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Featured Application: This technique is mainly used in the field of lensless imaging of living cells.

Abstract: The lensless imaging technique, which integrates a microscope into a complementary
metal oxide semiconductor (CMOS) digital image sensor, has become increasingly important for the
miniaturization of biological microscope and cell detection equipment. However, limited by the pixel
size of the CMOS image sensor (CIS), the resolution of a cell image without optical amplification is
low. This is also a key defect with the lensless imaging technique, which has been studied by a many
scholars. In this manuscript, we propose a method to improve the resolution of the cell images using
the Brownian motion of living cells in liquid. A two-step algorithm of motion estimation for image
registration is proposed. Then, the raw holographic images are reconstructed using normalized
convolution super-resolution algorithm. The result shows that the effect of the collected cell image
under the lensless imaging system is close to the effect of a 10x objective lens.

Keywords: lensless imaging; Brownian motion; super-resolution

1. Introduction

Since the late 2000s, the lensless imaging technique based on CIS has enabled the creation of
integrated microscopes on a chip scale [1,2]. Using this technique to collect cell micrographic images
has become a novel technique in the cell analysis aspect of point-of-care testing (POCT), which plays
an important role in biological research, disease diagnosis, and new drug development [3-9].

As lensless imaging is not focused and amplified by an optical lens, some problems are experienced,
such as diffraction and low resolution, in the lensless imaging system. To solve the diffraction problem,
two different methods have been researched. The Yang research group (California Institute of
Technology) produced a near-diffraction-free cell imaging system by narrowing the distance between
the cells and the photosensitive surface of CIS [10-13]. The Ozcan research group (University of
California) irradiated cell samples using a near-coherent light source to obtain holographic images and
reconstruct the focused images using an iterative algorithm [14-22].

The Yang research group made cells flow through a microchannel in the microfluidic chip and
obtained sub-pixel displacement both horizontally and vertically, which can be used by multi-frame
super-resolution reconstruction [23]. Due to the stable flow rate of the diluent in the microchannel, the
motion of cells in the diluent is close to uniform motion in a straight line. The sub-pixel displacement
of cells can be accurately estimated using the averaging method to accurately register multi-frame
images of cells. However, Ozcan’s group used a multi-light source scheme to achieve sub-pixel
displacement for multi-frame super-resolution reconstruction [24,25]. In this scheme, two frames
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of exposure have different positions of point light source, and the cell shadow image displays the
corresponding displacement. The sub-pixel displacement achieving the multi-frame super-resolution
can be obtained by adjusting the distance between the point light sources. These two methods can
determine the inter-frame motion of the cell image using an external device, and then obtain multi-frame
low resolution images with sub-pixel displacement information to synthetic a high resolution image.
However, these additional devices inevitably increase the volume of the system. KyeoReh Lee propose
a clever method to extend the numerical aperture by synthetic Fourier transform light scattering
in in-line holographic microscope [26]. Combining the advantages of above methods, the key to
improving the resolution is to capture the sub-pixel displacement information of cells images.

To improve the resolution of cell images, the multi-frame super-resolution algorithm is used.
Because of the low signal-to-noise ratio (SNR) of the image captured by lensless imaging system, a robust
algorithm is needed to suppress the noise. Among all kinds of multi-frame super-resolution algorithms,
a non-linear interpolation algorithm, normalized convolution (normalize convolution) proposed by
Kuntsson Group [27], performs strongly in anti-noise interference. However, the Kuntsson’s algorithm
cannot be extended to the edge of the image. Subsequently, Pham [28] proposed a robust normalized
convolution algorithm based on tensor, which uses the Gaussian kernel function to represent the size
and direction of the neighborhood.

The literature shows that all tiny objects make Brownian motion in fluid, and the cells are no
exception in liquid [29]. According to the characteristics of Brownian motion direction and random
displacement, we present a super-resolution method for a lensless imaging system based on Brownian
motion. Using the inherent Brownian motion, the super-resolution of cell images in a lensless system
can be realized without additional devices, such as an injection pump and a matrix light source. To
ensure that the idea could be realized, we used an optical microscope to observe the direction and
velocity of cells undergoing Brownian motion. We found that the cells adhere to Brownian motion,
and the small direction of motion displacement was random, which is particularly suitable for a
multi-frame super-resolution algorithm. In this manuscript, we propose a two-step motion estimation
algorithm for performance image registration and a convolution normalization algorithm to conduct
super-resolution reconstruction. The specific method is described below.

2. Materials and Methods

In this study, the observation window of the microfluidic chip located above the CIS was used to
collect the multi-frame images of blood cells. The diluted blood was injected into the microfluidic chip
with a syringe, and the diluent flow in the observation window was stopped for a period of time. Cell
images can only be acquired by the Brownian motion of the cells suspended in the diluent. Due to the
large volume of cells, cells basically moved in a balanced position, the displacement was small, and the
speed was slow. In this case, the motion blur of the image was not serious during the exposure of
400 ms, which was beneficial for high-precision image registration.

The Brownian motion of cells was used to determine the sub-pixel displacement. The direction
and speed of the motion were random. It was necessary to use multi-frame motion estimation to
complete the image registration. In this study, the blind estimation method was used to estimate the
cell displacement between two frames. First, the target detection algorithm was used to capture the
cell position in the field of view (FOV) region. According to the system structure shown in Figure 1,
due to the diffraction, the size of the cell diffraction image was four times larger than the focused
cell image. There were several cells in a FOV, and every cell was independent, which is different
from the super-resolution displacement based on the light source. In the whole image, only cells are
displaced; the background is not. This issue can be solved by segmenting the cell and its background
region. Here, the whole image was segmented according to each cell and its surrounding area, and the
segmented area formed a sub-image with only one cell. High-resolution cell images could be obtained
by separately attaining the super-resolution of these sub-images. This method is better for cell motion
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estimation. Without super-resolution of the whole image, the amount of data in image processing will
be greatly reduced.

We describe the details of the algorithm that was used for the super-resolution in this manuscript.
The most important problem we encountered in achieving multi-frame super-resolution was estimating
the displacement of the cells. Here, we used the blind estimation method and Keren’s method to
estimate the motion. We simultaneously needed to study the Brownian motion of the live cell and
determine the mode of Brownian motion of the cell and the statistical distribution of the displacement.

2.1. Lensless Imaging System

To facilitate the acquisition of living cell images, we proposed a lensless imaging system that was
constructed using a near coherent light source, CIS, and microfluidic chip. The overall structure of the
system is shown in Figure 1.

pinhole \ ;: / /
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(a) (b)

Figure 1. The structure of a lensless imaging system: (a) the general structure of the system and (b) the
observation window of the microfluidic chip.

The near coherent light source was composed of a blue light emitting diode (LED) and a pinhole.
The common 3 W blue-emitting LED was monochromatic, and the 100-um-diameter pinhole ensured
that the light through the pinhole was closer to the ideal point light source. The diffractive shadow
image of the cell sample irradiated by this light source can reconstruct the focus image of the cell plane
using the in-line holography technique. The microfluidic chip can ensure that the diffracted shadow
of the cell sample injected by the injection pump is not aliasing on the surface of the image sensor.
Simultaneously, microfluidic chips keep all cells in the same plane, which is more accurate than the cell
counting plate. In the polydimethylsiloxane (PDMS) microfluidic chip, the height of the observation
window was 30 pm, which means that the cells were close to the surface of the CIS without affecting
the movement of the cell in the plane direction. A grayscale CIS (Aptina MT9P031, Micron Technology,
Boise, ID, USA) was used to obtain the holography images of cells. The pixel size of the CIS was
2.2 um, the effective pixel size was 2592 H X 1944 V (5.7 mm X 4.2 mm), and the imaging area reached
~24.4 mm?.

In the lensless system, we continuously collected the shadow images of the cells in the observation
window. In the multi-frame image, the motion direction of each cell was different due to the Brownian
motion of the cells, and the super-resolution reconstruction could not be performed on the whole
image. Therefore, only local multi-frame super-resolution could be applied to each cell image. To find
a suitable super-resolution algorithm, we first needed to study the Brownian motion of cells. We
observed the Brownian motion of cells under light microscopy, and obtained the statistical parameters
of Brownian motion, which laid the foundation for selecting the motion estimation algorithm.
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2.2. Shifting Parameters of Brownian Motion of Cells

To determine the displacement parameters of cell Brownian motion, a 10X objective lens was used
to obtain multi-frame images of the cells. When the cells were suspended in the diluent blood, the
motion estimation algorithm was used to estimate the displacement of cells undergoing Brownian
motion. If the shape of a living cell is close to a circle, the rotation angle is small in two frames.
To accurately observe the Brownian motion of cell movement, we used an inverted biologic microscope
(MI 52, Mshot, Guangzhou, China) to capture the movement of living cells in the microfluidic chip.
The whole blood was diluted by phosphate-buffered saline (PBS) to 1:10,000 and then injected into
the microchannel of the microfluidic chip. After the fluid was stabilized in the microchannel, it was
observed under a microscope with a 10x objective, and the video was captured using a microscope
camera (MS60, Mshot, Guangzhou, China) for post-processing. We used MATLAB (Version: 2016a,
Natick, MA, USA) to identify the centroid of each cell, which used a threshold segmentation algorithm
for the first frame of the captured video, and to segment the image within 200 pixels centered on
the location of the centroid of each cell. All subsequent frames were segmented using this centroid
position. Under a 10X objective lens, the cell size was about 40 X 40 pixels and the Brownian motion
did not exceed 70 pixels, so the selection of 200 pixels ensured that the cell would not move out of
this range in a short period of time. The video capture frame rate was 14 frames per second (fps), and
we used a 10 s video to estimate the distance of movement for each cell. The motion was estimated
using the frequency-domain motion estimation algorithm in a 140-frame image of the same cell in the
video sequence, and the cell motion vector was obtained. This frequency domain motion estimation
algorithm is not accurate and is generally used for rough estimation, which can accurately estimate the
whole pixel displacement.

According to the above method, when the cells were subjected to Brownian movement, the circular
blood cells did not rotate substantially but the translation was large. With an average translation
distance of 30 pixels, the maximum value was 70. In a lensless system, the average displacement was
three pixels, and the maximum value was seven pixels. Therefore, we proposed a two-step method
for motion estimation. Specifically, we used the above-mentioned frequency domain transmission to
estimate the integer pixel, and then we used the Keren method to estimate the sub-pixel motion.

2.3. Super-Resolution Reconstruction Algorithm for Cell Image in a Lensless System

2.3.1. Motion Estimation Algorithm

Due to the random direction of Brownian motion, we used multi-frame super-resolution technology
to reconstruct the super-resolution image, and extracted the multi-frame image of Brownian motion
for super-resolution image reconstruction. To examine super-resolution in a lensless system, we set up
an observation model of a low resolution image, and then reconstructed a high resolution image using
a multi-frame low resolution image using this model. In this study, the super-resolution algorithm of
the image can be analyzed using the observation model shown in Figure 2.

This system symbolizes the cell transmitted to the surface of the sensor shadow image, and is
similar to the image captured by a high-rate optical microscope. The acquisition of low-resolution
image sequences can be represented as follows:

Yk = MyB DX + Ny. (1)

In this system, the blur matrix By and the down-sampling matrix D are known. The blur matrix is
mainly caused by diffraction, and the down-sampling matrix is determined by the pixel size and pixel
spacing of the CMOS image sensor. The M of each cell in this system is unknown, but the motion
vector can be estimated by the motion estimation algorithm. Therefore, the key problems of the cell
image super-resolution algorithm are motion estimation and high-resolution image reconstruction.
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Figure 2. Multi-frame super-resolution observation model, where X (x, y) is the original image and this
image is a high-resolution image. My represents the translation and rotation caused by the inherent
Brownian motion of the cell; By represents the blurring of optics, motion, and sensors; D represents
the down sampling, where the pixel units of the sensor are arranged tightly, and the down-sampling
matrix is determined by the pixel size; and noise Nj is mainly introduced by the sensor thermal noise.

Motion vectors must be known before high-resolution image reconstruction. Therefore, we first
introduced the motion estimation algorithm in this system. Based on the research on Brownian motion
displacement, we decided to use the two-step method to estimate the motion.

In the first step, the Fourier-Mellin method was used to coarsely estimate the integer pixel
displacement [30,31]. Assuming the reference image is I and the image to be registered is I, and I (x,
y) and I(x, y) are the pixel grayscale of the two images at coordinates (x, y). If the Fourier transform of
I and I, are F1(u, v) and F,(u, v), then F; is

Fa(u,v) = Fy(u,v)e 1 (W0+2%0) (2)
Its mutual power spectrum is
Fo(u,v)F;(u,v )
Corr(u, v) — M =@ (u, 'U) — (p(u’ 'U) — e](uonrvyo)/ (3)
|F1(u,v)F; (u,v)}

where corr(u,v) becomes a phase correlation function, in which the image I1(x,y) is translated (x,y0)
and rotated by 6 to obtain the image I5(x,y), which is shown as follows:

I = I1(xcos 0 — ysin 6 + xq, y cos O + xsin O + yo). 4)
This was Fourier transformed:
Fa(u,v) = /™0 F?%0) F, [(4 cos Oy — vsin Oy), (vsin O + u cos 0p)], (5)
If the amplitude spectra of F1(u,v) and F»(u,v) are M1(u,v) and M;(u,v), then
Mo (u,v) = My (u,0)[(ucos Oy — vsin Oy), (vsin By + 1 cos Gy)], (6)

Equation (6) shows that the amplitude of the spectrum is related to its rotation angle 0y and is
independent of the translation amount (xg,yo) of the image. Therefore, 8 and (x,yo) can be calculated
separately. First, the rotation angle 6y is calculated in the frequency domain, and then (1,v) in the image
amplitude spectrum is transformed into polar coordinates (p,0). The relationship between them is

u=pcos0, @)

v = psin0, ®)
Obtained from Equations (7) and (8) is

Ma(p,0) = Mi(p, 60— 0p), )
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Following this process, the rotation angle 0 is calculated, followed by the translation amount
(x0,Y0); thus, the estimation of the integer pixel displacement coarseness is completed.

In the second step, the motion estimation algorithm proposed by Keren et al. [32] was used to
estimate the sub-pixel displacement.

As above, assume that the reference image is I; and the image to be registered is I, and I; (x,y) and
I>(x,y) are the pixel grayscale of the two images at coordinates (x,y), respectively. Image registration can
be described as the mapping between the spatial coordinates and gray distribution of the two images.

L(x,y) = G(Ii(H(x, y))), (10)

where H is the two-dimensional coordinate transformation, and G is the one-dimensional gray-scale
transformation. The purpose of image registration is to obtain the optimal coordinate transformation H
and gray transform G. Image geometric transformation can be divided into rigid body transformation,
affine transformation, projection transformation, and nonlinear transformation. Since the deformation
of the cells in multiple frames is negligible during cell microscopy, the rigid body motion of cells can
be approximated. The Keren algorithm is a registration method based on rigid body transformation.
Its transformation model is also expressed in Equation (4). If 6 is small, cos@ and sinf are expanded by
the Taylor series, and Equation (4) can be expressed as

x6? 6,2
L(x,y) zll(x—l—xo—yeo—To,y+yo+x60—y70). (11)

Then, Equation (11) can be expanded with a two-dimensional Taylor series, which is

N x@oz &11 yeoz 3[1
Iz(x, y) ~ I (x, y) + (XO y60o > ) ox + (yo + x69 2 oy . (12)

Therefore, the error between the reference image and the image to be registered is approximately,
as follows:

002\ oI
E(x0, Y0, 60) = Z[h (v, y) + (xo — Y0y - xTO) !

y902)811
Xy

2
-+ (yo +x00 - - e - I(x, y)] : (13)

The registration parameters, such as x, o, and 6y, which minimize E(xy, yo, 8p) in the equation
above, are the estimated registration parameters. Equation (14), with respect to the partial derivatives
of x9, yo, and 6y, and such that the partial derivatives are equal to zero, can be obtained as follows:

X =Cly, (14)
where the vector X, C, V can be expressed as follows:

XZ[XO ]/0 90], (15)

2
_ oI, oI Pt o1
Za—yl ZRa—yl Y. R?
Z‘;;i(h—lz)
ol dl
— oh iy _ ) e §
Vv=| Y y(h L) |,R x&y yax. (17)
Y.R(I; - Ip)
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The solution in Equation (17) is the translation and rotation parameters estimated by Keren [32].
The Keren method is suitable for small amplitude translation and rotation with high accuracy. Therefore,
it is suitable for precise estimation as a two-step estimation method. The accuracy of image registration
can be improved using the first step of integer pixel image registration and then Keren estimation,
which provides a good foundation for the super-resolution reconstruction of subsequent cell images.

2.3.2. Normalized Convolution Super-Resolution Algorithm

The displacement parameters of the cells are obtained using motion estimation. In this study,
a normalized convolution-based (NC) method based on Pham et al. [28] was used to reconstruct
low-resolution cell images. In this algorithm, we used the Taylor series expansion to obtain the intensity
at the point s,

f(s,50) = p(x,y) = polso) + p1(s0)x + p2(s0)y + pa(s0)x* + palso)xy + ps(s0)y* +...,  (18)

where p; is the projection coefficient, which is the partial derivative of p;(sy) for the basis function at
point sg.

e(sp) = f(f(s) —f(s,so))zc(s)a(s —50)ds, (19)

where c is the deterministic function of the signal, whose range is 0 to 1. The 0 represents unreliable
and the 1 represents reliable. a(s — sg) is a window function, which is the fitness function. According to
the Equation (19), the p can be written in the form of a matrix,

p= (BTWB)_lBTWf, (20)

where f is an N X 1 matrix of input intensity f (s), B is an N X m matrix of basis functions, and W =
diag(c) ... diag(a) is an N X N diagonal matrix.
The least-squares solution in Equation (20) can be written in the form of convolution operation:

:a®(c~f)

a®c (21)

fo
where fp is the interpolated image, ® is the convolution operation, and ¢- f is the pixel-wise multiplication
of the certainty.

2.3.3. Reconstruction of the Focus Plane Image Algorithm

In a non-lens system, visible light causes a diffraction phenomenon in the process of reaching
the photosensitive surface of the pixel of the CMOS image sensor through the cell sample due to
the absence of focus light in the lens system. As mentioned earlier, the original diffraction image is
reconstructed using coaxial holography after super-resolution reconstruction. The transfer function of
the diffraction model is

S B [ BT S 1 o)
0, otherwise
where d is the distance from the cell sample to the surface of the sensor and A is the wavelength
of visible light. Based on this transfer function, the relationship between the image surface (the
photosensitive surface of the graphic sensor) and the image of the object surface (the cell sample plane)
can be obtained as follows:

Y(e,n) = F(e,n)-Hale,m), (23)
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where Hj(¢e,n) is the transfer function and Y(e,n) is the scalar diffraction model described in Equation (1),
which represents the frequency domain image of the two-dimensional intensity and phase distribution
of y(x,y) on the image surface, and F(e,n) represents the frequency domain image of the two-dimensional
light intensity and phase distribution f(x,y) on the object surface. The lensless system obtains the image
surface image y(x,y), based on Equation (23) to obtain the object surface image;

foy) = F[Y(e,n)-Hy (e,m)], (24)

Due to the missing phase, the in-line holography technique has inherent zero-level image
interference. IT can be iteratively eliminated using the zero-level image method we studied earlier [33].
Through the above algorithm, a clear high-resolution image of the cells can be reconstructed.

2.4. System Experimental Method

To verify the final effect of the algorithm, the system used the most commonly observed microscopic
blood cells to conduct the experiment. First, the whole blood cells were diluted 1:10,000 with buffer
solution, then the diluted blood samples were injected into the microchannel of the microfluidic chip.
The dilution concentration mainly ensures that the cells can be evenly distributed in the observation
window and that there is a certain distance between them to ensure that the diffraction patterns do not
overlap. Then, the image sensor can be used to capture multi-frame images. Finally, the microfluidic
chip was loaded into the lensless imaging system and the distance between the microchannel and
the image sensor was fixed; then, the collected image was sent to MATLAB software for processing,
and the image was registered using the local image registration. After the normalized convolution
super-resolution algorithm and the de-blur and diffraction algorithm, the high-resolution image of
each cell was obtained, and the final result is provided in Section 3.

3. Results and Discussion

The cell images obtained by the lensless imaging system were registered using two-step motion
estimation. Then, through the above-mentioned method, the final red blood cell images, which had an
8% super-resolution reconstruction, were obtained as shown in Figure 3.

Figure 3 shows that the resolution of the direct reconstruction of the focus plane from the raw
hologram was very low, and the resolution greatly improved after super-resolution reconstruction.
The high resolution reconstruction of the focused cell images was comparable to the 10X objective lens
imaging results. The numerical aperture (NA) of the objective lens was 0.45, so the spatial resolution of
the objective lens was 0.61 um. The pixel size of CIS in the proposed system was 2.2 um. According to
the Nyquist criterion, the spatial resolution of the original image obtained by the lensless imaging
system was 4.4 um. The proposed algorithm improved the resolution of the image by eight times, and
the spatial resolution could reach 0.55 um. Therefore, the 10X objective lens (NA = 0.45) is used for the
reference system in this paper.

To establish a clearer representation of the increasing resolution, Figure 4 presents the grayscale
change of the different resolution result in Figure 3. As the multi-frame super-resolution does not
require cell flow, this super-resolution method can image the same cell over a long period of time. In
some special cases, the single-cell super-resolution algorithm based on Brownian motion can solve
the Brownian motion problem of cells in suspension, and lays the foundation for the application of a
lensless system.
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Holographic image Low resolution High resolution 10X objective lens

Figure 3. The super-resolution results. (a,e) A raw holographic image of polystyrene microbead (5 pm
in diameter) and red blood cell (RBC). (b,f) A low resolution image on the focus plane. (c,g) The
high-resolution image on the focus plane. (d,h) A micrographic image using a 10x objective lens. The

(d)

Polystyrene
microbeads

scale bar is 10 pm.
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Figure 4. The super-resolution of sample images comparison. (a) A low-resolution image of bead.
(b) A high-resolution image of polystyrene microbead. (c) The grayscale change curve of the lines in
(a,b). (d) A low-resolution image of RBC. (e) A high-resolution images of RBC. (f) The grayscale change

curve of the lines in (d,e).

4. Conclusions

In this manuscript, we proposed a multi-frame super-resolution method that uses cell Brownian
motion for lensless microscopic imaging. This method uses the inherent Brownian motion of tiny
objects as a method to extract the sub-pixel displacement information of cells, greatly reducing the
volume of the device by making the cell or cells project motion without a device that makes the
cell shadow move. In this method, the cell image resolution achieved is similar to that of a 10x
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objective lens (NA = 0.45) using the multi-frame super-resolution method. The method proposed in
this manuscript can be used for long-term observation of living cells under a non-lens imaging system,
and further promote the practical application of the non-lens system. The method simultaneously
provides a novel super-resolution method capable of managing the irregular movement of living cells
or microorganisms in liquids under lensless imaging systems.
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