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A Robust Recognition Error Recovery for Micro-flow Cytometer by Machine-learning
Enhanced Single-frame Super-resolution Processing
Xiwei Huang, Xiaolong Wang, Mei Yan, Hao Yu*
School of Electrical and Electronic Engineering, Nanyang Technological University, Singapore 639798
Email: haoyu@ntu.edu.sg
Abstract:
With the recent advancement in microfluidics based lab-on-a-chip technology, lensless imaging system integrating microfluidic
channel with CMOS image sensor has become a promising solution for the system minimization of flow cytometer. The design
challenge for such an imaging-based micro-flow cytometer under poor resolution is how to recover cell recognition error under
various flow rates. A microfluidic lensless imaging system is developed in this paper using extreme-learning-machine enhanced
single-frame super-resolution processing, which can effectively recover the recognition error when increasing flow rate for
throughput. As shown in the experiments, with mixed flowing HepG2 and Huh7 cells as inputs, the developed scheme shows
that 23% better recognition accuracy can be achieved compared to the one without error recovery. Meanwhile, it also achieves
an average of 98.5% resource saving compared to the previous multi-frame super-resolution processing.
Key words:
Microfluidic lensless imaging; Recognition error control; Single-frame super-resolution processing; Extreme learning machine.
1. Introduction
Flow cytometer has been widely deployed in biological
research and clinical diagnostics to automatically determine
the number or concentration of one or multiple types of cells
[1-6]. The measurement is performed by passing a narrow
stream of cells through a focused laser beam, and optical
signals such as forward scattering (FSC), side scattering (SSC),
fluorescent light emission (FL) are simultaneously measured
to obtain cell information such as size, granularity or internal
complexity [1-3]. It is, however, associated with high cost and
low portability with the usage of bulky and expensive optic
lens. Moreover, most existing flow cytometers rely on nonimaging techniques for cell recognition, hence are intrinsically
less accurate than microscopy analysis. With the recent
advancement in microfluidics based lab-on-a-chip technology,
microfluidics-based lensless imaging system [7-14] provides a
promising alternative to develop imaging-based micro-flow
cytometer with system minimization.
The microfluidic lensless imaging system in [7-14] directly
integrates microfluidic device on top of CMOS image sensor
[14-15] in close proximity. The cells flow through a
transparent poly-dimenthyl-siloxane (PDMS) microfluidic
channel with spatially incoherent broadband white light
illuminated from above. As such, the projected cell shadow
images with classical diffraction pattern can be captured by
the CMOS image sensor underneath without lenses as shown
in Fig. 1(c-d). After processing the captured cell images, the
cell type can be recognized, and the cell number can be
enumerated.
Due to the limitation from the size of CMOS image sensor
pixel, the lensless imaging system has limited resolution.
When cells flow through the microfluidic channel with high
speed, the motion blur or loss of resolution is further resulted

with details of high spatial frequency filtered out. Thus, the
directly projected cell shadow images are generally in low
resolution (LR). The LR images have little information of cell
internal structures and will result in recognition error, which
is the primary challenge for developing imaging-based microflow cytometer when compared to the traditional flow
cytometer. Therefore, one needs to develop recognition error
recovery scheme for micro-flow cytometer.
In this article, a microfluidic lensless imaging system is
introduced with recognition error recovery under various
flow rates. It is based on an extreme-learning-machine [16]
enhanced single-frame super-resolution (SR) processing [1722]. By assuming randomly generated weights with single
hidden layer, the Extreme Learning Machine (ELM) can
provide fast solution for the generalized feed-forward neural
networks with many applications such as bioinformatics,
image processing, etc [16]. As shown in Fig. 1(d), the system
is targeted for counting flowing cells that can achieve similar
accuracy and throughput as the traditional flow cytometer.
For resolution improvement, ELM based single-frame SR
processing is employed, where static high-resolution (HR) cell
images obtained from microscope are firstly classified and
stored as off-line training cell image library, which contains
the detailed internal cell structure information existing in
high frequency (HF) components. Then, one model can be
generated from the training library. Thus, one can deploy online single-frame SR processing to generate an SR image by
recovering the necessary HF components for a LR cell image
using the trained model. Note that the recovered SR image
and HR image has the same size. Then the recognition of
flowing cells can be thereby performed by checking for the
strongest structure similarity of the SR image with the HR
images of different types.
As in lensless microfluidic cytometer the cell motion blurs
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or loss of resolution happen when increasing flow rate for
throughput, here a robust recognition error recovery is
developed by tuning the ELM based SR magnification factor
under different flow rates. More specifically, if the flow rate is
low, the SR magnification factor can be set low to meet the
requirements of cell recognition accuracy. If the flow rate is
high to cause more blur, the SR magnification factor is
increased to recover cell images with more internal
information for better recognition. Thus, the recognition
error can be effectively controlled based on such a machinelearning enhanced SR processing. As shown in the
experiments, with mixed flowing HepG2 and Huh7 cells as
inputs, the proposed scheme shows 23% better recognition
accuracy when compared to the one with no error recovery.
Moreover, an average of 98.5% resource saving for singleframe SR can be achieved when compared to the previous
multi-frame SR processing [8].
The rest of this paper is organized as follows. In Section 2,
the related microfluidic systems are reviewed. Then, the
proposed microfluidic lensless imaging system is introduced
with recognition error recovery in Section 3. Next, the
machine-learning enhanced SR processing is discussed in
Section 4, and the detailed recognition error control flow is
presented in Section 5. The simulation results are shown in
Section 6 with conclusions in Section 7.
2. Related works
Fig. 1 shows some of the existing microfluidics-based labon-a-chip systems. Fig. 1(a) is a digital microfluidic system
that uses electro-wetting-on-dielectric to manipulate discrete
microfluidic droplets with an external camera for monitoring
[23-25]. The error recovery is based on a cyberphysical
resynthesis technique to recompute the droplet routing
schedules [24]. The system depicted in Fig. 1(b) uses the
lensless imaging principle for cell recognition and counting
with static cells placed in between cover slides [10]. Different
from the above mentioned, the microfluidic lensless imaging
system [7-14] captures and processes the shadow images of
flowing cells for recognition and counting. The main
limitation comes from the limited resolution at high flow rate.
Resolution improvement is usually the first step before
recognition, where SR processing can be utilized to produce
HR images from observed LR images [17-22]. Previous
microfluidic lensless imaging system [8] employs a multiframe SR processing with one high resolution (HR) image
reconstructed from a large number (40 to 100) of sub-pixelshifted LR cell images. In order to accurately capture the subpixel motions within multiple frames, the cell detection uses
a drop-and-flow scheme as shown in Fig. 1(c). It thereby
requires a slow capillary flow speed that limits the
throughput for the cell recognition and counting. In addition,
the storage of multiple cell images is huge with hardware
implementation. As such, a cost-effective single-frame SR
processing is imperative to develop.
Moreover, to tackle the recognition error resulted from cell

motion, active error control is needed, either from the
microfluidic flow rate control to reduce the blur or increase
the SR magnification factor to improve the resolution.
Previous digital microfluidic system has already employed
cyber-physical error recovery [23-26], but there is no work on
recognition error recovery for the microfluidic lensless
imaging system with flowing cells. As such, a quality-ofservice (QoS) aware control is also required to consider
recognition error recovery under various flow rates.
3. Microfluidic lensless imaging system with recognition
error recovery
Towards accurate flowing cell recognition and counting, as
shown in Fig. 2, the proposed microfluidic lensless imaging
system with recognition error control includes three
components discussed below, namely physical sensing, cyber
recognition, and cyber-physical recognition error recovery.
Table 1 summarizes the main notations used throughout this
paper.
3.1. Physical sensing: microfluidic lensless imaging
In microfluidic lensless imaging system, the CMOS image
sensor captures the projected LR cell shadow image 𝐼𝑚×𝑛 ,
where 𝑚 and 𝑛 are row and column pixel numbers. Hence
the spatial resolution Res of 𝐼𝑚×𝑛 is determined by pixel size
Dpix, i.e.,
𝑅𝑒𝑠 = 𝐷𝑝𝑖𝑥 .

(1)

In such a classical diffraction system, the shorter object
distance Dobj is between the cell and sensor pixel array, the
higher contrast 𝐶𝑜𝑛 is for the captured LR cell image 𝐼𝑚×𝑛 ,
i.e.,
𝐶𝑜𝑛 = 𝑓�𝐷𝑜𝑏𝑗 � = 𝐴/ �1 + �

𝐷𝑜𝑏𝑗 𝐵
𝐷

� �

(2)

where A is the contrast amplitude, D is the characteristic
distance, and B is the shape parameter [27]. Thus, the
microfluidic channel height 𝐻 should be just slightly higher
than the cell size. The channel width 𝑊 is moderately
selected to ensure that cells can flow smoothly in a straight
and predictable manner [8].
The cell flow is driven by an external pump, which is
programmable through its USB interface with external PC so
that the flow rate 𝑅 μL/min can be tuned in real time.
Assume there is a single channel design on sensor surface,
then the cell flow speed 𝑉 becomes 𝑉 = 𝑅/(𝑊 ∙ 𝐻)
considering the laminar flow effect.
To have high throughput detection, it requires the
microfluidic flow rate 𝑅 to be as high as possible. However,
when the pump flow rate 𝑅 is too high, the captured LR cell
images will become blurred due to the shutter speed
limitation from the CMOS image sensor. Assume the
exposure time of the sensor is texp, then the pump flow rate 𝑅
corresponding to 𝑝 pixel blur is
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𝑅 = 𝑊 ∙ 𝐻 ∙ 𝑉 = 𝑊 ∙ 𝐻 ∙ 𝑝 ∙ 𝐷𝑝𝑖𝑥 ⁄𝑡𝑒𝑥𝑝 .

(3)

The blurred LR cell images lose the characteristic to
accurately recognize the cell.
3.2. Cyber recognition: ELM enhanced super-resolution
After obtaining the LR cell images 𝐼𝑚×𝑛 from the CMOS
image sensor, the PC software processing starts to perform
the SR processing and recognition.
We use an extreme-learning-machine [16] enhanced
single-frame SR processing, namely ELM-SR, with details
discussed in Section 4. Generally speaking, the ELM-SR is
composed of off-line training and on-line testing. A series of 𝑡
HR cell images 𝐼𝑀×𝑁 (𝐻𝑅) and their corresponding 𝑡 LR cell
images 𝐼𝑚×𝑛 are first selected as the off-line training library,
where 𝑀 and 𝑁 are the row and column pixel numbers of HR
images. Assume that the magnification factor between the LR
and SR image is 𝐹𝑚𝑎𝑔 , then 𝑀 = 𝑚 ∙ 𝐹𝑚𝑎𝑔 and 𝑁 = 𝑛 ∙ 𝐹𝑚𝑎𝑔 .
After obtaining the training model that generates HF
components from LR images, the on-line testing takes one
input LR image 𝐼𝑚×𝑛 to provide one SR image 𝐼𝑀×𝑁 (𝑆𝑅)
recovered.
The cell recognition is performed afterwards based on
𝐼𝑀×𝑁 (𝑆𝑅) by comparing it with the standard HR images
𝐼𝑀×𝑁 (𝐻𝑅) in the training library. For recognition of cell type,
the similarity metric used here is the widely used structural
similarity (SSIM) [28]. The SSIM is a full reference metric
between 0 and 1 to indicate the similarity between one SR
image with one distortion-free reference HR image by
𝑆𝑆𝐼𝑀(𝑆𝑅, 𝐻𝑅) =

(2𝜇𝑆𝑅 𝜇𝐻𝑅 )�2𝜎𝑆𝑅,𝐻𝑅�

,

2 +𝜇 2 �(𝜎 2 +𝜎 2 )
�𝜇𝑆𝑅
𝐻𝑅
𝐻𝑅
𝑆𝑅

(4a)

where 𝜇𝑆𝑅 and 𝜇𝐻𝑅 are the means of the SR and HR
2
2
images, 𝜎𝑆𝑅
and 𝜎𝐻𝑅
are the variances of the SR and HR
images, and 𝜎𝑆𝑅,𝐻𝑅 is the covariance of the SR and HR images.
It is proven to be consistent with human eye perception
compared with traditional metric such as peak signal-to-noise
ratio (PSNR) and mean squared error (MSE) [28].
The mean SSIM (𝑀𝑆𝑆𝐼𝑀) is the average of the SSIMs for
one SR image with all the typical HR images,
1

𝑀𝑆𝑆𝐼𝑀(𝑆𝑅, 𝐻𝑅𝑙𝑖𝑏) = ∑𝑡𝑖=1 𝑆𝑆𝐼𝑀(𝑆𝑅, 𝐻𝑅𝑖 )
𝑡

(4b)

where t is the number of training images in the HR training
library. As such, the cell is classified to one type when it has
the maximum 𝑀𝑆𝑆𝐼𝑀 with those typical HR cell images of
the same type in the library. As one example illustrated in Fig.
4, the SR image shows larger MSSIM with cell type2
compared with type1 and type3, hence it is recognized as a
type2 cell. Finally, all the recognized cells are differentiated
and counted to obtain total counts or concentration ratio.
3.3. Cyber-physical recognition error recovery
However, cell recognition may have error when the flow
rate is increased. The MSSIMs at low flow rate would be

degraded, thus cannot be utilized to accurately differentiate
the cell type at high flow rate. In that case, recognition error
recovery becomes imperative. In this microfluidic lensless
imaging system, the CMOS image sensor plays the role of
physical sensing of LR image 𝐼𝑚×𝑛 , and the control is realized
through dynamic flow rate 𝑅 and SR 𝐹𝑚𝑎𝑔 tuning based on
the feedback from the cyber recognition.
Such a cyber-physical error control flow is described in the
Algorithm 1 as follows. In the initialization step, based on one
initial magnification factor Fmag and one flow rate R, an LR
image 𝐼𝑚×𝑛 is input for ELM-SR processing. During
recognition, 𝐼𝑚×𝑛 is recovered towards an SR image 𝐼𝑀×𝑁 .
Then the 𝑀𝑆𝑆𝐼𝑀𝑖 of different cell types can be calculated. By
checking if the 𝑀𝑆𝑆𝐼𝑀𝑖 difference meets a predefined
threshold, the cyber-physical controller tunes the flow rate R
and Fmag accordingly for possible error recovery. When all
cells are correctly recognized, the counting results can also be
obtained.
Algorithm 1 Pseudo code for cyber-physical control
Initialization
1: Set flow rate 𝑅 and SR magnification factor 𝐹𝑚𝑎𝑔
2: Input LR cell image 𝐼𝑚×𝑛(𝑖)
Recognition
3: Perform ELM-SR to LR 𝐼𝑚×𝑛(𝑖) and obtain SR 𝐼𝑀×𝑁(𝑖)
4: Calculate 𝑀𝑆𝑆𝐼𝑀𝑖 with different cell types
5: Check if 𝑀𝑆𝑆𝐼𝑀𝑖 difference meets the predefined threshold
Recovery
6: Tune 𝑅 and 𝐹𝑚𝑎𝑔 for the following input cells according to the
∆𝑀𝑆𝑆𝐼𝑀𝑖
Counting
7: Add cell i to the type with the maximum 𝑀𝑆𝑆𝐼𝑀𝑖

4. Machine-learning enhanced super-resolution processing
4.1. Super-resolution processing

The primary function for recognition error recovery in the
proposed microfluidic lensless imaging system is based on the
SR processing. Generally, SR algorithms can be categorized
into single-frame and multi-frame based [21]. As the multiframe SR reconstruction [8] needs to accurately control subpixel motions of each frame, it is not suitable for highthroughput.
The single-frame SR includes two classes, 1) interpolation
and sharpening based [17]; and 2) example pattern based
[19, 22]. The first one uses generic image interpolation
techniques such as bilinear and bicubic interpolation, which
cannot recover HF components from LR image, while the
second one can extract new HF information. The machine
learning based approach that explores the pattern of training
images to recover SR images falls into the second class.
Among numerous machine learning algorithms [29-30],
neural-network based one shows low complexity.
Particularly, the ELM, which was developed for single-hiddenlayer feed forward neural networks (SLFNs), has only one
input layer, one hidden layer and one output layer as shown
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in Fig. 5. It has a major merit of randomly generated weights
between input layer and hidden layer, making it tuning-free
without expensive iterative training process [16]. This
advantage over other machine learning approaches such as
support vector machine [29] and back propagation [30]
makes it suitable for SR processing and recognition error
recovery in microfluidic lensless imaging, since the number of
training cell images can be large if one needs to cover all
different cell types under different appearances.
4.2. ELM-based image super-resolution
In this paper, an ELM-based super-resolution processing
for recognition error recovery is developed as described in
Algorithm 2, which includes an off-line training and one online testing [19].
Algorithm 2 Pseudo code for ELM based super-resolution
for recognition error recovery
ELM-SR Training:
1: Initialize a series of 𝑡 LR inputs 𝐼𝑚×𝑛 and 𝑡 HR inputs 𝐼𝑀×𝑁 (𝐻𝑅)
2: Generate targeting HF row vector T
3: Obtain t HF images 𝐼𝑀×𝑁 (𝐻𝐹) = 𝐼𝑀×𝑁 (𝐻𝑅) − 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 )
4: Generate row vector T based on t 𝐼𝑀×𝑁 (𝐻𝐹)
5: Generate feature matrix X
6: Bicubic interpolate 𝑡 LR inputs 𝐼𝑚×𝑛 to 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 )
7: Extract pixel intensity distribution from 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 )
8: Generate the weight vector 𝜷 with [X, T]
9: Generate rand matrix A, B, use sigmod function G
10: 𝑻 = 𝜷𝑯(𝑿) = 𝜷𝐺(𝑨𝑿 + 𝑩)
𝑰
11: 𝜷 = 𝑻 ∙ 𝑯(𝑿)𝑻 [ + 𝑯(𝑿)𝑯(𝑿)𝑻 ]−𝟏
𝑪

ELM-SR Testing:
12: Input testing LR image 𝐼𝑚×𝑛 (𝐿𝑅 ′ )
13: Generate feature matrix X'
14: Bicubic interpolate 𝐼𝑚×𝑛 (𝐿𝑅 ′ ) to 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 ′ )
15: Extract pixel intensity distribution from 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 ′ )
16: Calculate HF components 𝑰𝑀×𝑁 (𝐻𝐹′)
𝑰

−𝟏

𝑻′ = 𝜷𝑯(𝑿′ ) = 𝑻 ∙ 𝑯(𝑿)𝑻 � + 𝑯(𝑿)𝑯(𝑿)𝑻 �
𝑪
17: Generate final SR output with HF components
𝑰𝑀×𝑁 (𝑆𝑅) = 𝑰𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡′ ) + 𝑰𝑀×𝑁 (𝐻𝐹′)

𝑯(𝑿′ )

4.2.1. ELM-SR training

As shown in the first part of Algorithm2, the off-line
training aims to find a model to link the features in LR image
with its HF features. The selected input features for ELM are
st
nd
the pixel intensity values, 1 order derivatives and 2 order
derivatives. The pixel intensity values and their distributions
st
in HR cell image can represent the cell features. The 1 order
derivatives in the horizontal and vertical directions can
represent the directional change in pixel intensity values; and
nd
the 2 order derivatives can further represent the rate of
st
change in the 1 order derivatives. As such, one can perform
the cell type recognition.
Firstly, t HR images 𝐼𝑀×𝑁 (𝐻𝑅) and their corresponding t LR
images 𝐼𝑚×𝑛 (𝐿𝑅) are employed as the training library. To

generate HF vectors, bicubic interpolation is used to obtain
the interpolated images 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 ) from LR images 𝐼𝑚×𝑛 .
Then, HF images 𝐼𝑀×𝑁 (𝐻𝐹) are obtained by subtracting
LR_Int from HR images, i.e.,
𝐼𝑀×𝑁 (𝐻𝐹) = 𝐼𝑀×𝑁 (𝐻𝑅) − 𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 ).

(5)

The 𝑡 HF images 𝐼𝑀×𝑁 (𝐻𝐹) generate the targeting row vector
𝑻 which contains the intensity values.
From line 5 to 7 of algorithm2, to extract the feature vector
existed in 𝐼𝑀×𝑁 (LR_Int ), a 3×3 pixel patch 𝑃(𝑖, 𝑗) centered at
pixel (𝑖, 𝑗) of 𝐼𝑀×𝑁 (LR_Int ) is used to search through the
whole 𝐼𝑀×𝑁 (LR_Int ). Thus each patch generates a column
st
nd
vector containing 9 pixel intensity values, and four 1 and 2
order derivatives in the horizontal and vertical directions, and
nd

one 2

order mixed derivatives (

𝜕𝑃 𝜕𝑃 𝜕2 𝑃 𝜕2 𝑃

,

𝜕𝑥 𝜕𝑦

,

𝜕𝑥

,

𝜕𝑦

,

𝜕2 𝑃

𝜕𝑥𝜕𝑦

). The

whole 𝑡 training images together with their column vectors
form the feature matrix 𝑿. Thus, the ELM training dataset
(𝑿, 𝑻) is generated.
Based on (𝑿, 𝑻), the SR training can proceed to acquire
𝜷𝜖𝑅𝐿 , which is a row vector containing the weights between
all the hidden nodes to the output node, as shown in line 8 to
11. In this ELM-SR model, there are d input nodes, L hidden
th
nodes, and one output node. The output of the i hidden
node is
ℎ𝑖 (𝑥) = 𝑔(𝑎𝑖 ∙ 𝑥 + 𝑏𝑖 ) = 1/(1 + exp (−𝑎𝑖 ∙ 𝑥 − 𝑏𝑖 ))

(6)

𝑓(𝒙) = 𝜷 ∙ 𝒉(𝒙)

(7)

where 𝑎𝑖 𝜖𝑅𝑑 is a row vector containing the weights between
th
all the input nodes to the i hidden node; 𝑏𝑖 is a randomly
th
generated bias term corresponding to the i hidden layer; 𝑔
is the activation function of hidden layer, which we choose
Sigmoid.
Then the output of the ELM is
(𝑥)]𝑇

where 𝒉(𝑥) = [ℎ1 (𝑥), ℎ2 (𝑥), ⋯ , ℎ𝐿
is the output of the
hidden layer. Then, the output matrix of hidden layer is
𝑯(𝑿) = 𝐺(𝑨𝑿 + 𝑩),

(8)

where 𝑨 is the weight matrix between input layer and hidden
layer, 𝑩 is the bias matrix, 𝐺 is the same sigmoid function.
Hence 𝑻 is,

(9)

𝑻 = 𝜷𝑯(𝑿).

In ELM-SR, both training error and the norm of output
weights should be minimized, i.e.,
𝑚𝑖𝑛 �

‖𝜷𝑯(𝑿) − 𝑻‖
‖𝜷‖

(10)

Then the orthogonal projection method can be used to
acquire 𝜷,
𝑰

𝜷 = 𝑻 ∙ 𝑯(𝑿)𝑻 [ + 𝑯(𝑿)𝑯(𝑿)𝑻 ]−𝟏
𝑪

(11)

where 𝑪 is a tuning parameter for the weight between
‖𝜷𝑯(𝑿) − 𝑻‖ and ‖𝜷‖, and 𝑰 is the identity matrix with the
same size to 𝑯(𝑿)𝑯(𝑿)𝑻 .
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5.1. Criterion for accurate cell recognition

4.2.2. ELM-SR testing
The second part of Algorithm 2 shows the ELM-SR testing.
In the SR testing step, with an input LR image 𝐼𝑚×𝑛 (𝐿𝑅′ ), we
can easily predict the output using the same parameters A, B
and the acquired 𝜷.
As line 13 to 15 of algorithm2 shows, the bicubic
interpolation is still firstly performed to 𝐼𝑚×𝑛 (𝐿𝑅′ ) to obtain
𝐼𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡 ′ ). Then the same patch searching is applied to
extract the feature matrix 𝑿′. The output of the hidden layer
is 𝑯(𝑿′ ). As line 16 shows, based on 𝑿′ and the already
known parameters: 𝑨, 𝑩 and 𝜷, we can obtain the output
vector as
𝒇(𝑿′ ) = 𝜷𝑯(𝑿′ )
𝑰

−𝟏

= 𝑻 ∙ 𝑯(𝑿)𝑻 � + 𝑯(𝑿)𝑯(𝑿)𝑻 �
𝑪

𝑯(𝑿′ )

(12)

Now 𝒇(𝑿′ ) contains the estimated intensity values of HF
components 𝐼32×32 (𝐻𝐹′). Finally, by extracting and adding
the HF components to the interpolated image
𝐼32×32 (LR_Int′ ) , the final SR image is recovered with
sufficient internal details by
𝑰𝑀×𝑁 (𝑆𝑅) = 𝑰𝑀×𝑁 (𝐿𝑅_𝐼𝑛𝑡′ ) + 𝑰𝑀×𝑁 (𝐻𝐹′).

(13)

4.2.3. Example for complexity analysis

To understand the implementation cost of ELM-SR, we
take the example of 8×8 LR image as input, towards outputs
0
1
=4) and 72×72 (𝐹𝑚𝑎𝑔
=9) HR images. In this
of 32×32 (𝐹𝑚𝑎𝑔
ELM model, there are d=14 nodes in the input layer, L=20
nodes in the hidden layer, and one node in the output layer.
0
For 𝐹𝑚𝑎𝑔
=4, each 𝐼32×32 (𝐿𝑅_𝐼𝑛𝑡 ) image contains 30×30=900
patches. With 𝑡 training images, 𝑿 contains 900t columns,
and the HF intensity matrix 𝑻 is a row vector with length 900t.
HF image corresponds to 900 values in 𝑻 . Each value
corresponds to one patch centre position.
In the on-line testing step with an input 8×8 LR' image, we
firstly obtain 𝐼32×32 (𝐿𝑅_𝐼𝑛𝑡′ ) from the input 𝐼8×8 (𝐿𝑅′ ). The
feature matrix 𝑿′ is extracted from LR_Int'. Certainly 𝑿′
contains d=14 rows and 900 columns. The output of the
hidden layer is 𝑯(𝑿′ ). We can obtain the output based on
(12). In this case, setting 𝑪=512 can achieve a satisfied
performance. The final SR image is then recovered by (13).
With 𝐼8×8 LR input images, the number of addition and
multiplication needed for super-resolution is counted for
0
1
=4 and 𝐹𝑚𝑎𝑔
=9 modes, and listed in Table 2 and
both 𝐹𝑚𝑎𝑔
Table 3, respectively. One can observe that the ratio of
0
1
operation numbers between 𝐹𝑚𝑎𝑔
=4 mode and 𝐹𝑚𝑎𝑔
=9 mode
is approximately 1:5.44, which growth is economical to be
tuned in the cyber-physical control for recognition error
recovery discussed below.
5. Cyber-physical control for recognition error recovery

As introduced in Section 3.2, cell recognition can be
realized by comparing the recovered SR image with all the
standard HR cell images of different types in the library and
checking the MSSIM metric. As the cells of the same type
have similar characteristics and hence have larger similarity,
when all the MSSIMs for different types are obtained, the SR
image can be classified into the cell type that has the biggest
MSSIM. After each cell is recognized and classified into its
type, the total cell number is accumulated and finally
obtained. However, due to the possible blur effect of the
captured LR image resulting from high flow rate, quality of
the recovered SR image could be degraded, then the MSSIMs
as well as the difference between them are also degraded.
Assume there are two types of cells, for each captured cell
𝑖 with LR image 𝐼𝑚×𝑛(𝑖) , its 𝑀𝑆𝑆𝐼𝑀1𝑖 and 𝑀𝑆𝑆𝐼𝑀2𝑖
corresponding to cell library 1 and 2 can be calculated as
stated previously. To keep the recognition accuracy, the
following criterion is checked on-line,
|𝑀𝑆𝑆𝐼𝑀1𝑖 − 𝑀𝑆𝑆𝐼𝑀2𝑖 | > ∆𝑀𝑆𝑆𝐼𝑀.

(14)

where ∆𝑀𝑆𝑆𝐼𝑀 is a threshold MSSIM difference value. The
criterion ensures that there is enough difference between the
cell similarities with the two training cell types, thus the cell
can be more accurately distinguished. This criterion can be
achieved through the cyber-physical recognition error control
discussed below.
5.2. Cyber-physical recognition error control
The cyber-physical recognition error control is shown in
Algorithm 3. A series of cells are input with mixed types and
sequences. In the initialization step, the flow rate controller
sets one initial flow rate 𝑅0 for cells in the first flow rate
0
. As
control cycle 𝐶𝑡𝑟 and the 𝐹𝑚𝑎𝑔 of the first cell to be 𝐹𝑚𝑎𝑔
flow rate 𝑅 can introduce the cell blur effect, bigger
𝐹𝑚𝑎𝑔 makes the SR image showing more characteristics for
the internal structure and vice versa. The on-line tuning of 𝑅
and 𝐹𝑚𝑎𝑔 thereby can help with the recognition error control.
As the tuning of physical pump flow rate needs certain
responding time, the change of blur effect has some delay.
Hence we define a flow rate control cycle 𝐶𝑡𝑟 .
Algorithm 3 Pseudo code for cyber-physical control of
recognition error recovery

1: Initialize a series of 𝑍 LR inputs 𝐼𝑚×𝑛(𝑖)
0 (𝑖 = 1)
2: Initialize 𝑅𝑖 = 𝑅0 (𝑖 ≤ 𝐶𝑡𝑟 ), 𝐹𝑚𝑎𝑔(𝑖) = 𝐹𝑚𝑎𝑔
3: for 1 ≤ 𝑖 ≤ 𝑍
4:
Perform ELM-SR to LR 𝐼𝑚×𝑛(𝑖) and obtain SR 𝐼𝑀×𝑁(𝑖)
5:
Calculate 𝑀𝑆𝑆𝐼𝑀1𝑖 and 𝑀𝑆𝑆𝐼𝑀2𝑖
6:
if |𝑀𝑆𝑆𝐼𝑀1𝑖 − 𝑀𝑆𝑆𝐼𝑀2𝑖 | > ∆𝑀𝑆𝑆𝐼𝑀
7:
𝑅𝑖+𝐶𝑡𝑟 = 𝑅𝑖 + ∆𝑅1
0
8:
𝐹𝑚𝑎𝑔(𝑖+1) = 𝐹𝑚𝑎𝑔
9:
else
10:
𝑅𝑖+𝐶𝑡𝑟 = 𝑅𝑖 − ∆𝑅2
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11:
𝐹𝑚𝑎𝑔(𝑖+1) = 𝐹𝑚𝑎𝑔
12: end
13: end

As shown in Algorithm 3, during the on-line recognition
process, the cells are sequentially input for processing.
Assume the current input cell is i, the captured LR image is
𝐼𝑚×𝑛(𝑖) , and the ELM-SR is performed to recover the SR image
𝐼𝑀×𝑁(𝑖) . Based on this image and the two HR training image
libraries,
𝑀𝑆𝑆𝐼𝑀1𝑖 =
and

𝑀𝑆𝑆𝐼𝑀2𝑖 =

𝑡

∑11 𝑆𝑆𝐼𝑀1𝑖
𝑡

𝑡1

∑12 𝑆𝑆𝐼𝑀2𝑖
𝑡2

corresponding to two libraries can be obtained, where 𝑡1 and
𝑡2 are the numbers of training images of the two libraries.
We then check if criterion (14) can be met. If yes, indicating
that the current SR image 𝐼𝑀×𝑁(𝑖) of cell i shows an obviously
higher similarity to one of the cell libraries and it can be easily
recognized. As such, the flow rate 𝑅 can be further increased
0
by ∆𝑅1 to improve the throughput, and 𝐹𝑚𝑎𝑔
is still kept for
the recognition of next coming cell in the input sequence.
If criterion (14) cannot be met, indicating that current SR
image 𝐼𝑀×𝑁(𝑖) of cell i has poor similarity to be easily
distinguished between the two types. As such, the flow rate 𝑅
1
need to be reduced by ∆𝑅2, and the big 𝐹𝑚𝑎𝑔
is applied for
the next coming cell in the input sequence.
As a summary, with the defined flow rate control cycle 𝐶𝑡𝑟 ,
𝑅 can be changed according to
𝑅𝑖+𝐶𝑡𝑟 = 𝑅𝑖 + ∆𝑅1 or 𝑅𝑖+𝐶𝑡𝑟 = 𝑅𝑖 − ∆𝑅2.

While the online SR recovery is by software processing that
reacts in real-time, which tunes the 𝐹𝑚𝑎𝑔 according to

0
1
or 𝐹𝑚𝑎𝑔(𝑖+1) = 𝐹𝑚𝑎𝑔
.
𝐹𝑚𝑎𝑔(𝑖+1) = 𝐹𝑚𝑎𝑔

Fig. 6 depicts an example with 𝐶𝑡𝑟 = 5. Note that we set
∆𝑅1 to be smaller than ∆𝑅2 so that flow rate and cell blur
increases gradually for higher throughput.
5.3. System flow chart
The whole system processing flow is summarized in Fig. 7.
The four steps in dashed line box are offline ELM-SR training,
where 𝐼𝑚×𝑛 (𝐿𝑅) and 𝐼𝑀×𝑁 (𝐻𝑅) cell images are the inputs
and they will generate 𝐼𝑀×𝑁 (𝐿𝑅_𝑖𝑛𝑡) and 𝐼𝑀×𝑁 (𝐻𝐹)images
as Section 4.2.1 discussed. With the off-line training model
obtained, the on-line ELM-SR processing and recognition can
be done as Section 4.2.2 and 5 discussed. The cell counting is
conducted to accumulate each cell after its type is
recognized. With the above mentioned cyber-physical
recognition error control scheme, the microfluidic lensless
imaging system can reach high-throughput detection with
controlled accuracy.
6. Experimental Results

Different types of cell images such as bone marrow stromal
cell and tumor cells (Hepg2 and Huh7) are used for
experiments.
6.1. Flow Rate and Blur
Assume a CMOS image sensor of 𝐷𝑝𝑖𝑥 = 3.2µm is used
with microfluidic channel W=100μm and H=30μm in the
microfluidic lensless imaging system. Fig. 8. shows an original
32×32 HR bone marrow stromal cell image taken by one
Olympus IX71 microscope at X40 objective and its
corresponding 8×8 lensless LR images of various blur effects.
From the HR cell image we can see the dark cell boundary
with light and shade internal structures, which are lost in the
LR images and worse for blurred ones. With texp=0.1ms, we
can obtain from (3) that 2 pixel, 3 pixel, and 4 pixel blur
corresponding to the pump flow rates of 7.92μL/min,
11.88μL/min, and 15.84μL/min. The quality of the captured
LR cell image is poor with larger blur when increasing the flow
rate.
6.2. Single-frame vs. Multi-frame SR
Previous microfluidic lensless imaging system applies multiframe SR processing to improve the resolution of LR cell
images [8] that requires huge data to process. To compare
the resource utilization with single-frame SR, we implement
both SR processing algorithms by Xilinx Virtex-6 XC6VLX240T
FPGA [32].
Table 4 shows the FPGA synthesis results of 𝐹𝑚𝑎𝑔 =4 for
image size of 256×256 with one HR reconstructed from 5 LR
images. The image storage for multi-frame SR is implemented
by 294 block-RAMs, and for single-frame SR only registers are
enough for row data storage. The block-RAM resource scales
linearly with the number of LR frames. An average of 98.5%
resource saving from 18234 slice registers, 154468 slice LUTs
to only 469 registers and 672 LUTs can be seen for the singleframe SR processing compared to the multi-frame SR
processing.
6.3. Performance of ELM-SR
The ELM-SR processing is implemented with MATLAB
R2010b (MathWorks, MA) and run on a laptop computer
(2.53-GHz Intel Core i5). We show the performance of the
ELM-SR by improving the LR images of HepG2 and Huh7 cells.
6.3.1. Generation of training image library
As shown by the flow chart in Fig. 7, an off-line training
image library of HR HepG2 and Huh7 should be built before
performing the cell recognition. The raw HR images of HepG2
and Huh7 cells are taken by the Olympus IX71 microscope at
X40 objective. And we save them into the HR image library
with the size of 32×32 and 72×72.
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During the HR image capturing phase, the corresponding
8×8 LR cell images are captured by the microfluidic lensless
imaging system. Next, these LR cell images are interpolated
to the same size of HR images, i.e., 32×32 and 72×72. Note
that the detailed structures cannot be observed because the
interpolation cannot recover the HF components. Then the
HF components for each training cell image are obtained by
subtracting the 32×32 interpolated cell images from the
original 32×32 HR images. The same is done for the 72×72
images. After all these steps, the training library is generated,
and it is input to the ELM-SR training model. Fig. 9 shows
some of the training images.
Note that this paper is towards automatic cell counting
such that we assume that the cell types are all known or to be
pre-characterized in advance. Moreover, the extensive offline training image library is generated in experiment for cell
types of HepG2 and Huh7 under different rotation conditions.
If a new pattern appears, we need to train a new ELM-SR
model, which is off-line.
6.3.2. Characterization for number of ELM-SR training images
As shown by the flow chart in Fig. 7, the next step is to
perform the ELM-SR training based on the obtained training
image library.
Intuitively, the more training images used in one library,
the better training model one can generate, which can
recover SR images of higher SSIM with original HR images. To
evaluate this trend and find a threshold training image
number, we choose different numbers of training images,
ranging from 2 to 27, to train different models, and use three
different LR cells for testing. As shown from Fig. 10, we found
that after using 18 training images, the recovered SR image
almost keep the same MSSIM level with its original image.
Hence, in the following system simulation, 27 training images
are selected for each type of cell.
6.3.3. Effect of magnification factor
As shown by the flow chart in Fig. 7, the next step is to
apply the trained model for ELM-SR testing. Since the Fmag will
be tuned, effects of different Fmag are examined. Based on LR
8×8 HepG2 and Huh7 cell images, we perform the ELM-SR
0
1
=4 and 𝐹𝑚𝑎𝑔
=9. The 32×32 and 72×72 SR
processing with 𝐹𝑚𝑎𝑔
images are obtained as shown in Fig. 11. It is clearly perceived
from the four SR images (a3, a4, b3, b4) that ELM-SR can
recover the internal structures from LR image. Moreover, by
increasing the magnification factor, the characteristic of
original HR image can be revealed more. Such as in the 72×72
HepG2 SR image (a4), the white circle inside the black cell
border is recovered, which is not shown in 32×32 Hepg2 SR
image (a3), making it easier to be recognized and classified.
The MSSIMs for 32×32 and 72×72 HepG2 and Huh7 cell
images are 0.5010 and 0.5221, 0.3354 and 0.3516,
respectively.
We also examine the effects of 𝐹𝑚𝑎𝑔 at different blur

effects, which are characterized by the blurred pixel numbers.
0
Take one HepG2 cell as the input, and use 𝐹𝑚𝑎𝑔
=4 and
1
𝐹𝑚𝑎𝑔 =9 to recover an SR image. Then, it is compared with
both HepG2 and Huh7 libraries to check MSSIMs. As shown in
Fig. 12, all MSSIMs reduce with the blur, as blur reduces the
LR image quality compared to the images in both libraries. It
1
=9, the MSSIM
is also noticeable that by using larger 𝐹𝑚𝑎𝑔
difference between two types are about 40% larger than that
0
obtained by 𝐹𝑚𝑎𝑔
=4, which indicates easier and more
accurate recognition. When pixel blur increases, The MSSIM
0
difference reduces faster for small 𝐹𝑚𝑎𝑔
=4, but still remains
1
at relative constant level for 𝐹𝑚𝑎𝑔 =9. This demonstrates the
effectiveness of increasing the 𝐹𝑚𝑎𝑔 in recognition with
increased flow rates.
6.4. Recognition error control
As shown by the flow chart in Fig. 7, the next is to apply the
ELM-SR for cyber-physical recognition error control. A series
of 100 captured LR HepG2 cell images and Huh7 cell images
without blur effect are sequentially used as the simulation
inputs with the sequence of each type known in advance.
To show the effectiveness of recognition error control, we
check the recognition results with and without control. From
the analysis of MSSIM at different blur effects for a number
of input LR cell images, we empirically choose the control
threshold ∆MSSIM=0.13, flow rate increase step ∆R1=0.2 and
flow rate decrease step ∆R2=0.3. The two flow-rate tuning
steps are directly set corresponding to the number of blurred
pixels. The decrease-step is a bit larger than the increase-step
such that when recognition error happens due to fast flowing
speed and large blur, the flow rate and hence blur can be
rapidly reduced. The magnification factor used, the blur
effect and the recognition errors are shown in Fig. 13, where
Error=0 indicates the cell is correctly recognized, and Error=1
means that the cell recognition is incorrect. It can be
observed that with the flow rate and magnification factor
control, the lensless microfluidic imaging system can reach a
recognition accuracy without error. For the computation
used, 41% of the total input cell images apply magnification
1
=9 for ELM-SR processing, and the other 59% use
factor 𝐹𝑚𝑎𝑔
0
magnification factor 𝐹𝑚𝑎𝑔
=4.
When there is no flow rate control, we input the cells as
the same flow rate with the same blur effect of 4 pixels, then
check the recognition accuracy and the computation
resources used. The results are shown in Fig. 14. Now, the
recognition accuracy only reaches 77% with recognition
errors occur. Seen from the magnification data, the
1
0
=9 and 42% of 𝐹𝑚𝑎𝑔
=4.
computation used is 58% of 𝐹𝑚𝑎𝑔
From the example above we can see that the cyberphysical recognition error control can ensure 23% better
recognition accuracy. Meanwhile, as discussed in Section
0
=4 mode
4.2.3, the ratio of operation numbers between Fmag
1
and Fmag =9 mode is approximately 1:5.44. As such, the
computation ratio with and without error control is
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(0.41×5.44+0.59):(0.58×5.44+0.42) = 2.82:3.57. Therefore,
the magnification factor tuning helps save the total
computation by 21% due to less use of the computation
1
=9 for ELM-SR processing.
intensive magnification factor Fmag

7. Conclusions

One recognition error recovered lensless microfluidic
imaging system is proposed for high-throughput cell
recognition and counting. It is based on an extreme learning
machine enhanced single-frame super-resolution processing.
The recognition error control enables an on-line superresolution magnification factor tuning for various flow rates.
With mixed flowing HepG2 and Huh7 cells as inputs,
simulation results show that 23% better recognition accuracy
is achieved with the proposed scheme when compared to the
one with no error recovery. It also achieves an average of
98.5% resource saving when compared to the previous multiframe super-resolution processing. The proposed system has
thereby provided a promising lab-on-a-chip design for the
future realization of micro-flow cytometer.
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error recovery.
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Fig. 7. The overall flow chart of the proposed microfluidic lensless
imaging system with cyber-physical control of recognition error
recovery.
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Fig. 11. The ELM-SR performance on recovering the LR HepG2 and
Huh7 cell images.
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Fig. 12. The comparison of MSSIM at different magnification factor
and blur effects.
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Fig. 9. Some image examples for the training image library, including
original HR images, the corresponding LR cell images, interpolated
images and the HF images.
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Table 2
Number of addition and multiplication in Fmag=4 mode.
A∙X
AX+B
G(AX+B)
𝜷 ∙H
LR_Int+HF
Summary

ADD
13×20×900
20×900
0
19×900
32×32
270124

MULTIPLY
14×20×900
20×900
0
20x900
0
288000

SIGMOID
0
0
20×900
0
0
18000

Table 3
Number of addition and multiplication in Fmag=9 mode.

Fig. 13. The control results of blur, magnification factor, and
recognition error for a series of cell inputs.

A∙X
AX+B
G(AX+B)
𝜷 ∙H
LR_Int+HF
Summary

ADD
13×20×4900
20×4900
0
19×4900
72×72
1470284

MULTIPLY
14×20×4900
20×4900
0
20x4900
0
1568000

SIGMOID
0
0
20×900
0
0
98000

Table 4.
The comparison of resource utilization between FPGA implemented
multi-frame SR and single-frame SR.
SR
Method

Fig. 14. The results of magnification factor tuning only without flow
rate control, and recognition error for a series of cell inputs.
Table 1.
Notations and terminologies.
Notation

Parameter

Im×n
IM×N
m, n
M, N
Fmag
R
V
Fps
texp
H
W
Dpix
Res
p
t
Ctr
T
X

LR lensless image
HR, HF, LR_int and SR lensless image
Row and column number of LR image
Row and column number of HR image
Magnification factor
Pump flow rate
Cell flow speed
Sensor frame rate
Exposure time
Microfluidic channel height
Microfluidic channel width
Sensor pixel size
Spatial resolution
Number of blurred pixel
Number of training images in one library
Flow rate control cycle
Training target value
Training input data set

MultiFrame SR

Processing
Blocks
Control
Bilinear
Interpolation
Motion
Estimate
LR Frames map

Slice
Registers
110

Slice
LUTs
263

Block
RAM
0

1026

25510

0

7099

78762

0

2540

4027

0

Interpolation

3350

36187

0

Median Filter

4109

9719

0

RAM Storage

0

0

294

18234

154468

294

469

672

0

Total
SingleInterpolation
Frame SR

