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Abstract

Imaging flow cytometry has become a popular technology for bioparticle image analy-

sis because of its capability of capturing thousands of images per second. Neverthe-

less, the vast number of images generated by imaging flow cytometry imposes great

challenges for data analysis especially when the species have similar morphologies. In

this work, we report a deep learning-enabled high-throughput system for predicting

Cryptosporidium and Giardia in drinking water. This system combines imaging flow

cytometry and an efficient artificial neural network called MCellNet, which achieves a

classification accuracy >99.6%. The system can detect Cryptosporidium and Giardia

with a sensitivity of 97.37% and a specificity of 99.95%. The high-speed analysis

reaches 346 frames per second, outperforming the state-of-the-art deep learning

algorithm MobileNetV2 in speed (251 frames per second) with a comparable classifi-

cation accuracy. The reported system empowers rapid, accurate, and high throughput

bioparticle detection in clinical diagnostics, environmental monitoring and other

potential biosensing applications.
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1 | INTRODUCTION

Imaging-based flow cytometry is a popular technology for bioparticle

analysis and disease diagnosis in recent years [1, 2]. Newly emerging

imaging flow cytometers (IFC) are capable of capturing thousands to

millions of images per second using various imaging modalities [3–6].

Furthermore, the vast number of images with rich information of

bioparticle morphologies imposes a great challenge for data analysis

such as classifying different species with similar morphologies by man-

ual gating [7].

Automated bioparticle analysis via computer vision and machine

learning has greatly freed scientists from cumbersome work on bio-

particle identification [8]. Traditional machine learning uses feature

engineering for automated bioparticle detection. For example, the

Received: 5 November 2020 Revised: 1 February 2021 Accepted: 3 February 2021

DOI: 10.1002/cyto.a.24321

Cytometry. 2021;1–11. wileyonlinelibrary.com/journal/cytoa © 2021 International Society for Advancement of Cytometry 1

mailto:yi_zhang@ntu.edu.sg
mailto:tarik.bourouina@esiee.fr
mailto:exdjiang@ntu.edu.sg
mailto:eaqliu@ntu.edu.sg
http://wileyonlinelibrary.com/journal/cytoa
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fcyto.a.24321&domain=pdf&date_stamp=2021-02-20


IDEAS-software on commercial IFC (Amnis® ImageStreamX Mk II

Imaging Flow Cytometry, Luminex Corporation, Austin, United States

[4]) uses feature finder algorithms to extract features and uses classifi-

cation algorithms (e.g., Principal component analysis, linear discrimi-

nant analysis, SVM, random forests and neural networks) to build a

bioparticle classification system [9]. Unfortunately, designing features

by hand requires a lot of experience such as a profound understanding

of the subject and data. It also requires heavy work of debugging.

Another difficulty is that machine learning engineers need to design

both features and suitable classifiers [10].

Alternatively, deep learning is widely used to identify bioparticles

(e.g., cells) and planktons during image analysis by end-to-end learning

[11–21]. For instance, Luminex released an AI image analysis software

for its imaging flow cytometry [21]. An imaging analysis algorithm

based on a convolutional neural network was demonstrated on imag-

ing flow cytometry [12]. A deep convolution neural network-enabled

image-activated cell sorter was reported with a processing speed of

100 events per second [16], but it required a complex and expensive

hybrid hardware/software data processing system (i.e., a field-

programmable gate array [FPGA], three central processing units

[CPUs], and a graphics processing unit [GPU]) to ensure a faster com-

putation capability.

With increasingly large image data sets and computational power,

several deep learning models such as AlexNet [22], ResNet [23],

DenseNets [24], and so forth, were reported. They are adopted from

the winners of ImageNet [22]. For example, ResNet was the first place

of the ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

2015. And DenseNet showed a more advanced performance compar-

ing to ResNet. Those deep learning models are also introduced to IFC

for detection and classification tasks [24–27]. They achieved high pre-

diction accuracies of >95% but required relatively high-cost hardware,

for example, high-cost GPUs and CPU comparing to an embedded

GPU system. Examples include the Intelligent Image-Activated Cell

Sorting 2.0 that achieved a high throughput cell sorting with 2000

cells per second but required an 8-PC server with eight multicore

CPUs and GPUs for image processing using deep learning [27]. Deep

learning models have also been used on IFC for water quality assess-

ment such as detection of algae [28–30].

Most existing deep learning algorithms developed for IFC mainly

focus on the detection accuracy but overlook the tradeoff between

speed and hardware requirements. A high-end GPU system empowers

the training of complex deep neural networks, but it is a major hurdle

for mass deployment of these deep learning algorithms to commercial

IFC for bioparticle analysis due to its high cost and high-power con-

sumption. Very recently, faster and efficient deep learning models,

such as MobileNet [31], SENet [32], and MobileNetV2 [33], have

attracted great interest from the research community because they

are able to achieve comparable classification accuracies using lower-

cost embedded hardware. However, they need extensive optimiza-

tions for specific tasks.

Here, we develop an efficient neural network called MCellNet for

the high-speed detection and classification of Cryptosporidium and

Giardia from microplastics and other natural pollutants in drinking

water. The MCellNet uses the building block of a widely adopted effi-

cient deep network, MobileNetV2, and optimize it to increase

processing speed and accuracy for imaging flow cytometry. This neu-

ral network is optimized for embedded processor with low-cost and

limited computational power such as Nvidia Jetson TX2 [34], can be

used in affordable equipments. By combining MCellNet and imaging

flow cytometry, the proposed system achieves a detection speed of

346 frames per second, outperforming the state-of-the-art deep

learning algorithm MobileNetV2 (251 frames per second) under a

comparable classification accuracy. Cryptosporidium and Giardia that

are common pathogens in drinking water to cause gastrointestinal dis-

eases, and have already become a major source of pollution in drink-

ing water and food industries [35–38], are used as the case study to

validate our system. Our testing results show that MCellNet signifi-

cantly enhances both the accuracy and processing speed, allowing it

to be incorporated in drinking water quality inspection. The system

also empowers potential high-throughput bioparticle analysis applica-

tions in environmental monitoring [39], clinical diagnostics [40], and

other biomedical applications.

2 | METHODS AND MATERIALS

2.1 | Image acquisition of bioparticles using
imaging flow cytometry

In addition to Cryptosporidium, Giardia, microplastics, and pollutants

such as dirt and cell debris with size in range from 3 to 14 μm that natu-

rally exist in drinking water were included in the study. The naturally

existing pollutants were obtained by concentrating 10 liters of drinking

water using a water filtration system. Formalin-treated Cryptosporidium,

Giardia oocyst (WaterborneTM Inc) and synthetic microplastic beads

(from Thermo Fisher Scientific, Duke Scientific and Polysciences Inc.) of

different sizes (1.54, 3, 4, 4.6, 5, 5.64, 8, 10, 12, and 15 μm) samples

were spiked separately into 200 μl water. Images of microparticles in

spiked water samples were observed by imaging flow cytometry. Bio-

particles such as Cryptosporidium, Giardia oocysts, microplastics and nat-

urally existing particulate pollutants were hydrodynamically focused by

a sheath flow and flowed through the detection region. Phosphate

buffered saline solution (PBS) was used as sheath medium. Single bio-

particles were illuminated with a LED light source, and bright-field

images were acquired with a Charge-Coupled Device (CCD) camera

[41] (Figure 1) using a ×60 objective.

The raw image sequence files (.RIF) [42] of different samples were

captured. The raw bright-field images were extracted from the image

sequence files by IDEAS software (accompanying with the

ImageStream) and each raw image was patched to 120 × 120 pixels.

From millions of raw images acquired, 80,146 images were selected

by experts for building the image database. The selected raw images

were manually labeled and put into a database [43] that consisted of

13 classes: Cryptosporidium (2082 images), Giardia (3569 images),

1.54-μm beads (3466 images), 3-μm beads (3457 images), 4-μm beads

(5783 images), 4.6-μm beads (2188 images), 5-μm beads (9637
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images), 5.64-μm beads (3285 images), 8-μm beads (3066 images),

10-μm (8270 images), 12-μm (4704 images), 15-μm beads (2813

images), and natural pollutants of various shapes and sizes (27,826

images).

The bright-field images of Cryptosporidium, Giardia and other

microparticles had complex patterns such as distinct cell size, internal

cell structure, and cell aggregation. The orientation and relative posi-

tion of bioparticles in the image further complicated the matter

(Figure 2 and Figure S1). For example, Cryptosporidium and Giardia

appeared both in the form of single and aggregates in the captured

images. Cryptosporidium appeared spherical with a diameter of 3–6

μm, whereas Giardia appeared oblong with a long axis of 8–14 μm.

Giardia might appear in various shapes depending on its orientation.

Microplastic beads appeared sphere with different sizes. The naturally

existing pollutants appeared in various sizes and shapes. Some images

appeared a bit blur because they were slightly out of focus even

though an autofocusing mechanism was applied. In certain cases, bio-

particles at the edge of the field of view were partially occluded.

Moreover, the fluctuation of illumination conditions and vibration

would cause variability to the images, which further complicated the

detection task.

2.2 | Image processing using MCellNet

MCellNet image processing pipeline is a software that can detect

Cryptosporidium, Giardia and microplastics using the methods of multi-

class and binary class classification, respectively. Multiclass

classification (MCellNetM) is the problem of classifying instances into

13 classes: Cryptosporidium, Giardia, 1.54-μm beads, 3-μm beads,

4-μm beads, 4.6-μm beads, 5-μm beads, 5.64-μm beads, 8-μm beads,

10-μm beads, 12-μm beads, 15-μm beads, and natural pollutants. The

binary classification is the problem of classifying instances into two

classes with the natural pollutant and microplastics in one class (Class

0), and all Cryptosporidium and Giardia images in another class (Class

1). Two version of MCellNet binary classification models (MCellNetA

and MCellNetB) are built for binary classification. MCellNetA is a deep

neural network evolved directly from MNetSearch (Search the optimal

quantity of IRBs, see Section 3.1). When training MCellNetA, all

images of microplastics are merged with the natural pollutant images

into one class (Class 0), and all Cryptosporidium and Giardia images are

merged into another class (Class 1). MCellNetB is generated by con-

verting the neural network trained as a multiclass classifier

(MCellNetM) into a binary classifier. Instead of merging the raw data

into two classes, the output is merged into two classes. It works as

reading the raw bright-field images extracted by IDEAS software and

patched to 120 × 120 pixels and then putting into MCellNet to gener-

ate classification output.

MCellNet is a neural network to distinguish the Cryptosporidium,

Giardia, microplastics and water pollutants from bright-field images.

MCellNet is developed by cascading six computation-efficient neural

network blocks—inverted residual blocks (IRBs) to achieve a high

speed and accuracy. IRBs are introduced by MobileNetV2 with lower

computational complexity and maintain high efficiency representa-

tional power. The source code is available in https://github.com/

upeluo/mcellnet [43].

F IGURE 1 Overview of MCellNet, a deep neural network that enables imaging flow cytometry (Amnis® ImageStream®X Mk II) for
Cryptosporidium and Giardia detection. The system consists of laser, flow cytometry, imaging system, image database and deep neural network
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The overall structure of MCellNet is illustrated in Figure 3 and

Table 1. The input of MCellNet is bright-field images of 120 × 120

pixels, and the output is the probability of each class. MCellNet con-

sists of one convolutional layer with a filter size of 3 × 3 pixel in the

first stage. Then six IRBs (IRB0-5) are attached to the first convolution

layer. Later, the output of the last IRB (IRB5) is flattened. Finally, a

Fully-Connected (FC-13/FC-2) layer [10] with 13 output units for

multiple classification or 2 output units for binary classification are

attached to IRB5's output to generate the class score for bioparticles

detection.

The first convolutional 2D layer (Block Conv2D in Figure 3)

[44] takes an h × w × n input feature map Xi, where h is the spatial

height, w is the spatial width and the n is the channels of the fea-

ture map, and it is 120 × 120 × 1 in this case. The input is trans-

formed into a 60 × 60 × 24 output feature map Xo. The input

feature map Xi is convoluted with a number of feature detectors,

each of which is a three-dimensional filter F in the present layer,

and a bias b. An activation function δ(x), ReLU in our case, is

attached to this convolution operator. The whole layer is expressed

as [31].

F IGURE 2 Single cell image data set. Each row represents one type of cells (or other particles). From the top to bottom are Cryptosporidium,
Giardia, microbeads (12, 4, 5.64, 8, 15, and 3μm.), and natural pollutants. All sub figures share the same scale bar

F IGURE 3 MCellNet architecture,
which contains one convolutional layer,
six inverted residual blocks, one flattened

layer, and one fully connected layer. Each
IRB forms a shortcut between the
bottlenecks to perform identity mapping
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Xo
x,y,z = δ

X
i, j,k

Fi,j,k,z �Xi
x + i−1,y + j−1,k + bz

 !
ð1Þ

where z = 1, 2, …, m and k = 1, 2, …, n.

The six IRBs attached to the first convolution layer is shown as

IRB0-5 in Figure 3. Each IRB is based on the inverted residual con-

taining a narrow-wide-narrow structure. Inside the IRB (sub graph

inside the Figure 3), there is a 1 × 1 expansion convolutional layer, a

depthwise convolution layer and a 1 × 1 projection layer. The dep-

thwise convolution layer and the 1 × 1 projection layer are referred to

as the depthwise separable convolution. The depthwise separable

convolution is adopted by Xception [45] which consists of the dep-

thwise convolution followed by a pointwise convolution. The dep-

thwise convolution is represented as [31].

X̂
k
x,y,z = δ

X
i, j

F̂
k
i,j,z �Xk−1

x + i−1,y + j−1,z + b
k
z

 !
ð2Þ

where F̂
k
i,j,z is the depthwise filter in which the zthchannel in F̂

k
i,j,z only

calculates with the zth channel of X
k−1
x + i−1,y + j−1,z and produces the fea-

ture X̂
k
x,y,z in the zth channel.

Compares with the traditional convolution, the computational

reduction of the depthwise separable convolution is 1=N+1=D2
k ,

where N is the number of output channels, and Dk is the kernel size.

Furthermore, the IRB also increases the resource efficiency with its

unique architecture. In addition, the skip connection structure is intro-

duced to IRB, which gives the network an opportunity to access fea-

tures in earlier stages and leads to a deeper neural network with a

high efficiency.

The classification layer is a fully-connected layer (FC Layer in

Figure 3). It takes the last output of IRB5 as the input and applies

matrix multiplications to the weight matrix F to produce the number

of output classes [2 or 13]. This operation generates class scores to

distinguish the targets. The output equation of this layer is

expressed as

Xo = FXi + b ð3Þ

Softmax regression [46] of the classification layer outputs is

employed to train the network. The output of Softmax regression y is

written as

yj =
exp xkj

n o
Pn

i=1exp xki
� � , j=1,2,…,n ð4Þ

2.3 | Train the model

To train MCellNet and evaluate its performance in imaging-based

high-speed Cryptosporidium, Giardia and microplastics detection, the

image data set is randomly split with into a training data set (38,469

images), a validation data set (9618 images) and a test data set

(32,059 images) that contained 48%, 12%, and 40% of the total num-

ber of images by using scikit-learn library [47], respectively. In the task

of binary classification, the images of microplastics and natural pollut-

ants are combined into one single class, and the Cryptosporidium and

Giardia images are merged into another. The training data set is used

to tune the parameters of MCellNet during the training phase, the val-

idation data set is used to tune the hyper-parameters, and the test

data set is used to assess the performance of MCellNet.

Deep neural networks are implemented with TensorFlow [48]

and trained over an Ubuntu GPU server [49] with four GPU cards

(Nvidia GeForce RTX 2080 Ti) and one Intel CPU (Xeon E5-2650).

The weight matrices of the deep neural networks (F and b) are initial-

ized with the Glorot uniform initializer [50], and the networks (F and

TABLE 1 Network parameters

Layer/Block Type Output dimension Params

Conv2d Convolution 60 × 60 × 24 744

IRB0 Inverted residual block 60 × 60 × 24 760

IRB1 Inverted residual block 30 × 30 × 24 5568

IRB2 Inverted residual block 15 × 15 × 24 9456

IRB3 Inverted residual block 8 × 8 × 24 9456

IRB4 Inverted residual block 4 × 4 × 24 9456

IRB5 Inverted residual block 2 × 2 × 16 8272

Dense1 Fully connected 13 845

TABLE 2 IRBs search for base network

Methods

Number

of IRBs

Images per

second Accuracy

MobileNetV2 17 258.4 99.4697%

Model1 10 301.5 99.6225%

Model2 8 314.7 99.6849%

MNetSearch 6 319.7 99.5134%

Model4 3 274 99.4635%
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b) are trained in an end-to-end fashion using the Adam stochastic

optimizing algorithm [51]. The parameters for Adam are β1 = 0.9, β2

= 0.999, and a learning rate decay is used for training. A data augmen-

tation mechanism [52] is used in the training process to enhance the

training data set size. The images are augmented by random position

transformation, horizontal and vertical flipping, and image rotation

and zooming during training. In addition, a class weights [53], parame-

ter space search over the entire training phase with a learning rate

and learning rate decay is also performed.

3 | RESULTS AND DISCUSSION

3.1 | Optimization of neural networks

Deep learning promises accurate and rapid imaging-based analysis of

Cryptosporidium, Giardia and microplastics of different sizes. Never-

theless, existing works in this field rely on computer servers with pow-

erful accelerator and fat neural network architecture [54] that

outstrips the capability of many mobile and embedded processors for

field biomedical applications. It is therefore necessary to develop effi-

cient mobile neural networks with reduced hardware footprint and

computing power requirements. Efficient neural network architecture

design is a tradeoff between the accuracy and speed by carefully tun-

ing the depth (d), width (w), and resolution (r) of the neural network

[55]. The target of optimization is to retain a high accuracy while

reducing the floating-point operations (FLOPS) which is a key indica-

tor of neural network efficiency. Previous study [55] suggests that

FLOPS of a neural network is proportional to d, w2 and r2. A practical

approach of optimizing a neural network starts with a handcrafted

base neural network block and evolves it through an architecture sea-

rch. According to this principle, we have designed a MCellNet based

on IRB with a parameter search for balanced accuracy and efficiency.

For the purpose of finding the optimal IRB numbers for the

MCellNet, an IRB searching is performed. Because our data set is less

complex than the ImageNet, a high-level block searching with the goal

to reduce w and d are conducted on the baseline MobileNetV2 archi-

tecture for neural network optimization. The input resolution of the

neural network is kept constant. The width of the neural network is

reduced to search for a suitable network scale for our tasks, and the

depth of the neural network is reduced to further decrease the

FLOPS. An IRB search is also performed. Several models with differ-

ent number of IRB blocks ranging from 17 to 3 are built and tested

TABLE 3 Average accuracy, precision, recall, and F1-score on test data set

Methods Accuracy

Measurement (%)

Images/sPrecision Recall F1-score

MCellNetB 99.77 99.53 98.66 99.09 343

Binary classification MCellNetA 99.64 98.71 98.44 98.57 346

MNetSearch 99.51 98.08 98.12 98.10 320

MobileNetV2 99.47 98.15 97.70 97.92 258

HoGSVM 94.50 77.77 94.47 83.62 52

Multiclass classification MCellNetM 99.69 99.67 99.41 99.54 343

MobileNetV2 99.59 99.39 99.41 99.40 251

F IGURE 4 The normalized confusion matrix on multiclass
classification task. (a) MobileNetV2 and (b) our proposed MCellNetM.
Thirteen classes of output include naturally existing pollutants,
Cryptosporidium, Giardia, and beads: 1.54, 3, 4, 4.6, 5, 5.64, 8, 10,
12, and 15 μm. The color grading represents the level of agreement
between the prediction and the ground truth with white [1] being full
agreement and black (0) being no agreement. In an ideal case with no
misclassification, all boxes along the diagonal from the top left to
bottom right have a value of 1 and appear white, and all the rest
boxes have a value of zero and appear black. With misclassification,
the non-diagonal boxes would have nonzero values and appear red.
The color code is in logarithmic scale
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(Table 2). The optimized configuration has six IRBs that shows a com-

parable accuracy score to the original MobileNetV2 (17 IRBs) but

needs lesser computation power and with faster processing speed on

this data set.

In order to further regularize the neural network, the stride

parameters are adjusted on every IRB in addition to the network sea-

rch. With this modification, the depth and width of MCellNet is

shrunken from 120 × 120 to 2 × 2. Furthermore, a Fully-Connected

(FC) layer is added to combine the structural features from the under-

lying features map. The above restructuring leads to MCellNetA with

the 99.64% accuracy at a processing speed of 346 images per second,

comparing with the best optimized MobileNetV2 in Table 2 of the

accuracy of 99.51% at the speed of 319 images per second on Nvidia

Jetson TX2.

3.2 | Cryptosporidium and giardia detection

MCellNet is capable of rapid and accurate imaging-based detection of

Cryptosporidium and Giardia over microplastics and natural pollutants

in both multiclass classification and binary classification. Multiclass

classification is used to classify images into one of three or more

F IGURE 5 The t-SNE
visualization on the IRB0 to IRB5 (a)–
(f ) of MCellNetM in multiclass
classification. Different color is the
different target class in
Cryptosporidium, Giardia, microbeads
(1.54, 3, 4, 4.6, 5, 5.64, 8, 10, 12, and
15 μm), and natural pollutants

LUO ET AL. 7



classes so we can know detail information on Cryptosporidium, Giardia,

microplastic beads, or other contaminated pollutants. Binary classifica-

tion is used to evaluate the performance on two classes classification

condition. Binary classification is often used when we need to distin-

guish high-risk bio-contaminants, Cryptosporidium and Giardia, from

low-risk microplastics and other naturally existing particulate pollut-

ants. We compare MCellNet with the state-of-the-art deep neural

network MobileNetV2 in both tasks. For processing speed, all the

models are evaluated on Nvidia Jetson TX2 (Jetson TX2 Developer

Kit, Nvidia Corporation).

In order to evaluate the performance of MCellNet, we adopt

accuracy (TP+ TNP+N ), precision ( TP
TP+ FP ), sensitivity or recall (TPP ), F1-scores

(2× precision× recall
precision+ recall), specificity (TNN ), and images per second for both multi-

class classification and binary classification. Where TP is true positive,

FP is false positive, TN is true negative, FN is false negative, P is con-

dition positive and N is condition negative. Particularly, for multiclass

classification, confusion matrices, also known as error matrix, are used

for evaluating the performance. Each row of the confusion matrix pre-

sents the percentage of predicted class, and each column presents the

actual class. Especially, for the binary classification, the False Negative

Rate-False Positive Rate (FNR-FPR) curves are used to show the per-

formance and compare the performance of different approaches at

Equal Error Rate (EER), FNR at 0.1% and FPR at 0.1%. EER means the

FNR and FPR are equal.

3.2.1 | Classification by multiclass classification

MCellNet multiclass classification model (MCellNetM) shows a com-

parable performance in terms of average accuracy, precision, recall

and F1-scores compared to MobileNetV2 (Table 3) and the individual

precision and recall score on multiclass classification is shown in

Table S1. The accuracy of MCellNetM reach 99.69% using the macro

average [56]. In terms of the processing speed, MCellNetM is about

37% faster (343 frames per second) than MobileNetV2 (251 frames

per second) in multiclass classification task on Nvidia Jetson TX2

board. The confusion matrices for MobileNetV2 and MCellNetM are

shown in Figure 4A,B, respectively. In an ideal case with no mis-

classification, all boxes along the diagonal from the top left to bottom

right have a value of 1 and appear white, and all the rest boxes have a

value of zero and appear black. With misclassification, the non-

diagonal boxes will have nonzero values and appear red. As seen in

Figure 4, the confusion matrix of MobileNetV2 has significantly more

red boxes, indicating higher classification errors. MobileNetV2 has a

less satisfactory performance even in the classification of micro-

plastics which are supposedly easier to classify compared to Crypto-

sporidium and Giardia. This outcome may possibly result from

overfitting of MobileNetV2 for it has rich parameters than

MCellNetM. In MCellNetM, the microplastics are well separated. In

very few occasions, misclassification is observed for microplastics of

similar size. For example, a few 3-um microbeads are misidentified as

1.54 and 4-μm microbeads. This error possibly results from a few out-

of-focus images under existing autofocusing mechanism. In such a

scenario, smaller objects may appear bigger. Another possible source

of error may result from the natural water pollutants which come in

diverse sizes and shapes. Some of the particulate pollutants show

image patterns similar to cells, leading to misclassification of pollut-

ants as Cryptosporidium and Giardia.

We have also examined the feature maps generated from the

IRB0-5 of MCellNetM in multiclass classification task with the

t-distributed Stochastic Neighbor Embedding (t-SNE) algorithm [57].

t-SNE is a widely adopted visualization method that projects high-

dimensional data into low dimensions. As shown in Figure 5, points in

different colors that represent respective classes are projected from

the vector presentation of respective IRB outputs into a two-

dimensional space. The t-SNE graphs from IRB0 to IRB5 (a–f) show

that the microbeads are well separated even in the shallow layers.

However, deeper layers for the feature transformation are required to

distinguish Cryptosporidium and Giardia from each other. These results

suggest that the structure and the size of the neural network must

match the task in terms of the data size and distribution in order to

balance the accuracy and speed.

3.2.2 | Classification by binary classification

MCellNet binary classification model is used to evaluate the perfor-

mance on two classes classification condition. Results indicate that

MCellNetA and MCellNetB are superior to MobileNetV2 as well as

F IGURE 6 The false-negative–false-positive rate curve on the
binary classification task. The diagonal dashed is the EER. Natural
pollutant images are class 0, and all Cryptosporidium and Giardia
images are Class 1. The figure is in logarithmic scale

TABLE 4 Error rate of different approaches on binary
classification

Methods EER (%) 0.1%FNR (%) 0.1%FPR (%)

MCellNetB 0.63 20.73 2.12

MCellNetA 0.73 4.19 5.34

MNetSearch 1.18 11.19 7.89

MobileNetV2 1.45 39.87 7.29
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traditional machine learning HOG (Histogram of Oriented Gradients)

+ SVM [58] in terms of average accuracy, pression, recall, and F1-score

(Table 3). In terms of the processing speed, MCellNetA is 346 frames

per second and surpasses MobileNetV2 (258 frames per second) by

34% in binary classification task on Nvidia Jetson TX2 board. Figure 6

shows the false-negative rate–false-positive rate (FNR–FPR) curve of

MCellNetA and MCellNetB compared with MobileNetV2 and

MNetSearch. MCellNetA and MCellNetB have significantly better per-

formances with improved error rate compared to MobileNetV2. The

Equal Error Rate (EER), FNR at FPR = 0.1% and FPR at FNR = 0.1%are

summarized in Table 4. MCellNetB has an error rate of only 0.63% At

EER. In comparison, MobileNetV2 has a relatively large error rate of

1.45%. At the false negative rate of 0.1%, MCellNetA has a false-

positive rate of 4.19%, whereas it is 39.87% for MobileNetV2. At the

false positive rate of 0.1%, the false-negative rate of MCellNetB is

2.12%, whereas it is 7.29% for MobileNetV2 model.

MCellNetB is evolved from multiclass classifier through a

multiclass-to-binary strategy. MCellNetB is first trained with multiple

outputs, 13 classes for our case. Next, binary class prediction labels are

generated by merging the outputs into two classes. For instance, all

labels for microplastics and natural pollutants are merged into a new

pollutant class label “0,” and both Cryptosporidium and Giardia labels

are merged into a protozoa class “1”. Using this approach, MCellNetB

has achieved an accuracy of 99.77%. Results show that the multiclass-

to-binary classifier MCellNetB outperforms the binary classifier

(MCellNetA) and other deep neural networks in the binary classification

task in terms of average accuracy, precision, recall, and F1-score

(Table 3). This observation suggests that rich labeling may offer more

hints for optimization, thereby generating more precise filters for higher

accuracies [59]. In term of protozoa classification, the MCellNetB

achieves a sensitivity of 97.37%, a specificity of 99.95%, a positive pre-

dictive value of 99.26% and a negative predictive value of 99.92%.

F IGURE 7 The t-SNE visualization on
the IRB0 to IRB5 (a)–(f ) of MCellNetB in
binary classification. Natural pollutant
images are class 0 (green), and all
Cryptosporidium and Giardia images are
Class 1 (red)
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The feature maps generated from the IRB0-5 of MCellNetB in

the binary classification task with the t-SNE algorithm were also

examined. As shown in Figure 7, points in green represent micro-

plastics and natural pollutants, and points in red represent protozoans.

The t-SNE graphs from IRB0 to IRB5 (a–f) show that the microplastics

and pollutants are well separated even in the shallow layers.

4 | CONCLUSIONS

We present a deep neural network processing pipeline to combine

with the imaging flow cytometry as a system for the Cryptosporidium

and Giardia detection. The self-developed deep neural network

MCellNet adopted the building block (IRB) from MobileNetV2 to

achieve faster speed and lower power consumption for affordable

machines such as imaging flow cytometry. We used well-

characterized samples, such as commercial Cryptosporidium and Giar-

dia cell line and microplastic beads to demonstrate the capability of

the proposed approach. The system is capable of rapid, accurate and

high-throughput detection and classification of Cryptosporidium and

Giardia under complex background images. For multiclass and binary

classifications, MCellNet achieves accuracies of 99.69% and 99.7%,

respectively. Our system is able to detect Cryptosporidium and Giardia

with a sensitivity of 97.37% and a specificity of 99.95%. MCellNet

has an analysis speed of 346 frames per second outperforming the

state-of-the-art deep learning algorithm MobileNetV2 (251 frames

per second) in demonstrated tasks. We also notice that even with the

well training, the machine-learning model may still not work well on

novelty data that very different and the model did not see in training

data before. Deep learning with metric learning or Bayesian deep

learning may be an important approach for further study. With

enough high-quality training data, MCellNet could be extended to

detect other types of bioparticles in high speed. The reported system,

with its ability to detect and classify Cryptosporidium and Giardia in a

high speed and accuracy, would empower water monitoring and

enable users to determine high-risk bio-contaminants and low-risk

microplastics. It could also be potentially applied to other high-

throughput single-cell analysis applications for environmental moni-

toring, clinical diagnostics, and other biomedical fields.
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