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In a single-pixel fast imaging setup, the data collected by the single-pixel detector needs to be processed by a computer,
but the speed of the latter will affect the image reconstruction time. Here we propose two kinds of setups which are able to
transform non-visible into visible light imaging, wherein their computing process is replaced by a camera integration mode.
The image captured by the camera has a low contrast, so here we present an algorithm that can realize a high quality image
in near-infrared to visible cross-waveband imaging. The scheme is verified both by simulation and in actual experiments.
The setups demonstrate the great potential for single-pixel imaging and high-speed cross-waveband imaging for future
practical applications.
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1. Introduction

In contrast to conventional optical imaging with two-
dimensional (2D) multi-pixel detectors, single-pixel imaging
(SPI) is a unique technique that reconstructs the image of an
object with only a single-pixel detector through the second
order correlation of a series of illumination spatial patterns
and the corresponding total transmitted or reflected intensity
from the object.[1] Because 2D detectors are no longer re-
quired, SPI may use high performance single-pixel detectors,
which are difficult to manufacture in an array format.[2] For
instance, photomultiplier tubes in SPI have been used for time-
of-flight three-dimensional (3D) imaging,[3,4] single-photon
imaging,[5] and non-line-of-sight imaging.[6] Ultrasonic trans-
ducers have been employed in SPI photoacoustic imaging.[7,8]

The basic principle of SPI can be applied to electromagnetic
waves of any wavelength, and even to particle imaging. Al-
ready, SPI has been realized throughout the spectrum from
microwave[9] to terahertz[10,11] to hard x-rays[12–14] and even
with atoms,[15] electrons,[16] and neutrons.[17,18] It has also
been shown to have potential advantages in spatial resolution
improvement,[19,20] radiation dose reduction,[14,21] and robust-
ness in turbulence.[22]

For practical applications, SPI should have as good imag-
ing quality and speed as conventional optical imaging. How-
ever, since every spatial pattern needs to be exposed, much
more time is required to form an image compared to the single-
shot exposure of conventional cameras. That is, SPI sacri-

fices imaging speed to eliminate the need for multiple pix-
els. A larger imaging field of view requires more modula-
tion patterns, and consequently longer exposure times. The
most common modulator in current use for SPI is the digi-
tal micromirror device (DMD), which is capable of reconfig-
urable displays of mega-pixel patterns at refresh rates of up to
32 kHz.[1] Since typical photodetectors can have bandwidths
of MHz or even greater, the DMD refresh rate is the chief
factor limiting the data acquisition rate. To overcome this,
compressed sensing (CS) has been used to reduce the num-
ber of samples required,[23–25] but at the cost of more comput-
ing time for the process of iterative convex optimization.[23,25]

Other alternatives to increase imaging speed include replacing
the DMD with new light sources and modulators.[26–29] An
array of 32×32 light-emitting diodes (LEDs) can switch pat-
terns at a rate of 3.13 MHz and a CS-assisted 2D imaging rate
of 2.5× 104 frames per second (fps).[28,29] A rotating coded
mask plate can project patterns at a rate of 2.4 MHz, which
corresponds to a non-CS recovery of a 101× 103 pixel size
image at 72 fps.[27] Projection rates of up to 14.1 MHz and
tunable frame sizes of up to 101× 103 pixels have been real-
ized using swept aggregate patterns that combine a DMD with
laser scanning hardware.[30] In all the experiments above, the
data processing power of the computer will affect the actual
image reconstruction time. Recently, cross-waveband optical
computing imaging replaced the computing process by camera
integration.[31] By inputting the current of the near-infrared
bucket signals from an object into the current driving an LED
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and then reprojecting the emitted visible light onto the original
modulation pattern, a visible spectrum image of the object was
reconstructed directly with a high-dynamic-range camera.

Although the cross-waveband scheme has been experi-
mentally demonstrated,[31] there is no satisfactory theoretical
analysis, nor is there an appropriate algorithm to obtain an im-
age with a high contrast from the low contrast image produced
by the camera. In this paper, we analyze the imaging process
in detail, provide an explanation for the cause of the low con-
trast, and provide algorithms for obtaining a high contrast im-
age based on two popular measurement matrices. Our scheme
is verified by both simulation and experiment, despite the low
8-bit or 16-bit readout mode of the camera. We also suggest
a more suitable setup for practical applications with a transla-
tional or rotating scanning modulator, which allows a greater
choice of light sources, while the cost may be much cheaper.

2. Theory and method
2.1. Imaging system design

We propose two kinds of setup which may be used in dif-
ferent circumstances, as shown in Fig. 1. In setup 1, light from
the source is reflected off the object and then spatially mod-
ulated by a computational modulation device such as DMD1.

After the total intensity of the modulated light field is collected
by a bucket detector BD (also called a single-pixel detector)
of suitable wavelength, the photoelectric signal is amplified to
produce an output current for an LED. The visible light emit-
ted from the LED is thus encoded with the object information,
and is then directed onto a second DMD (DMD2). The camera
is set to an appropriate exposure in synchrony with the mod-
ulation and decoding process to decode and obtain an image
of the object. However, the image captured by the camera has
a low contrast, which is the reason why we have analyzed the
imaging process of this setup to find a way to improve image
quality.

Setup 2 is a proposal for a system in which the source
beam cannot be reflected by a DMD, or the object can only
be measured in transmission mode. It also can be used with
a visible light source for high-speed SPI[27] with cyclic mod-
ulation. In this setup, the emission source could be x-rays or
even particles such as neutrons. As shown in the lower half
of Fig. 1, after modulation by FM1 and projection onto an ob-
ject, the total transmitted intensity is recorded by the bucket
detector. The next process in the visible light arm is similar
to that in setup 1, except that the beam undergoes a second
modulation in FM2, which should be synchronized with FM1.

Light source

Object

L1

DMD1

L2

BD

LED

L3

DMD2

L4

Camera

PA

Setup 1

PC

Setup 2

Emission source
ObjectFM1

Aperture
BD

PA

L1
LED

L2

Camera

PC

or

FM2

or

Fig. 1. Two setups for cross-waveband optical computing imaging. L1–L4: lenses, BD: bucket detector, PA: photoelectric amplifier, FM1 and
FM2: fabricated masks in translational or rotating scanning mode, PC: computer.

2.2. Modulation pattern design

In theory, for full measurement in a normal single-pixel
setup, it can be assumed that the modulation matrix is 𝐴 =

[𝑎1, . . . ,𝑎n]
T and 𝑎i, i = 1, . . . ,n is an n-element row vec-

tor while the object is an n-element column vector 𝑥 =

[x1, . . . ,xn]
T. The bucket signal’s n-element column vector

𝑏= [b1, . . . ,bn]
T can be expressed as

𝐴𝑥= 𝑏, (1)

where the element bi = 𝑎i𝑥. Thus, we obtain the object infor-
mation through the expression

𝑥=𝐴−1𝑏, (2)
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where 𝐴−1 denotes the inverse of the matrix 𝐴. In our setup,
to realize cross-waveband imaging, we input the bucket sig-
nals of a given wavelength into the LED to create a visible
light signal with the same intensity fluctuations as the bucket
signals. The field reflected from DMD2 or fabricated mask
FM2 can be treated as the bucket signal bi multiplied by its
modulation matrix 𝑎i. Thus, the n-element column vector
𝑦 = [y1, . . . ,yn]

T of the image captured by the camera with
the same exposure time as that of one complete modulation
process is

𝑦 =
n

∑
i=1

𝑎T
i bi =𝐴T𝐴𝑥. (3)

If we consider the noise component such as the readout noise
as an n-element column vector 𝑧 = [z1, . . . ,zn]

T, the form of
the image can be changed to

𝑦 =
n

∑
i=1

𝑎T
i (bi + zi) =𝐴T(𝐴𝑥+𝑧). (4)

Generally, the object and noise vectors are unknown while the
modulation matrices can be designed manually. Thus, we next
discuss the form of the image 𝑦 based on different kinds of
measurement matrices 𝐴.

2.2.1. Hadamard matrices

The Hadamard matrix is well known and frequently used
in SPI because of its complete and orthogonal basis. The com-
mon form of the matrix is

𝐻2n =

[
𝐻n 𝐻n
𝐻n −𝐻n

]
, (5)

where 𝐻1 = [1] and n = 2i, i ∈ N+. However, in reality, the
value of the element cannot be −1, so we replace the −1’s
with 0’s, and denote the matrix as 𝐻Z

n . It still retains sym-
metry (𝐻Z

n =𝐻ZT
n ), so after performing self-correlation we

obtain

𝐻ZT

n 𝐻Z
n =

n
4
(𝐽 +𝐼+𝐽1,: +𝐽:,1), (6)

where 𝐽 and 𝐼 denote the all-ones matrix and the identity ma-
trix of size n×n, respectively; 𝐽1,: and 𝐽:,1 are n×n matrices
with all-zero elements except for an all-ones first row and an
all-ones first column, respectively. If we use this Hadamard
matrix as our measurement matrix, we can calculate the image
as

𝑦 =𝐻ZT

n 𝐻Z
n 𝑥=

n
4

𝑥sum +𝑥+


‖𝑥‖

0
...
0

+
𝑥1

...
𝑥1


 , (7)

where 𝑥sum = [‖𝑥‖, . . . ,‖𝑥‖]T of size n× 1, 𝑥 is the object’s
n-element column vector, and ‖𝑥‖ denotes the sum of all el-
ements in the 𝑥 vector. Because all the elements of the first

row and first column of the measurement matrix 𝐻Z
n are 1, the

first pixel of the image will have the largest gray scale value,
i.e., pure white, as we can see from Eq. (7), which will result
in a low overall contrast. Thus, we may eliminate the first row
and first column of 𝐻Z

n to obtain 𝐻R
n−1, which is called the

reduced Hadamard matrix.[32]

2.2.2. Reduced Hadamard matrices

To apply the reduced Hadamard matrix in our setup, we
first calculate its self-correlation form

𝐻RT

n−1𝐻
R
n−1 =

n−4
4

(
𝐽n−1 +

n
n−4

𝐸n−1

)
. (8)

Then, we can obtain the image as

𝑦R =𝐻RT

n−1𝐻
R
n−1x =

n−4
4

(
𝑥sum +

n
n−4

𝑥

)
, (9)

where 𝑥 is the object’s column vector that consists of (n−1)
elements. In our setup, the image captured by the camera is
the 𝑦R vector, and we can calculate its contrast theoretically as

yR
contrast =

𝑦R.max−𝑦R.min
𝑦R.max+𝑦R.min

=
𝑥.max−𝑥.min

𝑥.max+𝑥.min+(2− 8
n )‖𝑥‖

< xcontrast, (10)

where {}.max and {}.min are the maximum and minimum
values of the matrix or vector, respectively. With the increase
of the pixel number n, the contrast of the image will decrease
slightly and ultimately approach a constant value. Since the
contrast is low because ‖𝑥‖ is very large, we need to figure
out how to recover a better image from the low contrast image
captured by the camera. Based on Eq. (9), we can deduce the
object vector as

𝑥=
4
n
𝑦R− n−4

n
𝑥sum. (11)

Although we cannot obtain 𝑥 from an unknown 𝑥sum, fortu-
nately, it can be expressed in terms of 𝑦R

sum as

𝑥sum =
4

(n−2)2𝑦
R
sum, (12)

where 𝑦R
sum = [‖𝑦R‖, . . . ,‖𝑦R‖]T. Thus, the object vector is

𝑥=
4
n

(
𝑦R− n−4

(n−2)2𝑦
R
sum

)
. (13)

Considering the noise 𝑧 = [z1, . . . ,zn−1]
T in the imaging pro-

cess, the image and the object can be expressed as

𝑦R = 𝐻RT

n−1(𝐻
R
n−1𝑥+𝑧)

=
n−4

4

(
𝑥sum +

n
n−4

𝑥

)
+𝐻RT

n−1𝑧, (14)

𝑥 =
4
n

(
𝑦R− n−4

(n−2)2𝑦
R
sum−𝐻RT

n−1𝑧

)
. (15)
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In the case that the noise is constant, the values of all the el-
ements in 𝐻RT

n−1𝑧 are the same. Thus, the image captured by
the camera contains the information of the object superposed
on a large uniform gray scale background, which means that
we can choose an appropriate background value as the noise
and subtract it from the image vector 𝑦R to recover a higher
contrast image. This was performed using the python program
shown in the Data availability section below. The specific pro-
cess can be described as follows. For a typical 8-bit low con-
trast image, we first split the gray values of the pixels into 255
parts, each part having a gray value range of 1, e.g., 0–1, 1–2,
. . . . Then we sum the number of the pixels in each part, and
take the gray value with the highest number of pixels as the
background value to be subtracted.

2.2.3. Cyclic S-matrices

In contrast to the above Hadamard matrices, the cyclic
S-matrix has advantages in high-speed SPI because its row is
the cyclic left shift of the previous row.[30] There are three
methods to construct cyclic S-matrices,[33] but here we only
discuss the twin prime construction. This scheme produces a
cyclic S-matrix 𝑆 of order n whenever n = p(p+2) and both
p and p+2 are prime numbers. Let Si, j denote the element of
𝑆 with row index i and column index j. The initial row S0, j

( j = 0, . . . ,n−1) determines all elements of 𝑆 according to

Si, j =

{
S0,i+ j, if i+ j < n,
S0,i+ j−n, if i+ j ≥ n, (16)

where i = 0, . . . ,n−1.
An integer x is regarded as a quadratic residue (mod y)

if x 6= 0 (mod y) and there exists another integer z such that
x≡ z2 (mod y). In this case, suppose p and q = p+2 are both
prime numbers such as p = 3, q = 5, then we can define

f ( j) =

+1, if j is a quadratic residue (mod p),
0, if j ≡ 0 (mod p),
−1, otherwise,

(17)

g( j) =

+1, if j is a quadratic residue (mod q),
0, if j ≡ 0 (mod q),
−1, otherwise,

(18)

S0, j =

{
0, if [ f ( j)−g( j)]g( j) = 0,
+1, otherwise. (19)

To apply the cyclic S-matrix to our setup, we first calculate the
self-correlation as

𝑆T𝑆 =
n+1

4
(𝐽 +𝐼), (20)

where n = p× q, and 𝐽 and 𝐼 denote the all-ones matrix and
the identity matrix of size n× n, respectively. Based on this,
we can obtain the image captured by the camera as

𝑦𝑆 = 𝑆T𝑆𝑥=
n+1

4
(𝑥sum +𝑥). (21)

The theoretical contrast of 𝑦𝑆 is

y𝑆contrast =
𝑥.max−𝑥.min

𝑥.max+𝑥.min+2‖𝑥‖
= lim

n→+∞
yR

contrast < yR
contrast. (22)

From Eqs. (10) and (22) we can see that the reduced Hadamard
matrix may have a slight advantage in having a higher contrast
compared with the cyclic S-matrix, but that disappears gradu-
ally when the number of pixels n increases.

To recover a high contrast image, we deduce the object
vector from Eq. (21) to be

𝑥=
4

n+1

(
𝑦𝑆− 1

n+1
𝑦𝑆

sum

)
, (23)

where

𝑦𝑆
sum =

(n+1)2

4
𝑥sum.

When we include the noise 𝑧 = [z1, . . . ,zn]
T, the image and the

object become, respectively,

𝑦𝑆 = 𝑆T(𝑆𝑥+𝑧) =
n+1

4
(𝑥sum +𝑥)+𝑆T𝑧, (24)

𝑥=
4

n+1

(
𝑦𝑆− 1

n+1
𝑦𝑆

sum−𝑆T𝑧

)
. (25)

The high-contrast imaging retrieval process for the cyclic S-
matrix is the same as that for the reduced Hadamard matrix
because their low-contrast images both contain the informa-
tion of the object superposed on a large uniform gray scale
background.

2.2.4. Reduced Hadamard matrices versus cyclic S-
matrices

In the analysis above, we know the reduced Hadamard
matrix has a slightly higher contrast than the cyclic S-matrix
for the same number of imaging pixels. However, this does not
necessarily mean that it is better in all aspects. Figures 2(a1),
2(a2) and 2(b1), 2(b2) show two 15× 15 reduced Hadamard
and cyclic S-matrices and their patterns reshaped by each row,
respectively. For the former, the reshaped dissimilar patterns
are directly combined in Fig. 2(a3) to create a translation scan-
ning mask. For the latter, adjacent patterns are very similar,
and only the last column of the matrix is different, as can be
seen by comparing the green and red rectangles in Fig. 2(b2).
Thus, we can combine these patterns to a very small size, and
every time we move a pixel we can acquire a new pattern, as
shown in Fig. 2(b3). Therefore, for a setup 2 mask the cyclic
S-matrix is more suitable when high-speed SPI is required.
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Fig. 2. Two 15×15 pattern designs for (a1) a reduced Hadamard matrix and (b1) a cyclic S-matrix. (a2) and (b2) The reshaped patterns from
each row in panels (a1) and (b1), respectively. (a3) and (b3) Recombination of all the patterns in panels (a2) and (b2), respectively.

3. Simulation and experimental results
To verify the efficacy of our proposed algorithm, we first

simulate imaging of the binary image number ‘5’ based on
our setup with different kinds of measurement matrices. The
measurement matrices of the three columns from left to right
in Fig. 3 are the Hadamard, reduced Hadamard, and cyclic S-
matrices, respectively. Figures 3(a1)–3(a3) show the bucket
signals of one complete modulation process; note the different
values of the axes. The fluctuations in Figs. 3(a2) and 3(a3)
will be reproduced by the emitted light field intensities of LED
and recorded by the camera’s integration mode to obtain the
full information of the object. Figures 3(b1)–3(b3) are the im-
ages reconstructed using the accumulated intensities based on
Eqs. (7), (9), and (21); here the color bar ranges were automat-
ically chosen by the simulation program, and the maximum
and minimum gray values of the background and the object are
84900–42400, 42586–42330, and 37575–37350, respectively.
Because of the default color bar of the program, the images of
the accumulated intensities of both Figs. 3(b2) and 3(b3) look
the same as their original input images. However, in an actual
experiment, the gray scale depends on the number of bits read
out by the camera, and so we manually set an 8-bit readout
in the program. The images are depicted in Figs. 3(c1)–3(c3),
where in Fig. 3(c1) we can see that the object’s information
is completely obscured by the background because of the pure
white first pixel in the figure, while in Figs. 3(c2)–3(c3) the im-
ages have a very low contrast and are barely visible. The val-
ues of the contrast agree with those calculated from Eqs. (10)
and (22). By applying Eqs. (13) and (23), we can obtain two
images with a high contrast from Figs. 3(c2)–3(c3), as shown
in Figs. 3(d2)–3(d3).

Next, we conduct a real imaging experiment based on
setup 1. The light source is a near-infrared lamp. The ob-
ject is a letter ‘B’ made out of plastic. The DMD1 (DLP9500)

and DMD2 (ViALUXV-7001) are programmed with the same
series of (32×32)−1 reduced Hadamard patterns. The beam
reflected from DMD1 is collected by a near-infrared single-
pixel detector BD (HS-PD1000-2). The camera is a high-
dynamic-range CCD camera (ASI2600MC) with 8-bit and 16-
bit readout modes. The effective imaging size of the camera
is 768×1360 pixels. The setup mentioned above is similar to
that in Ref. [31], but the DMDs’s frequency was set to 1 kHz
and the two integration times of the camera were 1.023 s. The
images read out by the camera in the 8-bit and 16-bit modes
are shown in Figs. 4(a1) and 4(b1), respectively, where the
gray diamonds are the imaging field of view. It can be seen
that the gray background of the image in the second figure is
brighter than in the first, but neither of the object signals is
distinguishable. Based on Eq. (15), we can recover two high
contrast images by processing the above images, as shown in
Figs. 4(a2) and 4(b2). To figure out the reason for the different
backgrounds of the 8-bit and 16-bit modes, we first proportion-
ally compress the grayscale of the 16-bit readout to 8-bit and
make sure it is an integer from 0 to 255. Then we plot the gray
values along the marked red, yellow, blue, and green cross sec-
tions of Figs. 4(a1)–4(b1) versus pixel positions, as shown in
Fig. 4(c). We can see that the gray values of the green line
in the compressed 16-bit image are higher than those of the
yellow line in the 8-bit image, which is why the former has a
brighter background. On the other hand, we find that the red
solid line of the latter is lower than the blue solid line, i.e., the
8-bit image has a lower minimum gray value compared with
the 16-bit case, which has a denoising effect on the image.
Though both readout modes can retrieve images with a good
contrast, the 16-bit readout can have a better intensity reso-
lution, which is important for distinguishing the small bucket
signal fluctuations as shown in Figs. 3(a2)–3(a3).
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Fig. 3. Simulation results. (a1)–(a3) Bucket signals versus measurement frame number for the Hadamard, reduced Hadamard, and cyclic S-matrices,
respectively. (b1)–(b3) Images obtained from accumulated intensities without manually setting the color bar range; note the different maximum
values 84900, 43586, and 37575 of the color bars. (c1)–(c3) Proportional compression of the gray scale in panels (b1)–(b3) with a unified color bar
from 0–255 (assuming an 8-bit readout camera). (d2)–(d3) Images reconstructed from panels (c2)–(c3) by using our proposed algorithm.
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4. Conclusion
In conclusion, we have proposed an algorithm for retriev-

ing an image with a high contrast from the low contrast image
captured by the camera in cross-waveband optical computing
imaging. We choose a binary image number ‘5’ as an object
and simulate its reconstruction with the Hadamard, reduced
Hadamard and cyclic S-modulation matrices. The first is not
suitable because of the presence of the highest gray tone in the
first pixel of the image captured by the camera. The reduced
Hadamard matrix has a slightly higher contrast than the cyclic
S-matrix for the same number of imaging pixels, and both two
matrices can be used in setup 1. For more practical applica-
tions, we propose setup 2 with a translational or rotating scan-
ning modulator, where we have a wider choice of light sources
and the cost may be much cheaper. The cyclic S-matrix has a
considerable advantage in the fabrication of its mask plate be-
cause of the similarity of its patterns, and is the most suitable
matrix for setup 2. We have successfully retrieved high con-
trast images by our method through simulation with a reduced
Hadamard matrix and cyclic S-matrix, as well as in real ex-
periments (from near-infrared to visible) with a (32×32)−1
reduced Hadamard matrix for both 8-bit and 16-bit readout
modes of the camera. We believe our work may be of great
benefit to cross-waveband optical computing imaging in vari-
ous future practical applications.

Data availability statement
Data underlying the results and the algorithm codes are

available in https://github.com/NoobJintao/cross-waveband-
optical-computing-imaging.
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