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ABSTRACT

In this paper, a new approach for Confocal Microscopy (CM) based on the framework of compressive sensing is
developed. In the proposed approach, a point illumination and a random set of pinholes are used to eliminate
out-of-focus information at the detector. Furthermore, a Digital Micromirror Device (DMD) is used to efficiently
scan the 2D or 3D specimen but, unlike the conventional CM that uses CCD detectors, the measured data in
the proposed compressive confocal microscopy (CCM) emerge from random sets of pinhole illuminated pixels
in the specimen that are linearly combined (projected) and measured by a single photon detector. Compared
to conventional CM or programmable array microscopy (PAM), the number of measurements needed for nearly
perfect reconstruction in CCM is significantly reduced. Our experimental results are based on a testbed that uses
a Texas Instruments DMD (an array of 1024 x 768; 13.68x 13.68 um? mirrors) for computing the linear projections
of illuminated pixels and a single photon detector is used to obtain the compressive sensing measurement. The
position of each element in the DMD is defined by the compressed sensing measurement matrices. Three-
dimensional image reconstruction algorithms are developed that exploit the inter-slice spatial image correlation
as well as the correlation between different 2D slices. A comprehensive performance comparison between several
binary projection patterns is shown. Experimental and simulation results are provided to illustrate the features
of the proposed systems.
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1. INTRODUCTION

Confocal microscopy is an imaging technique of increasing interest in several fields of science and medicine.! It
has been widely used in the study of cell and tissue in biology, genetics, microbiology and in surface inspections in
the semiconductor industry, among other applications. Compared to conventional wide-field microscopy, confocal
microscopy offers improved performance in contrast and information capacity of the underlying image by rejecting
out-of-focus background. Furthermore, this technique has the ability to capture thin optical sections from thick
specimens and the ability to have controllable depth of field. However, conventional confocal microscopy has
the shortcoming of demanding time-consuming scanning over 2D or 3D raster patterns, since image points are
illuminated and detected one at a time.

In order to speed-up the image acquisition time while still preserving the desirable optical sectioning charac-
teristic, parallel confocal microscopy has been developed. The first parallel confocal imaging system is known as
the tandem scanning microscope,? where a Nipkov disc is used for illuminating and detecting multiple object’s
points at the same time. This approach, however, suffers from low light efficiency. To overcome this limitation
Liang et al.> developed a programmable multiple-aperture confocal imaging system based on a DMD instead
of the Nipkow disk improving both light-utilization efficiency and confocal image rate. Architectures based on
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programmable array microscopes (PAM)? are of great interest as these are based on coded illumination patterns
readily attained by DMD, which combines the DMD with the aperture-correlation technique.® All these parallel
confocal imaging systems follow the rule of conventional imaging system, in which a large amount of data is
firstly acquired at the Nyquist rate and then compressed exploiting the 2D and 3D redundancy presented in
the acquired images. An obvious drawback of these systems is that in the compression procedure a great per-
centage of raw data is discarded. While reducing the scanning time due to the parallel nature of PAM systems,
these approaches are still limited by Nyquist sampling rates. With the advent of compressive sensing (CS) the-
ory,%7 compressive imaging systems which combine sampling and compression into a single non-adaptive linear
measurement process have become possible to reduce the acquisition time and simplify the imaging acquisition
system.

In this paper, we propose a new confocal imaging system called compressive confocal microscopy (CCM).
Unlike conventional CM, in the proposed CCM, a DMD is used to perform the optical computation of linear
projections of multiple points in focal image plane. Each projection is obtained for a particular position of the
micromirrors in DMD defined by a measurement matrix. The design of the projection matrices is based on
the rich theory of compressive sensing, which is a new framework for simultaneous sampling and compressing
signals. The proposed system offers high image acquisition speed, sub-Nyquist sampling rate and effective optical
sectioning. Furthermore, it has the advantage of simplifying the hardware and optical complexity, by using a
single detector instead of CCD sensor array and by off-loading the processing from the data acquisition into the
image reconstruction which is performed digitally in a standard computer.

The rest of the paper is organized as follows. In Section 2, we give a general introduction to CCM, which has
been presented in our earlier work.® In Section 3, we introduce new 3D joint image reconstruction algorithms
based on CS theory. Then, we conduct a theoretical analysis of CCM in Section 4. Finally, in Section 5, we draw
our conclusions.

2. COMPRESSIVE CONFOCAL MICROSCOPY
2.1 Preliminary Background

Given a signal X € RY and some dictionary of basis functions ¥ = [11,%s,...,1z] with ¢; € RN, we say
that X is T-sparse or compressible in V¥ if it can be approximated by a linear combination of T" vectors from ¥
with T'< N, ie. X =~ ZiT=1 00,700, = ¥O. The dictionary ¥ is a collection of parameterized waveforms, called
atoms, and may contain Fourier basis, Wavelet basis, cosine packets, Chirplets basis, or even a combination of
orthogonal basis and tight-frame. For instance, natural images tend to be sparse in the discrete cosine transform
(DCT) and wavelet bases, hence, those bases can be suitably used to define a dictionary for image representation.
The theory of CS shows that, with high probability, a signal X can be recovered from a reduced set of random
projections. More precisely, given Y = ® X, where ® is an K x N random measurement matrix with its rows
incoherent with the columns of ¥. The original signal X can be recovered from the set of random projections Y
by solving the following optimization problem:®

argminxery||®X — Y3+ A[O]|x (1)

where A\ > 0 is the regularization parameter. The number of measurements needed to keep the relevant infor-
mation about the original signal has to be equal to CTlog N <« N, where C' > 1 is an oversampling factor.
Commonly used random measurement matrices ® for CS are random Gaussian matrices (¢;; ~ N(0,1/N)),
Bernoulli matrices (¢;; € {£1}) and randomly permuted vector from standard orthogonal bases such as Fourier,
Walsh-Hadamard or Noiselet bases. In the application at hand, the measurement matrices must be designed
such that they fit our hardware profile, i.e. they can be implemented in a DMD. Thus, Walsh-Hadamard bases
having binary values are well suited for our application. In this work, we propose to use two Walsh-Hadamard
transform based measurement systems: Ordered Hadamard ensemble (ODHE) and Scrambled Block Hadamard
ensemble (SBHE)!? to define a set of measurement binary matrices that are used to generate DMD modulation
patterns. The measured data in the proposed CCM emerge from random sets of pinhole illuminated pixels in
the specimen that are linearly combined and measured by a single photon detector. The optical calculations
of linear projections of an image is performed by a Texas Instruments DMD. That is, a DMD is placed at the



primary image plane of the objective to introduce the illumination patterns as well as the detector masks. The
core part of the DMD is an XGA (768(V) x 1024(H)) format array of aluminum micro-mirrors with a pitch
of 13.68 wm. Each mirror can be individually deflected at an angle of +12° about the hinged diagonal axis.
The deflection condition of each mirror is controlled by a CMOS addressing circuit. Thus, each mirror can
either be deflected at an angle of +12° (‘on’ condition) or —12° (‘off’ condition). The +12° position of each
micromirror corresponds to a particular entry of the measurement binary matrix. The modulation pattern of the
DMD produces a structured illumination on the specimen. The emission (or reflection) light from the specimen
is then imaged back onto the DMD and from there, via a beam splitter and relay optics, onto a single photon
detector. The contributions from all micromirrors at the ‘on’ position define a conjugate measurement, which is
a random projection of the in-focus plane. Successively, changing the location of the ‘on’ mirrors according to
a random pattern (measurement matrix) leads to a sequence of compressive measurements which can then be
used to reconstruct the in-focus plane.
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Figure 1. System diagram of the compressive confocal microscope.

Figure 1 shows the “flow of data” in the proposed CCM. Following the approach in Ref[4], the i-th modu-
lation pattern of a DMD is given by

_ J1if (z4,yq) is on a mirror that is 'on/

Si(wd, ya) = {0 if (x4,yq) is on a mirror that is 'of f/ (2)

where (z4,y4) is the two-dimensional (2D) coordinate system on the DMD plane, with (0,0) as the center of
DMD. It can be shown that the illumination pattern of a given object is given by

Tex (20, Yo, 205 1) / S (Mu, Mv) X Hep(xo — u,yo — v, 2,)dudv, (3)

where M and H., are, respectively, the magnification and the excitation point spread function (PSF) of the
objective. (Z,,Yo,2,) denotes a three-dimensional (3D) coordinate system for the object O(z,,¥o, 20), Where

T, = 3%, Yo = 4% and 2, defines the axial position of the illuminated plane.

The i-th conjugate measurement is formed by adding up the contributions of reflected light off mirror elements
at the ‘on’ position over the entire L x W DMD array. This is,

/ / /// Hem Ta _ u, i; — v, W) ey (u, v, w; 1) O(u, v, w — 25 )dudvdwS; (x4, ya)dradyq, (4)
W><p

where p is the size of DMD micromirror and He,, is the emission PSF of the objective. Likewise, the contributions



from the mirror elements at the 'off’ position define the non-conjugate measurement, namely

W><p

/ / Wap /// H“” -4 % —v,w) X Lop(u,v,w;1)O0(u, v, w—z)dudvdw(1-S; (24, ya) ) dzadya,
(5)

The modulation pattern S; has to be defined in some optimal fashion, since it incorporates the randomness
needed to project the image of interest into a random basis. To illustrate this point better, consider a 2D image
F of size N x N, where F = {f(m,n)},n =1,2,--- ,N; m = 1,2,--- | N. Furthermore, suppose F' is sparse
or compressible on some fixed basis. Let ® be a N x N random binary sensing matrix. Projecting F' onto ®
yields: Y = ®F® where H denotes the transpose conjugate operator and Y = {y(m,n)},m =1,2,--- /| N;n =
1,2,---, N is the compressive measurement. It can be shown that the projection operation reduces to:

y(m,n) =< B™" F >, (6)

where the set {B"™"} is referred to as a measurement ensemble where each {B™"} is a N x N binary matrix,
B™" e [—1, 1](N *N)  Two different sensing systems that have been found to speed up the signal reconstruction
process are used to define the modulation pattern { B™"}. They are Ordered Hadamard Ensemble (ODHE) and
Scrambled Block Hadamard Ensemble (SBHE).!? For the former, the measurement ensemble to be loaded onto
DMD is defined as:

Bmr=Hzm™"HT (7)

where H is the Hadamard transform matrix and Z™" is an N x N matrix with just a non-zero entry at position
(m,n). The non-zero entry in Z™" is set to 1. Thus, by randomly selecting the (m,n) position where the
non-zero value is placed, a set of measurement matrices is defined.

For SBHE, the modulation pattern is defined according to:
Bm"n:PJQQIW_l Zmsn (8)

where Z™"™ is a matrix with just one non-zero entry at the (m,n) position, Py2 represents N2 points scramble
operator and W is a block Hadamard transform operator of block size BS.'°

(b) (c) (d)

Figure 2. Example of modulation patterns, image size 128 x 128. (a) ODHE pattern, percentage of openings 50%. (b)
SBHE pattern, BS=16, percentage of openings 0.78%. (c¢) SBHE pattern, BS=32, percentage of openings 3.13%. (d)
SBHE pattern, BS=64, percentage of openings 12.50%.

Figure 2 depicts illustrative examples of an ODHE and a SBHE modulation patterns, where percentage of
openings represents the percentage of ‘on’ mirrors in the entire mirror array and BS stands for block size. In
block Hadamard transform,'! the underlying image is divided into BS x BS image blocks and a Hadamard
transform is performed on each small block. As can be seen, the SBHE pattern is much sparser than the ODHE
pattern. In turn, the light efficiency becomes much lower. Figure 3 shows the normalized axial response of an
infinitely thin plane with different modulation patterns. As can be seen from Fig. 3, the SBHE pattern offers
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Figure 3. The conjugate measurement of an infinitely thin plane as a function of its relative position to the in-focus plane
obtained by CCM with several modulation patterns. The system parameters are set as follows: DMD micromirror size
p = 13.68um, NA=1.4, M=100, excitation wavelength=633nm, emission wavelength=665nm, refractive index=1.515.

better optical sectioning ability compared to the ODHE pattern. The improvement in degree of confocality found
arises from the sparsity of SBHE pattern. It turns out that there is a tradeoff between light efficiency and optical
sectioning ability. By increasing the block size (BS) of the SBHE pattern, light efficiency increases whereas the
degree of confocality decreases. The problem of low light efficiency is not a major problem when operating in
reflection mode. While in fluorescence mode, the total number of collected photons greatly determined by the
light efficiency, this problem becomes crucial for obtaining high-quality images. However, this low light efficiency
could be resolved by using strong fluorophores. It is well known that for the Nipkow disk microscope (light
efficiency 1%) equipped with strong fluorophores can yield an image as good as that of a confocal laser scanning
microscope (CLSM). Thus, we could expect that CCM with SBHE pattern could also achieve comparative
performance as CLSM under strong fluorophores conditions.

2.2 Simulations and Experimental Results

In Fig. 4, we evaluate the performance of CCM as the object thickness changes. The performance of the
proposed approach is compared to that yielded by conventional wide-field microscopy. Figure 4(b) shows the
resultant images from compressive CM with ODHE patterns obtained by subtracting the recovered nonconjugate
image from the recovered conjugate image. Figure 4(c) shows images from compressive CM with SBHE patterns
reconstructed using conjugate measurement only. These results show that as the object thickness increases, due to
poor optical sectioning ability, the quality of the reconstructed images obtained with conventional microscopy and
CCM with ODHE starts to degrade, whereas, as shown in Fig. 3, CCM with SBHE yields much better sectioning
capability offering thus higher quality image for thick object compared to that of conventional microscopy. Note
that the performance of compressive CM with ODHE is competitive compared to that yielded by conventional
microscopy. In this simulation, the total variation minization algorithm is used for CS image reconstruction.'?

To further evaluate the performance of the proposed CCM in a real scenario, we design a hardware prototype
(testbed) that uses low cost and widely available components. In the experimental setup, shown in Fig. 5(b), the
objective used has a magnification of 40 and 0.63 NA. A DC regulated quartz halogen lamp is used as illumination
source. The source is collimated and projected to a Texas Instruments DMD of up to 1024 x 768, 13.68 x 13.68 um?
mirrors optimized at the visible spectrum. Each measurement matrix B "™ defines the position of the micro-
arrays in the DMD. Figure 5(a) depicts the reconstructed images yielded by the l; regularized least square
algorithm!® with the data captured using the experimental setup for two different modulation patterns with
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Figure 4. (a) Conventional wide-field imaging. (b) Compressive CM with ODHE pattern. (c) Compressive CM with SBHE
pattern, BS=32. Simulation parameters: micromirror size p = 13.68um, NA=1.4, refractive index=1.515, excitation
wavelength=633nm, emission wavelength=665nm, DMD size 1024 x 768, sampling rate=25%, image size=128 x 128. Top:
thickness=0.14pm. Bottom: thickness 7um.

a compression rate of 45%. Note that, the imaging target here is infinitely thin and CCM works in reflection
mode. In this case, CCM with ODHE and SBHE patterns yield comparative performance in agreement with the
simulation results of an thin object with thickness 0.14um.
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Figure 5. (a) Confocal images reconstructed using measurements obtained from the experimental testbed. Top: ODHE
projection patterns and Bottom: SBHE projection patterns, BS=64. For both the sampling rate=45%, image size=128 x
128. Imaging target: USAF-1951, group 5, element 4, 45.25 Ip/mm, feature size 11um (b) Experimental setup.

3. THREE-DIMENSIONAL IMAGE RECONSTRUCTION
3.1 Reconstruction Methodologies

In biological applications of confocal microscopy, the overview of an object with axial information is usually
required to resolve specific problems. Therefore, it is necessary to study how to realize 3D imaging in compressive



CM. In this section, we propose three methods for 3D image reconstruction. An overview of the three methods
is shown in Fig.6
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Figure 6. Three-Dimensional image reconstruction algorithms.

Approach 1: 2D slice-by-slice reconstruction

Two-dimensional slice-by-slice reconstruction is achieved by moving the target object along the axial direction,
obtaining 2D CS measurements of the corresponding slice at the in-focus plane and reconstructing each image
slice independently. I, regularized least square algorithm® or total variation minimization'? can be used to
recover the image at the in-focus plane from the set of random measurements. Note that this approach does
not exploit the inherent correlation that exists between adjacent slices, but it is computationally inexpensive.
Furthermore, this algorithm is highly parallelizable.

Approach 2: 3D joint reconstruction from full 3D measurement

Wakin et al.'* developed two 3D joint reconstruction methods for video streaming acquisition. In the first
method, the measured data is the random projections of one frame. While in the second method, the measured
data emerges from the entire frame ensemble. Both methods use 3D wavelets as a sparse representation. The
sensing matrix they used is a pseudorandom binary matrix. To load pseudorandom binary patterns onto DMD,
however, requires high memory resources and is computational complex. In our 3D reconstruction approaches,
instead of using pseudorandom binary patterns, we design a 3D sensing system based on SBHE, which enables
lower computation cost, faster image reconstruction and comparatively good image quality as that of dense
scrambled Fourier ensemble. Furthermore, compared with 2D slice-by-slice reconstruction, joint 3D reconstruc-
tion yields better reconstructed image quality. This improvement is mainly attained because a 3D wavelets basis
is used as the sparse basis. 3D data cube has a much sparser representation on 3D wavelets basis than on 2D
wavelets basis. As has mentioned in Section 2.1, the number of measurements we need to reconstruct an image is
proportional to its sparsity. Therefore, with the same number of measurements, a sparser representation usually
leads to higher reconstructed image quality.

The 2D slice-by-slice algorithm can be extended to the 3D case immediately by taking the block Hadamard
transform operator, W, in Eq. (8) as a 3D block Hadamard operator, leading thus to a 3D Hadamard transform
on each BS x BS x BS block within the permuted 3D image. To be more precise, consider a 3D image F' of
size N X N x N, F={fi(m,n)}, i=1,2,--- ,N; n=1,2,--- 'N; m=1,2,--- | N, f; represents a 2D image



of the i-th slice within the 3D data cube. The joint measurement matrix is defined as:

Wg 0 0
0o W ... 0

o = ) . . X Pns 9)
0 0 ... Wpg

where Wpg represents a 3D Hadamard transform operator for a BS x BS x BS volume and Pys is a pixel-
by-pixel 3D permutation operator. The corresponding DMD pattern Bmm’k:P&Sl(Il_lZm’"’k, where Z™mF is
a 3D matrix with only one non-zero entry at the position (m,n, k). Since DMD is comprised by a 2D mirror
array, we need to scan along the z-direction all the N slices in the DMD pattern B™™* to obtain one full 3D
measurement. Although this method provides better reconstructed image quality than approach 1, the required
image acquisition time is N times the acquisition time needed for 2D slice-by-slice reconstruction method. It is
even more time-consuming than conventional CM. To overcome this limitation, an alternative 3D reconstruction
approach based on 2D measurement is proposed next.

Approach 3: 3D joint reconstruction from 2D measurement

In approach 2, we measure the Hadamard coefficients of a permuted 3D image F}, = PysF'. Now, we relax the
requirement for the permutation operator. Instead of performing pixel-by-pixel permutation, we only permute
the pixel within each slice. Define such operator as Py = {P}‘\,z}7 i=1,2,---, N, with vaz representing the
pixel-by-pixel permutation for the i-th slice. Then the joint measurement matrix is defined as:

Ws 0 ... 0
0 Wz ... 0

o= . .| x P, (10)
0 0 .. Wsg

It will be shown shortly that, the projections of a 3D image onto this joint measurement matrix could be
obtained from a linear combination of 2D SBHE measurements of each single slice. For each slice, its 2D SBHE
measurements are obtained with the DMD pattern defined in Eq. (8) using P]i\,2 as the permutation operator for
the i-th slice. Then, the 3D measurements is obtained as follows.

A 3D Hadamard transform of a 3D data cube F(x,y, z) is defined as:

—1N-1

H(u,v,w) = ZZZny, H(z,y, z,u, v, w) (11)

where H(z,y, z,u,v,w) represents the transform kernel. Since Hadamard transforms are separable unitary
transform, H can be written as H(z, vy, z,u,v,w) = h(z,u)h(y,v)h(z,w), which means that Eq. (11) can be
performed by first transforming each slice of F' and then transforming each resultant array along the axial
direction to obtain H. Formally,

H(u,v,w) = ZZ Z (z,y,2 ,u)h(y,v) ZFgDuvz h(z,w), (12)

=0 z=0 y=0

where h represents an N x N binary Hadamard matrix, Fap(u, v, z) represents the 2D Hadamard transform of
the z-th slice. From Eq. (12), it can be seen that the 3D Hadamard coefficients H(u,v,w) are just the linear
combinations of 2D Hadamard coefficients Fop (u, v, z) of different slices in this transformed image. To obtain the
3D Hadamard domain measurements H (u, v, w), we just need to know the 2D Hadamard domain measurements
Fyp(u,v,2) of all the N slices, z = 1,2,..., N, which means that we need to sample at the position (u,v) of
Hadamard domain for each slice. So the sampling positions in the 2D Hadamard domain for each slice should
be the same. The randomness of the measurement matrix required by CS theory to maintain the incoherence
between measurement matrix and sparse basis is conserved by using different permutation operators for different



slices. Using this method, the measurements obtained from each slice could either be used independently for
the reconstruction of each slice, or we can use the linear combinations of these measurements to yield the
3D measurements needed for joint 3D reconstruction. The image acquisition time of this method is almost
the same as that needed in the 2D slice-by-slice reconstruction method. The time difference mainly lies in
the different time required for image reconstruction. The reconstructed image quality with this approach is
comparatively good as that yielded by approach 2, but the acquisition time is notably reduced. For both 3D
joint reconstruction approaches, l; regularized least square algorithm,? total variation minimization'? and other
reconstruction algorithms!® in CS can be used to recover the 3D data cube.

3.2 Simulations

Figure 7 shows reconstructed images obtained with the three different reconstruction approaches introduced
before. In this simulation, we have not considered the optical aspects of the system, but we add some random
noise with variance 0.01 to the ideal measurements. I; regularized least square algorithm? is used for image
reconstruction in the simulations in this section. Figure 8 shows the peak signal to noise ratio (PSNR) for each
slice yielded by the various approaches. As is shown in Fig. 8, for different image slices, the reconstructed image
quality varies. This difference is partly because the dynamic ranges of the original image slices are different. The
average PSNR for all the slices with approach 2 and approach 3 are approximately the same. Compared to the
slice-by-slice reconstruction approach, both 3D joint reconstruction methods offer significantly improved image
quality. For 128 x 128 x 128 3D image reconstruction, the average PSNR gain is about 4 dB.

(a) (b) (c)

Figure 7. Reconstructed image from SBHE based algorithm, sampling rate=30%, image size=128 x 128 x 128, reconstruc-
tion algorithm: [y regularized least square algorithm, additive noise variance=0.01. (a) 2D slice-by-slice reconstruction,
PSNR=23.8 dB. (b) 3D joint reconstruction from full 3D measurement, PSNR=29.0 dB. (c¢) 3D joint reconstruction from
2D measurement, PSNR=28.3 dB.

Now we consider a more realistic scenario where a non-ideal PSF is included in the simulation. The objective
used in this simulation has a magnification (M) of 100, 1.4 NA and a refraction index (n) of 1.515. The excitation
light wavelength A, is 633nm and the emission light wavelength A, is 665nm. The lateral resolution on the
image of the objective Aa = 24.2um, which is calculated by Aa = 0.513¢2 x M.16 Since a single DMD mirror
has a pitch of 13.68um < Aa, we use 2 x 2 DMD pixels to form a square superpixel. Thus for the imaging of a
128 x 128 x 128 3D volume, the pixel spacing on the object plane should be 273.6nm. In this simulation, 3D PSF
is approximated by a series of 2D PSF on the planes perpendicular to the optical axis, which cover about 3um
along the axial direction. This is generated by ImageJ Plug-in Diffraction PSF 3D.!” Figure 9 shows simulation
result with the above configuration using method 3.

In this section, we did not discuss ODHE based 3D reconstruction algorithm, because as has been shown
in Section 2, CCM with ODHE pattern does not provide good optical sectioning ability. While ODHE based
sampling is not well suited for confocal imaging systems, it may provide advantages over SBHE sampling methods
in other applications such as video processing, as ODHE sampling patterns exploit “aprior:” image information.
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Figure 8. PSNR for 128 x 128 x 128 3D image, sampling rate 30%. (a) 3D joint reconstruction from full 3D measurement,
mean(PSNR)=26.9 dB (b) 3D joint reconstruction from 2D measurement, mean(PSNR)=26.8 dB

Figure 9. Reconstructed image from SBHE based method 3, sampling rate=30%, image size=128 x 128 x 128, reconstruction
algorithm: [ regularized least square algorithm.

4. THEORETICAL ANALYSIS

The performance of the proposed imaging system depends on several factors. The resultant imaging quality can
be determined by considering the signal-to-noise ratio (SNR) as the performance measurement of the acquisition
system. There are a variety of noise sources in the signal chain. In fluorescence microscopy, where photobleaching
limits the total exposure and hence the number of photons that can be detected, photon counting noise (shot
noise) would be the dominant component. As it was shown in Ref[18], the number of photons hitting the detector
over a time period follows a Poisson distribution with mean equals to its variance. Thus the noise N = /S + B,
where S and B are, respectively, the number of detected signal and background photons. Then the signal-to-noise
ratio SNR = S/N = S/+/S + B.'® In CCM, the detected signal contains contributions from all micromirrors at
the 'on’ position. Thus, if there are K such 'on’ positions, and suppose the signal and noise level at each position
are the same, then we have SNR = KS/VKS + KB = VKS/\/S+ B. Therefore, compared to conventional
imaging system using CCD detectors, CCM offers greatly improved SN R.

In Table 1, we provide a complexity comparison of conventional confocal microscope, compressive confocal
microscope (CCM) and programmable array microscope (PAM) with respect to their acquisition time, number of
measurement and dynamic range required by the sensor. As for CCM, we consider the configuration required for
Approach 1 and Approach 3 that were introduced in Section 3. Assuming that the time (t) to get one snapshot of
the image is the same for the three systems. In conventional CM, only one point is measured at a time, therefore
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Table 1. Complexity comparison of the three confocal imaging systems.

Conventional CM CCM PAM
Acquisition time N3t M xt+t, (nzjz ) X Nt
Number of measurement N3 M . JN?’
Dynamic Range D Dx K D

to form the whole N x N x N thick image, it requires an acquisition time of N3¢t. While in PAM with a grid
pattern, if n,n, multiple points are measured at one time, the acquisition time will be reduced to (#jy) x Nt.
In CCM, the image formation time that includes the image acquisition time for obtaining the M measurements,
M x t, and the time ¢, for computing the non-linear optimization program to reconstruct the original image is
Mt+t,. Since in CCM, a single detector is used to detect contributions from K illuminated pixels, the dynamic

range required is increased from D to KD.

5. CONCLUSIONS

In the proposed CCM, a DMD is used to efficiently scan the 2D or 3D specimen. The measured data in the
CCM system emerge from random sets of pinhole illuminated pixels in the specimen that are linearly combined
(projected) and measured by a single photon detector. Compared to conventional CM or PAM, the proposed
CCM has the potential advantage of simplifying the hardware and optical complexity of confocal imaging systems
by off-loading the processing from the data acquisition stage into that of image reconstruction which is software
driven leading thus to a lower-cost imaging system. Furthermore, it offers the unique optical sectioning property of
confocal imaging at reduced sampling rate. To further improve the system, we designed a 3D joint reconstruction
method to fully exploit the correlation between image slices within the 3D image volume. Compared to 2D slice-
by-slice method, this method offers significant increased PSNR in reconstructed image, while the computational
complexity remains practically the same.
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