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Automatic cell counting provides an e®ective tool for medical research and diagnosis. Currently,
cell counting can be completed by transmitted-light microscope, however, it requires expert
knowledge and the counting accuracy which is unsatis¯ed for overlapped cells. Further, the
image-translation-based detection method has been proposed and the potential has been shown
to accomplish cell counting from transmitted-light microscope, automatically and e®ectively. In
this work, a new deep-learning (DL)-based two-stage detection method (cGAN-YOLO) is
designed to further enhance the performance of cell counting, which is achieved by combining a
DL-based °uorescent image translation model and a DL-based cell detection model. The various
results show that cGAN-YOLO can e®ectively detect and count some di®erent types of cells from
the acquired transmitted-light microscope images. Compared with the previously reported
YOLO-based one-stage detection method, high recognition accuracy (RA) is achieved by the
cGAN-YOLO method, with an improvement of 29.80%. Furthermore, we can also observe that
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cGAN-YOLO obtains an improvement of 12.11% in RA compared with the previously reported
image-translation-based detection method. In a word, cGAN-YOLO makes it possible to im-
plement cell counting directly from the experimental acquired transmitted-light microscopy
images with high °exibility and performance, which extends the applicability in clinical research.

Keywords: Automatic cell counting; transmitted-light microscope; deep-learning; °uorescent
image translation.

1. Introduction

Cell counting is important in bio-medical research
and clinical medical diagnosis. For example, an ac-
curate complete blood count (CBC) is bene¯cial to
diagnose diseases.1,2 Currently, the cell counting
methods mainly include manual counting methods,
automatic counting methods based on image pro-
cessing techniques, and deep-learning (DL) strate-
gies. Among the above methods, the manual
counting method is generally used due to its low-
cost.3 However, it is time-consuming and is greatly
a®ected by user experiences.2 The automatic count-
ing method based on image processing techniques,
such as Hough Transform,4–6 Watershed Method,7–9

etc., has been used to accomplish cell counting.
However, the detection accuracy of these methods is
limitedwhen facing complex experimental conditions,
especially facing high overlap cells.2,10 It is notewor-
thy that the DL methods have been successfully used
in object detection ¯elds, e.g., face detection11 and
pedestrian detection,12 it also shows tremendous su-
periority.11–15 Considering this, some researchers
have introduced DL-based methods to cell detection
and counting.16–23 As demonstrated in our previous
work,10 a modi¯ed YOLOmethod has been proposed
for accurate blood cell count, which provides an e±-
cient solution for indemnifying overlapping cells.

At present, cell counting is mainly implemented
by °uorescent microscope images. In this way, cell
counting can be completed with high accuracy, be-
cause cells in °uorescent images are generally not
adhered to each other after °uorescent staining.24

However, the acquisition of °uorescent images is
time-consuming and expensive.25 In addition, the
processes of °uorescent staining may damage the
cells.26 Comparably, cell counting based on trans-
mitted-light microscope images can be implemented
more conveniently. However, due to the lack of
contrast, the counting accuracy of transmitted-light
images is unsatisfactory.24 By combining a con-
ventional image processing method (i.e., blob

detection method) and a convolution neural net-
work (CNN), in 2021, Zhang et al.24 increase the
detection accuracy of transmitted-light images.

To further increase the performance of cell
counting in transmitted-light images, in this paper,
a DL-based two-stage method termed as cGAN-
YOLO is proposed. cGAN-YOLO is accomplished
by incorporating a DL-based °uorescent image
translation model and a DL-based cell detection
model. Brie°y, in stage 1, the °uorescent image
translation model of conditional generative adver-
sarial network (cGAN)27,28 is used to predict virtual
°uorescent images. In stage 2, the cell detection
model of YOLO network13 is utilized to detect cells
from the generated virtual °uorescent images. A
series of experimental data are analyzed to assess
the performance of the cGAN-YOLO method. The
various results show that cGAN-YOLO can achieve
good performance for various cell types. The rec-
ognition accuracy (RA) of human umbilical vein
endothelial cells (HUVEC) is 96.67%, which is im-
proved by 10.42% compared with the YOLO-based
one-stage detection method. The RA of Madin–
Darby canine kidney cells (MDCK) under high-
density conditions is 92.58%, which is improved by
29.80% compared with the YOLO-based one-stage
detection method. Furthermore, compared with the
cGAN-Watershed method, the RA of HUVECs and
MDCKs obtained by the cGAN-YOLO method is
improved by 18.75% and 12.11%, respectively.

This paper is arranged as follows. The structures
of methods and datasets are described in Sec. 2. The
various results are displayed and analyzed in Sec. 3.
In Sec. 4, we discuss the related results and make
some conclusions.

2. Materials and Methods

2.1. cGAN-YOLO framework

The proposed two-stage DL-based method (cGAN-
YOLO) contains two sub-models, i.e., the
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°uorescent image translation model based on cGAN
and the cell detection model based on YOLOv3,
respectively. Speci¯cally, the °uorescent image
translation model is able to predict the virtual
°uorescent images from the experimentally acquired
transmitted-light images. Sequentially, the cell de-
tection model takes these generated °uorescent
images as input for cell counting. Figure 1 shows the
framework diagram of cGAN-YOLO.

2.1.1. cGAN network structure

In this work, the °uorescent image translation
model is implemented by the cGAN network

structure,29 which is capable of producing high-
quality images through the zero-sum game between
the generator and the discriminator. The structure
of the cGAN network is shown in Fig. 2. During the
training phase, the generator aims to spawn images
that look like real images, and the discriminator
tries to classify the real images and the generated
images. In this way, cGAN model can e®ectively
learn the mappings between input and the ground
truth to implement the °uorescent image transla-
tion of transmitted-light images. It is noteworthy
that the proposed cGAN model can be implemented
with paired or unpaired training datasets in order to

Fig. 1. The framework of the cGAN-YOLO method. cGAN-YOLO is achieved by incorporating a °uorescent image translation
model based on cGAN and a cell detection model based on YOLOv3. In stage 1, the transmitted-light images are input into cGAN
model to generate corresponding °uorescent images. In stage 2, YOLOv3 model can realize cell counting through these generated
°uorescent images.

Fig. 2. The framework of cGAN model. (a) The training phase of cGAN. The generator G Net translates the transmitted-light
images into the virtual °uorescent images, and the discriminator D Net distinguishes whether the input is ground truth (see Target
in Fig. 2(a)) or the generated °uorescent image. (b) The testing process of cGAN. The trained G Net can directly generate the
virtual °uorescent images from the experimentally acquired transmitted-light images. The detailed structures of G Net and D Net
are shown on the right. It is noted that this ¯gure demonstrates the paired cGAN model, for an unpaired model, two generates and
two discriminators with the same network structure are needed in the training phase.
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°exibly achieve the °uorescent image translation.
This alternative option can satisfy the needs of
experiments in di®erent scenarios. Brie°y, to obtain
high accuracy, the method in a paired way could be
a good option. For convenient and °exible experi-
ments, the method in an unpaired way could be
helpful. Once transmitted-light images are input
into the trained generator for the testing process,
the corresponding °uorescent images could be
obtained e±ciently (see Fig. 2(b)).

In this model, an encoder–decoder framelet is
chosen for the generator, which is conducive to
extracting abstract features. Concretely, the whole
structure includes an input layer, seven down-
sampling layers, seven up-sampling layers, and an
output layer. The input layer for extracting shallow
features of the input contains a convolution, an
instance normalization, and a recti¯ed linear unit
(ReLU). Subsequently, convolution with kernel size
of 4 and stride size of 2, instance normalization, and
ReLU are stacked sequentially in each down-sam-
pling layer to extract useful features and reduce
feature resolution. Then, these abstract features
can be decoded to the original image size by the up-
sampling layers including a deconvolution layer
with stride size of 2, instance normalization, and
ReLU. In addition, the down-sampling layer and
the up-sampling layer of the same size are con-
nected by the skip connection, which realizes the
feature sharing and avoids the loss of important
information in the down-sampling process.30

Finally, the output layer containing a convolution
layer can map the features to a virtual °uorescent
image.

The discriminator based on the PatchGAN
structure27 is utilized. PatchGAN assumes that a
pixel and its adjacent pixels at a certain distance are
independent. When determining whether the pixel
is real or fake, just pay attention to the patch of the
image. In this way, it can enrich the details of the
features and reduce the computational complexity
of the discriminator. Speci¯cally, inspired by
Ref. 27, the patch size of 70 is adopted in the dis-
criminator, and the discriminator consists of four
down-sampling layers. Each layer includes a con-
volutional layer, an instance normalization, and a
ReLU.

2.1.2. YOLOv3 network structure

Recently, many variations of YOLO have been
proposed and shown great potential in object de-
tection tasks.31–33 Considering these, in this work,
the cell detection model is achieved by the
YOLOv3.32 Figure 3 describes the brief network
structure of YOLOv3 used in this work.

Brie°y, the YOLOv3 network consists of a Dar-
knet-53 feature extraction module and a multi-scale
output module.32 Here, the Darknet-53 feature ex-
traction network contains several 3� 3 convolution
layers, 1� 1 convolution layers, and residual blocks
which help the network to extract features and
avoid the gradient disappearance problem with the
increasing depth of network layers.34 The multi-
scale output network learns the features at di®erent
scales. The detection, up-sampling, and feature fu-
sion are implemented at three scales. In addition,
feature fusion can bene¯t the network by learning

Fig. 3. YOLOv3 network structure diagram. The arrows with red color represent the down-sampling operations, and the arrows
with green color mean the up-sampling operations. Brie°y, the YOLOv3 network consists of a Darknet-53 module and a multi-scale
output network. Conv Layer represents the basic convolution unit, which consists of the convolution, batch normalization, and
leaky ReLU. Res Block contains several residual units to avoid the gradient disappearance problem due to the increasing depth of
network layers. Concat represents feature fusion, which helps the network learn more features. In addition, Features 1–3, respec-
tively, represent the extracted feature of YOLOv3 at di®erent scales.
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more features, and improving the detection accu-
racy of small targets.

2.2. Loss function

The loss function is signi¯cant to the network
training convergence. Considering that the bright-
ness and color can be unchanged by using l1 loss,
and the MS-SSIM loss integrates human subjective
perception,35,36 here, l1 and MS-SSIM are added
into the cGAN model. The formula of loss function
for cGAN can be described as follows:

Lstage1 ¼ argmin
G

max
D

‘cGANðG;DÞ þ �1jjy�GðxÞjj1
þ �2½1�MS SSIMðy;GðxÞÞ�; ð1Þ

where G denotes the generator used to transform
the experimentally acquired transmitted-light ima-
ges to the corresponding °uorescent images. y and x
are the ground truth and the acquired transmitted-
light image, respectively. �1 and �2 denote the
weight coe±cients for di®erent terms. According to
Ref. 36, here, �1 ¼ 16 and �2 ¼ 84. ‘cGAN denotes
the original adversarial loss function used in
cGAN.27 It should be noted that for unsupervised
training, the last two terms should be replaced by
cycle consistency37 loss incorporated with MS SSIM
loss, as follows:

Lstage1 ¼ argmin
G

max
D

‘cGANðG;DÞ þ ‘cyc ssimðGÞ:
ð2Þ

In this work, the second stage network is used to
detect and count the cell from the transformed
°uorescent images obtained by cGAN network.
According to Ref. 32, the formula of the loss func-
tion can be described as follows:

Lstage2 ¼ ‘boxðSout;StarÞ þ ‘objðCout;CtarÞ; ð3Þ
where ‘box denotes the center point error, width,
and height error of the bounding box between the
output and label. Sout and Star are the bounding box
of output and label, respectively. ‘obj denotes the
con¯dence loss of the bounding box containing the
cell. Cout and Ctar are the probabilities of the pre-
dicted bounding box containing the cell and the
label, respectively.

2.3. Comparison methods

To assess the performance of the cGAN-YOLO
method, two cell counting methods are used as

comparison. One method is the previously reported
YOLO-based one-stage detection method10,13 and
the other method is the previously reported image-
translation-based detection method24 (termed as
cGAN-Watershed in this work).

It is noteworthy that when using the ¯rst com-
parison method, YOLO is directly used to analyze
the transmitted-light microscopy image. That is, the
cell counting task is accomplished by using YOLO to
learn the relevance between the transmitted-light
images and labels. When using cGAN-Watershed,
the transmitted-light image is ¯rst transformed into
°uorescent images. Here, for a fair comparison, sim-
ilar to the cGAN-YOLO method, cGAN27 is used to
implement the virtual °uorescent image translation.
Similarly, cGAN model can be trained by using the
paired or unpaired training data. After that, based
on the generated °uorescent images, the cell count-
ing task is completed by using watershed7 and region
detectionmethods. It should also be pointed out that
for improving the detection accuracy based on the
watershed method, a gaussian ¯lter is used to high-
light the position of the nucleus after translation.
The sharpening method is used to further enhance
the contrast of the generated °uorescent image.

To quantitatively evaluate the transformed per-
formance of stage 1, here, peak signal-to-noise ratio
(PSNR) and learned perceptual image patch simi-
larity38 (LPIPS) are utilized. Referring to Ref. 38,
LPIPS can e®ectively measure the di®erences be-
tween images by calculating L2 distance of deep
features in images, which is consistent with human
perception.

In addition, to quantitatively evaluate the ¯nal
count performance, the precision rate (PR), recall
rate (RC), mean average precision (mAP), and
RA39 indicators are also calculated, respectively, as
follows:

PR ¼ TP

TPþ FP
; ð4Þ

RC ¼ TP

TPþ FN
; ð5Þ

mAP ¼
Z 1

0

PRðRCÞdRC; ð6Þ

RA ¼ 1� jNGT �Noutj
NGT

; ð7Þ

where TP, FP, and FN represent true positive, false
positive, and false negative respectively. mAP
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denotes mean average precision. NGT denotes the
cell number in the ground truth, and Nout denotes
the cell number after detection.

2.4. Cell dataset

In this work, three sets of microscopy images40 in-
cluding the transmitted-light images and the °uo-
rescent images are used. In detail, the HUVEC
under low-density conditions, the MDCK under
high-density conditions, and the mouse keratino-
cytes are used to assess the detection ability and
generalization ability of the cGAN-YOLO method.
Here, the size of these images is 512� 512 pixels.

In detail, the training set contains 4000 paired
images for HUVEC and MDCK, which are selected
from the above datasets. Here, all labeled data are
manually annotated under the guidance of profes-
sionals, which is realized by using LabelImg soft-
ware (https://github.com/tzutalin/labelImg). It is
noteworthy that in °uorescent images, the cell nu-
clei have clear boundaries and can be easily marked.
However, the whole cell needs to be marked in
transmitted-light images when labeling due to the
low contrast. Figure 4 shows some labeled images
used in this work. Concretely, the transmitted-light
images and corresponding transmitted-light labels
are used to train the YOLO-based detection

(a) HUVEC

(b) MDCK

Fig. 4. Some cell images and labels used in this work. (a) The images of HUVEC. (b) The MDCK images. The ¯rst column is the
transmitted-light images, the second column is the labels of the transmitted-light images, the third is the °uorescent images, and the
fourth is the labels of the °uorescent images.

M. Lu et al.

2350004-6



method. The transmitted-light images and corre-
sponding °uorescent images are adopted for train-
ing in stage 1 of the proposed cGAN-YOLO
method, and the °uorescent images and corre-
sponding °uorescent labels are adopted for training
in stage 2 of the proposed cGAN-YOLO method.
Also, the training data of cGAN-Watershed is the
same as the dataset used in stage 1 of the cGAN-
YOLO method. Table 1 reveals the details of the
training dataset.

2.5. Training

In this work, cGAN model and YOLOv3 model are
trained, respectively. In detail, the model of °uo-
rescent image translation based on cGAN is trained
for 200 epochs. During the training processes, Adam
optimization is utilized. The batch size is 4. In order
to make the training converge e®ectively and sta-
bly, a learning rate attenuation strategy is used.
Concretely, for the ¯rst 100 epochs, the learning
rate is 0.0002, for the last 100 epochs, the learning
rate decreases linearly to 0. In addition, it is note-
worthy that cGAN can be trained with paired or
unpaired data. The use of the paired data can
achieve high accuracy translation, and the use of
the unpaired data can °exibly implement transla-
tion. Based on the above considerations, to better
clarify the e®ectiveness of the method, here, cGAN
is trained with paired data and unpaired data,
respectively.

The cell detection model based on YOLOv3 is
trained for 200 epochs, and the stochastic gradient
descent optimization is utilized. The learning rate is
set to 0.001. Here, the training process is performed
with an NVidia Tesla V100 GPU (16GB RAM), 2
Intel Xeon Gold 6130 (2.1GHZ), and 192 G DDR4
REG ECC.

3. Results and Discussion

3.1. Detection capability under low cell

density conditions

Figure 5 shows the detection and comparison results
of HUVECs under low-cell density obtained by
di®erent methods. Here, the ¯rst column displays
the transmitted-light images as input. The second
column describes the corresponding °uorescent
images dyed by DAPI for labeling nuclei. Detection
results obtained by the YOLO method from
transmitted-light images are shown in the third
column. The fourth and ¯fth columns display the
counting results of the cGAN-Watershed method in
an unpaired and paired way, respectively. The last
two columns represent the results of the cGAN-
YOLO method in an unpaired and paired way,
respectively.

These results demonstrate that the YOLO
counting method based on the transmitted-light
images cannot accurately detect the cell with dif-
ferent shapes, as shown in the third column of
Fig. 5. Although the detection performance of the
cGAN-Watershed method is improved, the problem
of missed detection still exists, see the fourth and
¯fth columns in Fig. 5. Compared with the above
method, an obvious improvement can be observed
in the detection results acquired by the proposed
method cGAN-YOLO, which means cGAN-YOLO
method provides an e±cient tool to implement ac-
curate cell counting.

Furthermore, in order to evaluate the quality of
the generated images, 200 images are randomly
chosen from test datasets to calculate the quanti-
tative indexes. Table 2 shows the corresponding
quantitative results of the virtual °uorescent images
obtained from stage 1 in the proposed method.
From these results, it can be demonstrated that the
synthesis of °uorescence images is e®ective, espe-
cially for paired training strategy. Also, 20 images
are randomly selected to assess the counting per-
formance. The comparison of RA, PR, RC, and
mAP obtained by YOLO, cGAN-Watershed
method trained with unpaired data, cGAN-Water-
shed method trained with paired data, cGAN-
YOLO method trained with unpaired data, and
cGAN-YOLO method trained with paired data are
shown in Table 3. The results demonstrate that as
opposed to the YOLO counting method, the accu-
racy of the cGAN-YOLO method trained with
paired data is improved by 10.42%. Further,

Table 1. The data used in training di®erent detection
methods.

Methods Input Target

Stage 1 of
cGAN-YOLO

Transmitted-light
images

Fluorescent images

Stage 2 of
cGAN-YOLO

Fluorescent images Fluorescent labels

YOLO Transmitted-light
images

Transmitted-light
labels

cGAN-Watershed Transmitted-light
images

Fluorescent images
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compared with the paired cGAN-Watershed meth-
od, the accuracy of the paired cGAN-YOLO is im-
proved by 18.75%. Similar results can also be
observed in other indexes, e.g., mAP. Here, it can be
seen that the methods based on the unpaired data
have relatively low results, and this may be caused
by the poor virtual °uorescent images generated
from stage 1 (see the ¯rst row (b) and (d) of Fig. 5).

3.2. Detection capability under high cell
density conditions

Figure 6 shows the detection results of MDCKs
under high-cell density obtained by YOLO method,
cGAN-Watershed method, and cGAN-YOLO
method. Here, the ¯rst two columns show the
transmitted-light images and corresponding °uo-
rescent images, respectively. Detection results
obtained by the YOLO method from transmitted-
light images are displayed in the third column. The
fourth and ¯fth columns show the counting results
obtained by the cGAN-Watershed in an unpaired
and paired way, respectively. The last two columns
show the results of the cGAN-YOLO method in an
unpaired and paired way, respectively. The results
demonstrate that with the increase in cell density,
the missed detection of the YOLO counting method
is aggravated. Comparatively, the cGAN-YOLO
method can achieve accurate detection even in the
case of cell adhesion and overlap, as shown in
Figs. 6(d) and 6(e).

Table 4 shows the quantitative indexes of the
MDCK virtual °uorescent images obtained by stage
1 of the proposed method. Table 5 compares the
quantitative evaluate results of the YOLO method,

Fig. 5. The detection results of di®erent methods from HUVECs. Each row represents the di®erent HUVEC samples. The ¯rst and
the second columns show the transmitted-light images and corresponding °uorescent images, respectively. (a) The detection results
are obtained by YOLO from the experimental acquired transmitted-light images. (b) The counting results of cGAN-Watershed are
trained with the unpaired data. (c) The counting results of cGAN-Watershed are trained with the paired data. (d) The counting
results of the cGAN-YOLO method are trained with the unpaired data. (e) The counting results of cGAN-YOLO are trained with
the paired data.

Table 2. The LPIPS and PSNR of HUVECs in
stage 1 calculated from 200 images.

LPIPS PSNR (dB)

Paired cGAN 0.10 � 0.01 25.44 � 0.17
Unpaired cGAN 0.17 � 0.03 20.52 � 0.45

Table 3. Comparison of quantitative index in HUVECs by
di®erent methods.

Methods RA (%) PR RC mAP

YOLO 86.25 0.98 0.88 0.85
Unpaired cGAN-Watershed 68.67 0.76 0.76 0.64
Paired cGAN-Watershed 77.92 0.96 0.79 0.80
Unpaired cGAN-YOLO 73.97 0.75 0.93 0.81
Paired cGAN-YOLO 96.67 0.95 0.98 0.97
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cGAN-Watershed method, and cGAN-YOLO
method, which are calculated from 20 random
MDCK images. The quantitative results demon-
strate that the accuracy of the YOLO counting
method based on the transmitted-light image is low,
which is 62.78%. The accuracy of the cGAN-Wa-
tershed method is also unsatisfactory, with an RA
of 79.06% in an unpaired way and 80.47% in a

paired way. Comparatively, the cGAN-YOLO
method has a better performance. Speci¯cally, the
accuracy of the cGAN-YOLO method in an un-
paired way is improved by 25.18%, and the cGAN-
YOLO method in a paired way is enhanced by
29.80% compared to the YOLO counting method.
Considering the other indexes e.g., mAP, the
cGAN-YOLO method with paired data shows bet-
ter performance in high cell density conditions.

The quantitative results in Tables 3 and 5 dem-
onstrate that the proposed cGAN-YOLO counting
method is not only applicable to images with low-
cell density and simple cell morphology, but also has
a good performance for images with high-cell den-
sity and various cell morphologies. As a result, this
method demonstrates good potential for clinical
application.

3.3. Generalization capability

To assess the generalization capacity of the cGAN-
YOLO method, mouse keratinocytes cells are used
for testing. It should be noted that the transmitted-
light images of mouse keratinocytes are obtained by
phase contrast microscope, which is di®erent from
the training dataset transmitted-light images of

Fig. 6. The detection results of MDCK cells under high density conditions. Each row represents the di®erent MDCK samples. The
¯rst and the second columns show the experimental acquired transmitted-light images and corresponding °uorescent images,
respectively. (a) The detection results obtained by YOLO method from the acquired transmitted-light images. (b) The counting
results of cGAN-Watershed trained with unpaired data. (c) The counting results of cGAN-Watershed trained with paired data. (d)
The counting results of cGAN-YOLO trained with unpaired data. (e) The counting results of cGAN-YOLO trained with paired
data.

Table 4. The LPIPS and PSNR of HUVECs in
stage 1 calculated from 200 images.

LPIPS PSNR (dB)

Paired cGAN 0.18 � 0.01 19.91 � 0.78
Unpaired cGAN 0.20 � 0.04 17.63 � 2.00

Table 5. Comparison of quantitative index in MDCKs by
di®erent methods.

Methods RA (%) PR RC mAP

YOLO 62.78 0.91 0.58 0.65
Unpaired cGAN-Watershed 79.06 0.95 0.76 0.81
Paired cGAN-Watershed 80.47 0.96 0.78 0.84
Unpaired cGAN-YOLO 87.96 0.87 0.92 0.89
Paired cGAN-YOLO 92.58 0.93 0.95 0.94
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MDCK cells obtained by di®erential interference
contrast (DIC) microscope. Figure 7 shows the
count results of mouse keratinocytes cells. Here, the
¯rst column is the transmitted-light images of dif-
ferent samples. The second column shows the real
°uorescent images. The third and the fourth col-
umns are the generated °uorescent images and de-
tection results of the cGAN-YOLO model in a
paired way, respectively. Also, 30 images are ran-
domly chosen to quantitatively assess the e®ec-
tiveness of the cGAN-YOLO method, and the RA is
92.33%. These results show that even if the cGAN-
YOLO model is applied to di®erent data sets, good
RA can be obtained.

3.4. Comparisons of counting scheme of
directly from real °uorescent

images

Finally, we also analyze and compare the perfor-
mance of the proposed two-stage cGAN-YOLO
method with a conventional cell counting scheme,
i.e., applying the detection method to the real
°uorescent images. Figure 8 shows the correspond-
ing comparison results from the HUVEC and
MDCK cells, where the ¯rst row shows the detec-
tion results obtained by YOLO method and the
second row shows the detection results obtained by
the cGAN-YOLO. Here, it is worth noting that in

Fig. 7. The detection results obtained by cGAN-YOLO with the mouse keratinocytes. The ¯rst column is the transmitted-light
image of di®erent samples, the second column is the real °uorescent image, the third and the fourth columns are the generated
°uorescent images and detection results acquired by the proposed cGAN-YOLO model in a paired way, respectively.

Fig. 8. The comparison results of HUVEC and MDCK cells obtained by YOLO and cGAN-YOLO. The ¯rst row shows the
detection results obtained by applying YOLO method to the real °uorescence images. The second row shows the detection results
obtained by applying the proposed two-stage cGAN-YOLO method to the transmitted-light images.
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this case, YOLO is directly applied to the real
°uorescent images. Comparably, the proposed two-
stage cGAN-YOLO method is applied to the
transmitted-light images. Based on the above
results, we can ¯nd that when applied to the real
°uorescent images, YOLO method can e®ectively
implement cell counting with a high accuracy. The
proposed cGAN-YOLOmethod also demonstrates a
similar counting performance, even if it is applied to
the transmitted-light images. It is further con¯rmed
by the quantitative results. For example, when
counting the HUVEC cells in Fig. 8, the RA, PR,
and RC values from both methods are the same, i.e.,
100%, 1, and 1, respectively. For the MDCK cells in
Fig. 8, the RA, PR, and RC values from YOLO are
95.99%, 0.97, and 0.97. Comparably, the RA, PR,
and RC values from cGAN-YOLO are 89.76%, 0.93,
and 0.94, respectively.

Nevertheless, there are still some limitations
when using the proposed two-stage cGAN-YOLO
method in cell counting. First, there is a common
obstacle in the DL-based methods where physical
mechanism in imaging processes, e.g., light propa-
gation in tissues, is not revealed totally. To address
this problem, the integrating physical relation-
ships41 or mathematical methods42,43 with current
DL-based method could be helpful to break through
the limitations of the physical principles. In addi-
tion, it should be pointed out that the performance
of DL-based method may be greatly a®ected by the
amount of training dataset and network structure.
Also, in this work, only several types of cells are
used for experiments. Clinically, the cell types in-
volved are more diverse and complex, so it is nec-
essary to collect and evaluate di®erent types of cell
data. Moreover, there is a problem of adherent cell
misdetection, which could be improved by intro-
ducing a pixel-level detection method or segmenta-
tion method.44 In the future, these related works
will be further investigated.

4. Conclusions

In this paper, we design a two-stage cell counting
method based on DL (cGAN-YOLO) to enhance
the performance of cell detection in transmitted-
light images. The experimental results from various
cell types demonstrate that compared to the cGAN-
Watershed method and the one-stage YOLO
method, cGAN-YOLO can e±ciently realize cell
counting at various densities and morphologies.

Correspondingly, cGAN-YOLO can be used as a
tool to implement cell counting directly from
transmitted-light images with high °exibility and
good accuracy, which is bene¯cial in assisting
researchers in cell experiments and studying cell
growth.
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