur, whereas classical
spectroscopic systems comprise a dispersive optical ele-
ment like a prism or a diffraction grating. Our single
tailored phase diffuser provides wavelength-dependent
light diffusion for randomization and serves also as an
inherent disperser (27). For characterization of the dif-
fuser, we use Cartesian coordinates u′, v′ at the exit pupil,
which has aperture dimensions Du′ × Dv′ . Even though
the diffuser is located at the entrance pupil of the imag-
ing lens, we resort here to the exit pupil coordinates
u′, v′, because other pupil-domain coordinates may be

brought to u′, v′ by scaling with the pupil magnification
coefficients. Specifically, the diffuser was designed as a
set of phase diffractive grooves (27) to provide a one-
dimensional (1D) random phase function ϕ(u′; λdes) at a
design wavelength λdes, as shown in an inset in Figure 2.
At an arbitrary wavelength, the diffuser exhibits chro-
matic dispersion and provides a wavelength-dependent
pupil function (27)

P(u′; λ) = exp
[
iϕ(u′; λdes)

λdes

λ

n(λ) − 1
n(λdes) − 1

]
, (1)

within |u′| ≤ 0.5 ∗ Du′ , |v′| ≤ 0.5 ∗ Dv′ , where exp[·]
denotes the natural exponential function, i denotes the
unit imaginary number and n(λ) is the refractive index
of a transparent material of the diffuser grooves for the
wavelength λ. We assumed that before the introduction
of the 1D diffuser, optical resolution of the spatially shift
invariant imaging system was matched to the pixel pitch
of the image sensor. Accordingly, the coherent PSF of the
entire imaging system can be calculated as the PSF of the
diffuser, i.e. as the inverse Fourier transform of the pupil
function, which can be reduced in our case to the 1D
version

h(x′; λ) =
∫ 0.5∗Du′

−0.5∗Du′
P(λRνu′ ; λ) exp(i2πνu′x′)dνu′ , (2)

where x′ is the horizontal coordinate on the image plane,
νu′ = u′/λR and R is the distance from the centre of
the exit pupil to the centre of the image sensor. The
intensity I′(x′, y; λ) contributing to the DD image and
calculated separately at single wavelength λ at each verti-
cal coordinate y of the object may be expressed by just a
1D convolution along the horizontal coordinate x of the
object

I′(x′, y; λ) =
∫

hI(x′ − x;λ)I(x, y; λ)dx, (3)

Figure 2. Colour imaging system with monochromatic image sensor, a pupil-domain diffuser and a digital processor for compressed
sensing image reconstruction.
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Figure 3. Transformation of the spectral cube to the DD image. A is the sensing matrix directly related to the PSF.

of the ideal (’non-dispersed’) image I(x, y ; λ) (i.e. the
object in scale of the image) with the incoherent PSF

hI(x′; λ) = |h(x′; λ)|2, (4)

where | · | denotes the complex absolute value. Math-
ematical formulations for the digital image processing
obviously require a transfer from continuous coordi-
nates and wavelengths to discrete indices of vectors and
matrices. Figure 3 shows the mathematical matrix model
for the transformation of the spectral cube to the DD
image. To define spatial sampling, we consider the dis-
crete pixelated structure of the image sensor, which is
characterized, along x and y axes, by a two-dimensional
(2D) spatial pitch δx × δy, a numberNx,Ny of pixels, and
a number Nb of bits per pixel. The imaging zoom has
to match the extension of a blur that is caused by the
PSF of the diffuser, such that the entire DD image stays
within the aperture of the image sensor, i.e. within Nx
pixels in each row and Ny pixels in each column. The
‘non-diffused-non-dispersed’ image obtained without a
diffuser at same zoom is less spread, and occupies accord-
ingly only a smaller number N < Nx of pixels located in
the central part of each image sensor row, with margins
ic = (Nx − N)/2 on both sides. In the wavelength direc-
tion, the spectral cube is also sampled to a finite number
L of spectral bands with central wavelengths λl, l = 1, L.
Throughout this paper, we use the notation m = 1,M
to specify that the value of m may be any natural num-
ber between 1 and M. The discrete version of the spec-
tral cube voxels I(j)i,l = I(xi+ic , yj; λl), can be expressed as
NL × Ny matrix

I = (I(j)i,l , i = 1,N, j = 1,Ny, l = 1, L), (5)

with concatenated spectral and x – spatial dimensions, as
shown in Figure 3. In particular, the indices i, j refer to

a column and row pixels coordinates, respectively, in the
‘non-diffused-non-dispersed’ image on the sensor plane,
and the index l refers to the wavelength index.

The discrete versions of I′(x′, y; λ) andPSFhI(x′ − x;λ)

are

I′(j)i′,l = I′(xi′ , yj; λl)δx, (6)

hi′−i,l = hI(xi′ − xi+ic ; λl)

= hI[(i′ − i − ic)δx − xi+ic ; λl], (7)

where λl refers to the wavelength of index l and i′ refers to
a column pixel coordinate in the ‘diffused and dispersed’
image on the sensor plane. Now the continuous 1D con-
volution in Equation (3) can be approximated by a dis-
crete 1D aperiodic convolution applied separately to each
of the Ny image rows j = 1,Ny, and single wavelength
band l

I′(j)i′,l =
N∑
i=1

hi′−i,lI
(j)
i,l . (8)

The contribution of the entire set of the wavelengths
bands l = 1, L to pixels of the DD image and can be
expressed as a weighted sum of the intensities of I′(j)i′,l ,
applied through all the wavelength bands

I′(j)i′ =
L∑
l=1

κlI′i′,l(j) =
L∑
l=1

N∑
i=1

Ai′,i,lI
(j)
i,l , Ai′,i,l = κlhi′−i,l,

(9)

where
∑L

l=1 · and ∑N
i=1 · denote the sum operators over

wavelength and pixel column coordinates, respectively,
the non-negative numbers κl characterize the overall rel-
ative spectral sensitivity of the image sensor and the opti-
cal transmission of the optical components of the system
for the wavelength λl. Note thatAi′,i,l provide elements of
the sensing matrix and, in our model, do not depend on
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index j = 1,Ny. Therefore, rows of the object are imaged
independently of each other, in match with Equations (3)
and (8). Accordingly, each row of the DD image is in
one-to-one correspondence with a respective row of the
spectral cube. For further data processing, Equation (9)
can be expressed in the matrix form

AI = I′, (10)

where I is theN L × Ny matrix form of the spectral cube,

I′ = [I′(j)i′ , i′ = 1,Nx, j = 1,Ny], (11)

is the Nx × Ny matrix representing the DD image, and

A = (Ai′,i,l, i′ = 1,Nx,i = 1,N,l = 1, L), (12)

is Nx × NL block Toeplitz ‘sensing’ matrix, as shown in
Figure 3. Note that A has fewer rows than columns and
operates on the spectral cube to form the DD image.

3. Determination of the sensingmatrix by
system evaluation and calibration

The sensing matrix A can be directly accessed by sys-
tem evaluation and calibration procedures, e.g. by direct
PSFmeasurements. This section describes the spatial and
spectral calibration procedures that further develop and
improve results of (27). In the system shown in Figure 2,

we used an iPad screen as an object in some of the cal-
ibration measurements, and in addition, a set of L = 33
narrow bandpass spectral filters with 10 nm full-width at
half maximum (FWHM) by Thorlabs that covered the
400–720 nmwavelength range in equal gaps of 10 nm.We
also used a commercial OceanOptics USB4000-VIS-NIR
calibrated spectrometer.

To prepare for spectral calibration measurements, we
considered the nominal spectral transmittance of the
narrow 10 nm FWHM bandpass filters, as shown in
Figure 4(a), and also ameasured one, which was accessed
with the spectrometer whose fibre input port was placed
first before and then after the bandpass filters. We also
averaged the spectral transmittance to an array [Ml, l =
1, L] with the 10 nm resolution, as shown in Figure 4(b).
The nominal and measured arrays are in a pretty good
match, except for the 430 and 510 nm bands which
are related to some degradation in the quality of these
filters over time. At this stage, we neglected spectral
cross-talk caused by spectral overlaps between bandpass
filters.

To characterize the relative spectral sensitivity κl of
the optical system in each wavelength band l = 1, L, we
resorted to a spatially uniform white patch object on
the iPad screen and measured the image spectrum in
two ways: first with the spectrometer whose fibre input
port was placed after the bandpass filter, and then by
sensing the image in the optical system of Figure 2,

Figure 4. The spectral data for the narrow band-pass filters: (a) nominal spectral transmittance as function of the wavelength, for every
filter; (b) averaged within 10 nmwavelength bands transmittance, the left bar– nominal and the right bar – measured.
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specifically without the diffuser but with sequentially
installed narrow bandpass filters. The pixels within the
image of the white patch were spatially averaged for noise
reduction. The data from the spectrometer was spec-
trally averaged down to the 10 nm resolution. Then, the
relative spectral sensitivity of the optical system κl that
participates in Equation (9) was calculated by dividing
the data of the image pixels with the data from the spec-
trometer. At 400, 410, 710 and 720 nm wavelength bands
we noticed low SNR due to low spectral power of the
iPad screen and used nominal values instead ofmeasured
ones.

In the calibration measurements for the monochro-
matic 1D PSF with a horizontally diffusing 1D diffuser,
we displayed a narrow 4-pixels thick white vertical line
on the iPad. Then, we imaged it to the image sensor in
the dark through sequentially exchanged narrow band-
pass filters, which correspond to Lwavelength bands. We
should note that the white line’s width corresponded to a
geometrical image width of approximately 2 pixels with-
out a diffuser. Thinner line would have been preferred;
however, the chosenwidthwas theminimal to obtain rea-
sonable SNR for the PSFmeasurements with the diffuser.
Themeasured 1DPSF at different vertical locations of the
field of view was provided in this arrangement directly
by rows of the image sensor data. The integration time of
the image sensor in the PSF measurements varied from
one to otherwavelength tomatch effects of chromatic dis-
persion, variations in the spectrum of the vertical white
line, the spectral transmittance of the narrow bandpass
filters, quantum efficiency of the image sensor, and the
overall spectral sensitivity of the optical system. While
the chromatic dispersion, quantum efficiency of the sen-
sor and the spectral sensitivity of the optical system
should be embodied in the sensing matrix, the other fac-
tors should be compensated. Accordingly, we developed
and used the following spectral correction scheme in the
PSF measurements, for pixels received from the image
sensor:

(1) Acquire monochromatic image sensor data from
the vertical line object through the lth spectral
filter.

(2) Divide the measured pixels values by the inte-
gration time at the wavelength band l, relative to
minimum integration time.

(3) Divide the measured pixel values by the corre-
sponding spectrum of the white line object, as
obtained by spectrometer before the bandpass
filters and downscaled to 10 nm resolution.

(4) Divide the measured pixel values at each wave-
length band by the corresponding bandpass fil-
ter’s transmittanceMl.

Finally, after the calibration procedure, we get the
sensing matrix elements Ai′,i,l in accordance to
Equation (9).

4. Reconstruction of colour data from the
monochromatic DD image

For reconstruction of colour coordinates from the DD
image, we first reconstructed a spectral cube (27) and
then converted from the spectrum at each spatial pixel to
the RGB colour coordinates at same pixel, by well-known
equations of the CIE 1931 standard (32).

This section presents a set of mathematical equations
as follows. Equations (13) and (14) provide the typical CS
merit function for the numerical quality of the spectral
cube reconstruction; its iterative process is described in
Equation (15). Finally, Equations (16) and (17) describe
conversion from spectral cube to RGB data of the object,
whereas Equations (18)–(20) describe the figure of merit
for the reconstruction quality.

The model expressed by Equation (10) shows that
the recorded DD image I′ includes a linear mixture of
spectral and spatial data of the entire spectral cube I,
as described by sensing matrix A. The number Ny ×
Nx of equations for I′ in Equation (10) is less than
the number of unknown variables Ny × NL in I. The
CS problem consists of the reconstruction of matrix I
in such a way that Equation (10) with a given matrix
I′ becomes satisfied with some accuracy. Even though
the reconstruction problem seems to be ill-posed and
may have an infinite number of solutions, the CS the-
ory (23, 33) resorts to the sparse nature of the 2D dig-
ital images to find a sensible solution. The mathemati-
cal relation between the spectral cube matrix I and its
respective sparse representation d can be represented as
a linear transform d = DI or inverse transform I = �d,
with a ‘sparsifying’ matrix D , which we implemented as
wavelet-framelet transforms (24). Sparsity of an image
in the wavelet-frame domain means that d has relatively
small number K of nonzero frame coefficients. The CS
theory (23) states that the K-sparse sensible solution d
(and consequently I) can be reconstructed for a spe-
cial class of K-sparse matrices � = A� that satisfy a
restricted isometry property (RIP) of respective order K
(23, 27).

In CS-based reconstruction of sparse representation d
of spectral cube matrix I fromDD image I′, we look for a
solution of Equation (10) that ismaximally sparse. Specif-
ically, we resorted to the minimization of a functional

||d||l1 + μ

2
||A I − I′||2l2 + χ

2
||d − DI||2l2 , (13)
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where μ and χ are Lagrange weight coefficients and the
l1 and l2 norms are defined as

||d||l1 =
∑
i,j

|di,j|, ||d||l2 =
√∑

i,j
|di,j|

2
. (14)

The solution of the minimization problem (Equation
(13)) was found by a closed loop of non-adaptive linear
projections in the following split Bregman iterative (SBI)
process (27, 33–36):⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

Im+1 = (μA∗A + χE)−1[μA∗(−cm)

+χD∗(dm − bm)]
dm+1 = shrink(DIm+1 + bm,χ−1)

bm+1 = bm + δb(DIm+1 − dm+1)

cm+1 = cm + δc(Am+1 − I′)

, (15)

where m is the number of the iteration, bm and cm are
intermediate vectors in the execution of the iterations,
A∗ denotes a transposed matrixA, δb = 1 and δc = 1 are
weight parameters, E is a unit diagonal matrix and the
shrink function shrink(x, γ ) = sgn(x)max(|x| − γ , 0)
for a threshold γ is applied to each vector component.
Here, sgn(x) is the sign operator, i.e. it equals to +1 if
x is positive or it equals to −1 if x is strictly negative,
and max(|x| − γ , 0) returns the maximal value between
|x| − γ and 0. After completion of the iterations (27), we
obtain the reconstructed spectral cube I, with voxels I(j)i,l
arranged as a set of vectors with spectral data for every
spatial pixel.

In order to transfer from the reconstructed spectral
cube I of dimensions Ny × N × L to the required RGB
representation of size Ny × N × 3, the following proce-
dures (37) were applied. We calculated the XYZ colour
coordinates at each spatial pixel i, j, i = 1,N, j = 1,Ny by
resorting to the CIE 1931 XYZ standard observer colour
coordinates definition (32), which can be expressed in
our notations as

X(j)
i =

L∑
l=1

I(j)i,l x̄(λl)

Y(j)
i =

L∑
l=1

I(j)i,l ȳ(λl).

Z(j)
i =

L∑
l=1

I(j)i,l z̄(λl) (16)

Here x̄(λ), ȳ(λ), z̄(λ) are the CIE’s colour matching
functions that provide the numerical description of the
chromatic response of the standard observer versus
wavelength λ of the light (32). Then we scaled XYZ
coordinates in Equation (16) to the interval [0,1], by

clipping negative values to 0 and normalizing by themax-
imal XYZ coordinate value. Subsequent linear conversion
fromXYZ to standardRGB colour pixel componentsC(j)

i,c ,
denoted with index c = R,G or B was implemented by
multiplication over the following constant matrix (38):

⎡
⎢⎣C(j)

i,R
C(j)
i,G

C(j)
i,B

⎤
⎥⎦ =

⎡
⎣ 3.2406 −1.5372 −0.4986

−0.9689 1.8758 0.0415
0.0557 −0.2040 1.0570

⎤
⎦

⎡
⎢⎣X(j)

i
Y(j)
i

Z(j)
i

⎤
⎥⎦ ,

(17)
with subsequent scaling of the C(j)

i,c to the interval
[0,1] by clipping their negative values to 0 and val-
ues greater than 1 values to 1. We also increased the
brightness of the images by multiplying the RGB val-
ues by a coefficient s > 1. Finally, the reconstructed
RGB image comprises Ny × N × 3 RGB components
C = (C(j)

i,c , i = 1,N, j = 1,Ny, c = R,G,B).
In order to evaluate the quality and errors in the

reconstructed RGB image C, we compared it to a ref-
erence RGB image C̄ of size Ny × N × 3, whose spec-
tral cube was measured directly with the set of narrow
bandpass filters for each of the L wavelengths in the
400–720 nm range. As the reconstructed and the ref-
erence RGB images do not necessarily share the same
dynamic range, we normalized each of the data arrays C,
C̄ to its maximal values

C̄max = max
i,j,c

C̄(j)
i,c ,Cmax = max

i,j,c
C(j)
i,c , (18)

where i, jdenotes the spatial pixel and c = R,G orB. Then
we expressed the normalized root-mean-square errors
(RMSE) of the full RGB image as

RMSE =
⎧⎨
⎩ 1
3NNy

N∑
i=1

Ny∑
j=1

3∑
c=1

[C(j)
i,c /Cmax − C̄(j)

i,c /C̄max]
2

⎫⎬
⎭

0.5

,

(19)
and calculated the peak signal-to-noise ratio (PSNR) as

PSNR = −20log10(RMSE). (20)

For analysis of the separate R, G and B image compo-
nents we also defined similar quantities C̄max,c, Cmax,c,
RMSEc and PSNRc, where c = R,G,B, by obvious mod-
ification of Equations (18), (19) and (20) in removing
maximization and averaging with respect to index c. For
even more detailed analysis for the spatial distribution of
the RGB image errors, we defined further similar quan-
tities C̄(j)

max,i,C
(j)
max,i, RMSEj,i and PSNRj,i per spatial pixel,

by obvious modification of Equations (18), (19) and (20)
in removing maximization and averaging with respect to
indicesi, j.
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5. Results of optical experiment for colour
imaging withmonochromatic sensor

The concept of our CS-based colour imaging camera was
proven in an optical experiment based on the optical
arrangement in Figure 2. The hardware included object
generator as an iPad screenmounted on the optical bench
at a fixed distance of 88 cm in front of the imaging lens, a
5M pixelNb = 12-bit monochromatic image sensor with
Aptina Demo kit (39), a DSL935 Sunex imaging lens, and
a wide bandpass spectral filter that is transmitting main
region of the 400–700 nm visible range and constructed
of Thorlabs’ FELH0400 long pass filter cascaded with
FESH0700 short pass filter. Specifically, the wide band-
pass filter yields a nominal spectral transmittance of at
least 91% in most of this range while blocking unwanted
light from other regions of the spectrum (i.e. ultra-violet
and infrared light), which is not modelled by the sensing
matrix but might be detected by the sensor if the wide
bandpass filter would be absent. The image sensor had
a pixel pitch δx = δy = 2.20μm and 2592× 1944 pix-
els that was enough to include the spread introduced by
the diffuser. Even though our generic hardware and soft-
ware enabled large dimensions, for proof of the concept
we actually reconstructed the spectral cube with dimen-
sions Ny × N × L = 256 × 256 × 33 pixels. Front (near
first lens surface) position of the 3.2mm entrance pupil
of DSL935 Sunex imaging lens with numerical aperture
(NA) of 0.17 enabled proper placing of the diffuser at
the pupil. The reference spectralmeasurements were exe-
cuted with the OceanOptics USB4000 spectrometer. The

Figure 5. Integration of the PSF data into the sensing matrix A.

1D diffuser with 3.2mm clear aperture and 400 stripes of
8 μm width was fabricated at our Nano-centre facilities
with a standard 16-depth level binary staircase technol-
ogy on a 0.5mm thick, double-side polished fused silica
substrate. A special Aluminiumholder was used to attach
diffusers to the lens housing and conveniently exchange
them.

For calibrationmeasurements of the PSF and the sens-
ing matrix following procedure of Section 3, we resorted
to the filter wheels with the set of L = 33 narrow band-
pass spectral filters (Thorlabs FB-XX0-10 Series). The
image sensor’s integration timewas adjusted at each spec-
tral band to keep the peak intensity below 90% of the
saturation level. We then subtracted the dark image from
measurements and averaged the results for several x, y
positions to yield the PSF at each spectral band as a
pixel row of the image sensor. The normalized PSF was
then centred, padded with zeroes and integrated into the
block Toeplitz sensingmatrixA, as explained in Figure 5.
Figure 6 shows the optically measured sensing matrix,
consisting of 33 blocks, each matching one wavelength
band.

To have firm references for quality evaluation of theCS
reconstructed RGB image in our experiments, we con-
ducted direct measurements of the spectral cube for a
set of test objects ‘Mandrill’, ‘Colour checker’ and ‘Pep-
pers’, and converted spectral cubes to RGB images. The
spectral cube of each test object was directly acquired
by imaging, without the diffuser, through a sequentially
changed set of L narrow band-pass filters. At each wave-
length band l and spatial coordinate j, i, we applied the
spectral correction of themeasured spectrumby dividing
its pixels over narrow bandpass filter’s transmittance Ml
and the spectral sensitivity value κl of the optical system.
For a comparison of our spectral-based colour imaging
method with regular RGB imaging, we directly acquired
RGB images in PNG format by a conventional 5M pixel
RGB camera (39) with Bayer CFA. To keep consistency,
we used the same Sunex DSL935 imaging lens and placed
the wide bandpass filter for the visible range in front of it,
as was used for the DD image.

Figure 6. Sensingmatrix A, built on the base of the calibration measurements. The matrix elements are normalized in the range of [0,1]
and are encoded in pseudo-colour in the range of [0,0.1] for display.
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Figure 7. Object ‘Mandrill’: (a) as displayed on the iPad; (b) directly acquired by the regular RGB sensor; (c) reference calculated from
spectral cube measurements with spectral filters; (d)–(f ) CS-SSI reconstructed RGB images; (g) DD image.

Figure 8. The R, G and B values for the ‘Mandrill’ at eight sampled spatial locations of Figure 7(c). Blue – reference, red – CS-SSI
reconstructed.
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Figure 9. Separated R, G and B images of the ‘Mandrill’ object: (a) reference, calculated from spectral cube measurements with spectral
filters; (b) CS-SSI reconstructed after five SBI applied to DD image.

Figure 10. Object ‘Colour Checker’: (a) as displayed on the iPad; (b) directly acquired by the regular RGB sensor; (c) reference calculated
from spectral cube measurements with spectral filters; (d)–(f ) CS-SSI reconstructed RGB images; (g) DD image.

In optical bench experiments for snapshot imaging of
the coloured objects with themonochromatic image sen-
sor, we acquired several experimental snapshots of DD

images of different objects in the system of Figure 2. The
data of the snapshots was digitally pre-processed with a
noise reduction filter (40). The digital reconstruction of
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(1) (2) (3) (4)

(5) (6) (7) (8)

Figure 11. The R, G and B values for the ‘Colour Checker’ at eight sampled spatial locations of Figure 10(c). Blue – reference, red – CS-SSI
reconstructed.

the spectral cube was performed using the SBI process
with thoroughly optimized parametersμ,χ in Equations
(13) and (15). We have also applied spatial median filter-
ing on each of the monochromatic images of the spectral
cube after each SB iteration.

Figures 7–16 show experimental results of real optical
imaging and subsequent digital processing for obtain-
ing colour RGB images from the monochromatic image
sensor. Figures 7, 10, and 13 for the ‘Mandrill’, ‘Colour
Checker’ and ‘Peppers’ objects show reference RGB,
experimental DD and reconstructed RGB images. Fig-
ures 7(a), 10(a), and 13(a) show the original objects as
displayed on the iPad, Figures 7(b), 10(b) and 13(b)
show directly acquired RGB images, with 13.2, 10.6 and
10.0ms integration times. Figures 7(c), 10(c) and 13(c)
show reference RGB images calculated from spectral
cube measurements with the 33 bandpass filters, with a
brightness factor of s = 1.25. We note that differences
between the reference RGB images are related to the dif-
ferences in the spectral responses of the optical systems
and the calculationmethod of RGB colours using the CIE
1931 standard. Figures 7(d)–(f), 10(d)–(f) and 13(d)–(f)
show the RGB images that were CS-SSI reconstructed
from the optically recorded experimental data. The CS-
SSI reconstruction was based on algorithms of Section 4
with brightness factors of s = 1, s = 1.15 and s = 1.25,
respectively. The blurring of the reconstructed B image
is likely caused by hazing on some of the blue-region
narrow bandpass filters, which were used for the corre-
sponding PSF measurements. Note that some blurring
is also observable in the reference B band image, which
was calculated from measurements taken with the same
set of filters. Additional cause is a low SNR level in the

Figure 12. Separated R, G and B images of the ‘Colour Checker’
object. (a) Reference, calculated from spectral cube measure-
ments with spectral filters; (b) CS-SSI reconstructed after four SBI
applied to DD image.

PSF measurements at weak spectral regions of the iPad’s
screen.

The calculations for PSNR and RMSE between the
reference images of Figures 7(c), 10(c), 13(c) and the
reconstructed images of Figures 7(f), 10(f), 13(f), RGB
images yielded 16.4, 17.1, 19.1 and 0.15, 0.14, 0.11,
respectively. Figures 7(g), 10(g) and 13(g) show the DD
images acquired in raw PNG format by the monochro-
matic image sensor with 13.2, 10.6 and 10.0ms inte-
gration times. While dynamic imaging was not tested,
we note that these integration times are well suited for
video imaging. We emphasize that the RGB images in
Figures 7(d)–(f), 10(d)–(f), 13(d)–(f) were obtained with
a monochromatic image sensor in a camera equipped
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Figure 13. Object ‘Peppers’: (a) as displayed on the iPad; (b) directly acquired by the regular RGB sensor; (c) reference calculated from
spectral cube measurements with spectral filters; (d)–(f ) CS-SSI reconstructed RGB images; (g) DD image.

(1) (2) (3) (4)

(5) (6) (7) (8)

Figure 14. The R, G and B values for the ‘Peppers’ at eight sampled spatial locations of Figure 13(c). Blue – reference, red – CS-SSI
reconstructed.
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Figure 15. Separated R, G and B images of the ‘Peppers’ object. (a) Reference, calculated from spectral cubemeasurementswith spectral
filters; (b) CS-SSI reconstructed after two SBI applied to DD image.

Figure 16. The RGB reconstruction errors for ‘Mandrill’, ‘Colour
Checker’ and ‘Peppers’ objects. (a) PSNRC values of the R, G and
B monochromatic images of the ‘Mandrill’, ‘Colour Checker’ and
‘Peppers’ objects; (b)–(d) spatial distribution for PSNRj,i for the
same three objects.

with a fully transparent phase-only diffuser. Figures 8, 11
and 14 show a comparison between reference and recon-
structed RGB values at 8 sampled spatial coordinates that
were marked in Figures 7(c), 10(c) and 13(c). Figures 9,
12 and 15 show the separated R, G and B images of the
‘Mandrill’, ‘Colour Checker’ and ‘Peppers’ objects. Fig-
ures 9(a), and 12(a), 15(a) show the reference images and
Figures 9(b) and 12(b), 15(b) show the CS-SSI recon-
structed RGB images. The PSNRC (RMSEC) values for

the three objects were following: for Figure 9(b) 5 SBI
runs yielded 17.6 (0.13), 15.6 (0.17) and 14.7 (0.18), for
Figure 12(b) 4 SBI runs yielded 15.8 (0.16), 20.4 (0.096)
and 17.1 (0.14), for Figure 15(b) 2 SBI runs yielded 16.4
(0.15), 21.4 (0.086) and 22.2 (0.078). All values are pro-
vided separately for the R, G and B images, respectively.
Each iteration took approximately 2 s onMatlab installed
on a desktop PC with Windows 7, 64-bit operating sys-
tem, with 16GB RAM and an Intel i7-3770 processor.
Figure 16 showsmore details of the reconstruction errors
for the ‘Mandrill’, ‘Colour Checker’ and ‘Peppers’ objects.
Figure 16(a) shows the PSNRC values of the R, G and B
images of the three objects, while Figures 16(b)–(d) show
the spatial distribution PSNRj,i for the same three objects.
To summarize, Figures 7–16 reveal satisfactory visual
quality andPSNR levels of theRGB images obtained from
themonochromatic image sensor. Artefacts in the recon-
structed RGB images are most probably linked to some
mis-calibrations of the sensing matrix, the presence of
actual system noise and quantization of the sensor and
the sensitivity of the reconstruction algorithm to these
factors. Quantitative evaluation for spatial resolution in
the reconstructed images is due to be performed in future
experiments.

6. Light throughput of the RGB camera with
monochromatic image sensor

Light throughput is one of the most important and com-
petitive features of the proposed colour imaging with a
monochromatic image sensor. In order to evaluate the
light throughput of our method, we shot images of white,
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Figure 17. Light throughput comparison results between our camera and reference CFA RGB camera, based on raw PNG-format data.
iPad objects were patches of different colours (a) white, (b) red, (c) green and (d) blue. Insets show fragments of the raw images from the
RGB sensor.

red, green and blue uniform object patches from the iPad
screen and compared results of our method with regu-
lar RGB imaging. Each patch was shot in three different
hardware configurations: (i) by themonochromatic cam-
era with all ‘white’ pixels and without the diffuser, when
the image of each patch corresponded to 256× 256 pixels
on the sensor plane; (ii) by the monochromatic camera
with the diffuser; (iii) by the regular 5Mp RGB cam-
era with Bayer CFA. The same imaging lens and wide
bandpass spectral filter for the visible range were used
in all of the measurement modes. The integration time
in the monochromatic image sensor was set to 2.6ms,
which satisfied a peak intensity of 90% of the satura-
tion intensity level in the case without the diffuser. The
integration time was identical and equalled to 2.6ms for
the monochromatic camera measurements (without and
with the diffuser) and for the colour camera measure-
ments (without the diffuser). For noise reduction, each
image was obtained by sequential averaging of 25 frames.
The images were obtained in raw PNG format, to avoid
any corrections by the built-in graphic processor of the
camera. We also obtained and subtracted corresponding
dark images from the measurements.

Figure 17 shows light throughput percentage bars for
eachmeasurementmode and each of the colours of patch
object. At the Bayer CFA camera, the nonzero pixels that
do not match the R, G and B objects characterize spec-
tral ‘cross-talks’ between the RGB primaries of the sensor

and the iPad screen. The total light in arbitrary units was
calculated by summing the camera pixels, i.e. light inten-
sities values. For the monochromatic camera without the
diffuser, calculation of the flux was performed within
256× 256 pixels. For the monochromatic camera with
the diffuser, flux calculation was extended to 256× 2592
pixels of the DD image. For the RGB camera, flux calcu-
lation was applied separately for each of the R, G and B
pixel groups within boundaries of the image of the patch
object, i.e. 128× 128 pixels for each of R and B images
and 2× 128× 128 pixels for the G image.

The ratio of light flux in different configurations was
referenced to the flux obtained by the monochromatic
camera without the diffuser. Figure 17(a) shows that
the light throughput of our method for the white patch
object is approximately 89% from that of the monochro-
matic camera with all ‘white’ pixels. This value is sig-
nificantly higher than the 39% total light throughput of
the RGB camera with Bayer CFA, calculated for all R, G
and B pixels altogether. Figure 17(b)–(d) show that the
light throughput of our method for the colour objects is
between 87.5% and 89.6% from that of the monochro-
matic camera with all ‘white’ pixels. This throughput
is significantly higher than the corresponding 17.8%,
36.9% and 18.7% values of the Bayer CFA sensor. There-
fore, our method provides more than double gain in the
light throughput, compared to an equivalent regular RGB
camera equipped with a conventional Bayer CFA. Such
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gains were expected, because a CFA in a regular RGB
camera absorbs roughly two-third of the incident light in
either of the R, G or B filters, while our suggestedmethod
makes use of a highly efficient transparent phase-only
diffuser.

7. Discussion and conclusions

We experimentally proved the feasibility of colour imag-
ing with a monochromatic image sensor and a pupil
domain phase-only static diffuser. In our approach, the
light transmittance throughput is more than twice higher
than with customarily used light absorbing RGB Bayer
colour filter arrays. The experimental results that are
presented in this paper exhibit improved quality of the
reconstructed RGB images in respect to our published
results in (27). The improvement is explained by better
calibration of the sensing matrix and thorough optimiza-
tion of parameters in the reconstruction algorithm.

The key element of our optical system is a diffuser
designed to create a randomized sensing matrix that is
evaluated directly from calibration measurements of the
PSF. The diffuser can be produced by routine diffractive
optics technology in required quantities, including those
of consumer-market mobile devices. The diffuser may be
an embedded integral part of a dedicatedmonochromatic
digital camera of a mobile device or alternatively serve
as an external patch on the window of a digital camera.
Future research will focus on investigating new diffuser
designs whichmay lead to improved results by better ful-
filling the RIP condition towards reducing the correlation
between the PSFs of the spectral bands.

The use of a monochromatic sensor instead of a reg-
ular mosaic colour sensor increases the amount of the
captured light and therefore the sensitivity of the cam-
era, which delivers significant advantages for low light
imaging applications.

Our method relies substantially on spatial and spec-
tral mixing of the 2D light field at the image sensor
and subsequent reconstruction of the spatial and colour
data with CS-based algorithms. The latter is achieved by
proper use of the sparsity property, naturally attributed to
photographic images. We experimentally demonstrated
the feasibility of reconstructing RGB images through SSI
and linear iterative process of split Bregman iterations.
The developed spectral-wise based colour imaging algo-
rithms can be implemented in the firmware of digital
cameras.

To conclude, we propose that the commonly used
Bayer colour filter array at an image sensor can be sub-
stituted with a transparent, phase-only diffuser at the
pupil, thus improving the light throughput of the optical
system.

While high light throughput is already achieved in
our method, spatial resolution, signal-to-noise ratio and
colour rendering quality still have to be improved in
further research. For quality improvement in further
research, we foresee optimization of the pupil diffuser,
more precise calibration of the sensing matrix of the
imaging system at different object distances and light
power levels, development of efficient compressive sens-
ing algorithms directly in space of colour coordinates and
extended experimenting with real objects out of the lab.
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