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a b s t r a c t 

We propose a new deep learning approach for medical imaging that copes with the problem of a small 

training set, the main bottleneck of deep learning, and apply it for classification of healthy and cancer 

cell lines acquired by quantitative phase imaging. The proposed method, called transferring of pre-trained 

generative adversarial network (TOP-GAN), is hybridization between transfer learning and generative ad- 

versarial networks (GANs). Healthy cells and cancer cells of different metastatic potential have been im- 

aged by low-coherence off-axis holography. After the acquisition, the optical path delay maps of the cells 

are extracted and directly used as inputs to the networks. In order to cope with the small number of clas- 

sified images, we use GANs to train a large number of unclassified images from another cell type (sperm 

cells). After this preliminary training, we change the last layers of the network and design automatic 

classifiers for the correct cell type (healthy/primary cancer/metastatic cancer) with 90–99% accuracies, 

although small training sets of down to several images are used. These results are better in comparison 

to other classic methods that aim at coping with the same problem of a small training set. We believe 

that our approach makes the combination of holographic microscopy and deep learning networks more 

accessible to the medical field by enabling a rapid, automatic and accurate classification in stain-free 

imaging flow cytometry. Furthermore, our approach is expected to be applicable to many other medical 

image classification tasks, suffering from a small training set. 

© 2019 Published by Elsevier B.V. 
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1. Introduction 

Cancer is a leading cause of death worldwide. Flow cytome-

try of body fluids obtained by routine medical tests is expected to

identify circulating tumor cells ( Paterlini-Brechot and Benali, 2007;

Yu et al., 2011 ). However, isolation of these cancer cells is labo-

rious and typically yields uniformly round cells, which are hard

to grade ( Crowley et al., 2013 ). In flow cytometry for cell sort-

ing, one evaluates cellular features through fluorescence markers

( Ibrahim and van den Engh, 2007 ). However, fluorescent markers

tend to photobleach, which damages the image contrast and the

prognosis decisions ( Jensen, 2012 ). The morphology and texture of

cancer cells changes during cancer progression ( Wu et al., 2015;

Zink et al., al.,2004 ). Without staining, however, biological cells are

nearly transparent, resulting in a low image contrast. 

An internal contrast mechanism that can be used when imag-

ing cells without staining is their refractive index. The light beam
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assing through the imaged cells is delayed, since the cells have

 slightly higher refractive index compared to their surround-

ngs. Conventional intensity-based detectors are not fast enough

o record this light delay directly. Phase imaging methods, on the

ther hand, use optical interference to record the delay of light

assing through the sample, and thus they yield stain-free con-

rast in the image. Contrary to qualitative phase contrast meth-

ds, interferometric phase microscopy (IPM) yields the full sam-

le wavefront, containing the optical thickness map or optical path

elay (OPD) map of the cell, so that on each spatial point of this

ap, OPD is equal to the integral of the refractive index values

cross the cell thickness ( Girshovitz and Shaked, 2012 ). In addi-

ion to contrast obtained on all cell points without staining, IPM

llows calculating quantitative parameters, such as cell volume

nd dry mass, which have not been available to clinicians so far

 Rappaz et al., 2009 ). In the last years, we made significant ef-

orts to make these wavefront sensors affordable for clinical use

 Shaked, 2012; Girshovitz and Shaked, 2013; Roitshtain et al., 2016;

ativ and Shaked, 2017 ) by attaching a portable interferometric

odule to the exit port of an existing clinical microscope, making

https://doi.org/10.1016/j.media.2019.06.014
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.06.014&domain=pdf
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his technology accessible and affordable to the clinicians’ direct

se. 

Combining holographic microscopy with recent developments

n the field of machine learning enables automatic stain-free anal-

sis of large numbers of cells, which can assist with the classifi-

ation of different types of cells ( Martinez-Torres et al., 2015; Go

t al., 2018; Mirsky et al., 2017; Roitshtain et al., 2017; Hejna et al.,

017; Yoon et al., 2017; Park et al., 2016 ; Lam et al., 2017; Chen

t al., 2016; Moon et al., 2009 ). In contrast to previous works pre-

enting statistical discrimination of holographic data of cells ( Javidi

t al., 2005; Moon and Javidi, 2008; Yeom et al., 2006; Watanable

t al., 2013; Jaferzadeh and Moon, 2016 ), the advantage of machine

earning classifiers is that they can work on multi-feature space,

r even on unknown feature space, for classification between the

roups examined. Furthermore, various combinations of machine

earning and holographic microscopy have been proposed lately

e.g. ( Rivenson et al., 2017, 2018; Jo et al., 2019; Ronneberger et al.,

015 )). 

The fact that IPM can now be implemented in clinical settings

nd provide the clinicians with tens of new parameters extracted

rom the cell OPD map gives rise to the question of how to account

or all parameters together in order to classify the cells. Simple

achine learning approaches can weigh the various parameters,

or example by principle component analysis (PCA), followed by a

upport vector machine (SVM) classifier ( Roitshtain et al., 2017 ). 

Instead of manually designing parameters to be extracted from

he OPD maps, an alternative approach is to apply machine learn-

ng techniques directly on these maps with the goal of cell classi-

cation. This approach is more global, since it creates hidden pa-

ameterization that might be missed by the manually designed pa-

ameters, and thus, although more computationally heavy, it is ex-

ected to yield better classification results. 

In the past years, the concept of deep convolutional neural net-

orks (CNNs) has revolutionized the field of image recognition and

lassification ( Jo et al., 2017; LeCun et al., 2015; Oquab et al., 2014 ).

hen the number of parameters in the network is large, more

amples are required for training in order to avoid overfitting situa-

ions ( Erhan et al., 2009 ). One major challenge when building CNNs

s that it is frequently hard to acquire very large number of clas-

ified training examples. This problem is common to many medi-

al classification tasks solved with deep learning, and researchers

hrive to suggest new approaches that allow applying deep learn-

ng with limited number of examples ( Tajbakhsh et al., 2016; Shi

t al., 2016; Litjens, 2017 ). 

A simple possible solution to the problem of a small train-

ng set is to expand the training set by using data augmentation

 Ronneberger et al., 2015; Krizhevsky et al., 2012 ). However, the

ew information gained from this process might be minor and

neffective for many types of data. An alternative solution to the

roblem of a small training set is transfer learning. It can be used

n the case of well-known deep learning networks that have been

reviously trained on large general training sets ( Shin et al., 2016;

ar et al., 2015; Howard et al., 2017 ). By changing the last layers of

hese pre-trained networks, researchers have shown the possibility

f receiving high accuracy results after training with a small data

et, specifically for medical images ( Bar et al., 2015 ). Another ap-

roach is based on generative adversarial networks (GANs). This is

n unsupervised learning strategy for generating new data points

or a given large unclassified dataset ( Goodfellow et al., 2014 ).

his model is composed of two individual networks that compete

ith each other and learn to synthetically create additional reliable

mages, which increase the available training set ( Radford et al.,

015; Frid-Adar et al., 2018 ). Alternatively, GANs can be used as

 semi-supervised learning technique that utilizes a large number

f unclassified images in order to achieve better classification re-

ults with a small number of classified images of the same type
 Odena, 2016; Salimans et al., 2016 ). These approaches, however,

annot help if neither a sufficient number of classified nor unclas-

ified training images from the same type are available. Another

pproach is to train a GAN model on a large set of unclassified im-

ges, and then fine-tune one of its networks on a smaller set of

lassified images ( Vondrick et al., 2016; Ahsan et al., 2018 ). To the

est of our knowledge, this approach has not been adapted so far

or medical imaging. 

In the current paper, we perform classification of quantitative

hase images of healthy and cancer cells and of primary cancer

nd metastatic cancer cells. For these tasks, we successfully apply

arious machine learning methods, one of which copes with the

roblem of a small training set by using another set of unclassi-

ed images, and is adapted here for medical imaging in the first

ime. This method, called transferring of pre-trained generative ad-

ersarial network (TOP-GAN), exploits the large amount of unclas-

ified data from another set of examples in order to compensate

or the lack in classified data. In order to do so, we combine be-

ween transfer learning and GANs. TOP-GAN uses a GAN model in

rder to train a discriminator network on a large number of un-

lassified images from one type. Then, by changing the last layer

f the discriminator with new un-trained layers, we transform the

iscriminator network into a new classifier network that can be re-

rained on a small number of classified images from another type.

he transformation of the network is done using transfer learning;

ence, we train the GAN model on one type of data set, e.g. un-

lassified sperm cell OPD images, and then implement this infor-

ation for classification of a smaller classified data set of another

ype, e.g. classified cancer and non-cancer cell OPD images. To the

est of our knowledge, this is the first time that the discriminator

etwork is being used as a transfer learning network for medical

maging in general and for stain-free cell classification in particu-

ar. 

In this paper, we compare the classification abilities of TOP-GAN

nd various machine learning methods, including the classic CNN,

n the case that only a small and complex dataset of OPD maps of

ells is available for training. We show that TOP-GAN yields a more

fficient classifier, which can achieve better classification results

ith a smaller classified training set. Furthermore, this method

hown to be much more robust to the selection of the training set

han other deep learning approaches. 

. Materials and methods 

.1. Dataset: stain-free quantitative phase maps of cells 

To prepare the datasets, we imaged without staining healthy

nd cancer cell lines and sperm cells from donors using IPM. We

hose two pairs of isogenic cell lines: 1) Hs 895.Sk (healthy skin)

nd Hs 895.T (melanoma), 2) SW 480 (colorectal adenocarcinoma

olon cells) and SW 620 (metastatic from lymph node of colorectal

denocarcinoma cells). The cells were purchased from the ATCC.

he first comparison (healthy versus cancer) was done between

ormal human skin fibroblasts (Hs 895.Sk) and fibroblasts from a

elanoma tumor (Hs 895.T), where both cell types were isolated

rom a 48-years-old Caucasian female. The second comparison (pri-

ary versus metastatic cancer) was done between cells from col-

rectal adenocarcinoma in situ (SW 480) and cells from colorec-

al adenocarcinoma lymph metastasis (SW 620), where both cell

ypes were isolated from the same individual (but not the same

ndividual of the first pair of cell lines). Thus, each pair of cell

ines was taken from the same individual and the same organ. The

ells were imaged without staining while being unattached and

hus were mostly round, as in the case of imaging flow cytome-

ry, which were harder to classify. The first classification task rep-

esents a less complex task: discriminating between healthy skin
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and cancer cells, while the second classification task represents a

more complex task: discriminating between primary cancer and

metastatic cancer cells. In addition, we used IPM to image sperm

cells from donors. The cell preparation procedures are elaborated

in Appendix A . 

In order to obtain the OPD topographic maps of the cells,

we acquired off-axis image holograms. For imaging the Hs cells,

we used the system mentioned in ( Roitshtain et al., 2017 ). For

imaging the SW cells, we used the flipping interferometry mod-

ule ( Roitshtain et al., 2016 ), connected to an inverted microscope.

As shown in Fig. 1 (a), flipping interferometry is a compact and

portable module, so it can be attached into existing clinical mi-

croscopes, signifying its advantage for clinical imaging flow cytom-

etry. The microscope was illuminated by a coherent laser (Helium-

Neon, 632.8 nm), and a microscope objective (Mitutoyo, 50X, 0.55

NA) was used for imaging. The off-axis image holograms were

created on the digital camera (Thorlabs, DCC1545M), positioned

right after the interferometric module. Inside the module, a beam

splitter splits the beam into a reference beam, which is reflected

back and flipped by a retro-reflector, and a sample beam, which

is reflected back by a mirror. This configuration requires half of

the optical field of view to be empty from sample details. Flip-

ping interferometric geometry is specifically useful for microflu-

idic channels, since it is easier to make sure that the sample beam

half is positioned on the area of the flowing cells, and the other

half of the beam, dedicated for the reference beam, is positioned

on the bare glass of the channel. Therefore, flipping interferome-

try can deal with non-sparse samples without creating ghost im-

ages, in contrast to modules based on shearing interferometry (e.g.,

( Moon, 2013 )). 

We then extracted the OPD maps from the off-axis holo-

grams of the cells by using digital spatial filtering ( Girshovitz and

Shaked, 2015 ). As demonstrated in Fig. 1 (b–e), the algorithm in-

cluded a 2D Fourier transform, filtering one of the cross-correlation

terms containing the complex wavefront of the sample, and an

inverse 2D Fourier transform. The resulting matrix argument was

the wrapped phase of the sample. We then subtracted from the

wrapped phase map of the sample a phase map, which was ex-

tracted from a reference hologram (acquired without the sample

present), in order to overcome stationary aberrations and field cur-

vatures. We then created the unwrapped phase map, by using the

unweighted least squares phase unwrapping algorithm, and multi-
Fig. 1. (a) Flipping interferometry (FI) optical system. The compact interferometer (FI M

entire optical beam illuminating the sample, when projected onto the camera plane. Digi

size). Retroreflector (RR) flips the empty half of the optical FOV onto the digital FOV area, 

laser. M 0 , M 1 , mirrors. S, cell sample. MO, microscope objective. L, tube lens. BS, beam spl

suspension. (b) Absolute value of the digital Fourier transform of the hologram and the s

unwrapped OPD map. 
lied it by the wavelength of the source divided by 2 π , in order to

reate the quantitative OPD map of the sample, which is defined

s follows: 

P D c ( x, y ) = [ n c ( x, y ) − n m 

] × h c ( x, y ) (1)

here n m 

is the refractive index of the medium, h c is the thickness

rofile of the cell, and n c is the cell integral refractive index, which

s defined as follows: 

 c ( x, y ) = 

1 

h c 

h 

∫ 
0 

n c ( x, y, z ) dz (2)

No digital propagation was performed since the camera was po-

itioned in the image plane of the sample. All image analysis pro-

edures were carried out using Matlab (R2017b). 

The reconstructed OPD maps, each containing multiple cells,

ere segmented by thresholding, in order to separate the cells

rom the background, and then cropped into images of single cells.

ext, the isolated cells were computationally aligned and centered

or further analysis. Using the method described above, we cre-

ted RGB images with size 128 × 128 × 3 that described the

PD information of the individual cell area only. We chose to use

GB images as the inputs to the deep learning networks rather

han grayscale ones ( Teare et al., 2017 ). The transformation from

 grayscale image to an RGB image was done by MATLAB using

he jet color map. One of the reasons we chose to use RGB im-

ges instead of grayscale ones was due to the fact that the com-

arison process between the TOP-GAN results and other classifica-

ion methods included also a comparison to MobileNet that was

reviously trained on the ImageNet database, which includes RGB

mages. To test if using RGB images degrades the results in com-

arison to using gray scale images, we inserted to a conventional

NN the original grayscale OPD maps of the cancer/non-cancer

ells, and then trained it for classification. The average accuracy

esults were very similar to the results of the same network that

as trained with RGB images. 

.2. TOP-GAN 

TOP-GAN is implemented by performing transfer learning with

he previously trained discriminator from a GAN model. GAN is an

nsupervised learning strategy that utilizes a given large unclas-

ified samples to generate new data points (e.g. images) based on
odule) is connected to an inverted microscope. Optical field of view (FOV) is the 

tal FOV is the sample area that the camera acquires (defined by the camera sensor 

so that this half becomes the reference beam of the hologram. HeNe, Helium-Neon 

itter. Camera, monochrome digital camera. (b) Off-axis hologram of a cancer cell in 

elected cross-correlation term. (d) The resulting wrapped phase map. (e) The final 
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Fig. 2. (a) DCGAN architecture. ’fake’ means a generated image, and ’real’ means a 

recorded image. (b) Generator network architecture when generating OPD images 

of sperm cells. (c) Discriminator network architecture when training on real and 

generated OPD images of sperm cells. 
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he same distribution ( Goodfellow et al., 2014 ). This model is based

n training two individual CNNs, generator and discriminator. The

enerator network attempts to synthetically create a realistic im-

ges with a similar distribution to the real images, in order to ’fool’

he discriminator network, whereas the discriminator have to iden-

ify correctly which input image is real (recorded) and which one

s fake (generated). 

We have based our model on the architecture of deep con-

olutional GAN (DCGAN), as illustrated in Fig. 2 (a) and on

he suggested guidelines for stable GAN training proposed in

 Radford et al., 2015 ). The architecture of both networks of

he GAN model, generator and discriminator, is illustrated in

ig. 2(b) and Fig. 2(c) , respectively. 

The generator network takes as an input a vector with a size

f 100 elements that are sampled from a random normal distri-

ution. After propagating through the network, it outputs an RGB

mage that describes an OPD map of a sperm cell with a size of

28 × 128 × 3 pixels. The network architecture consists of a fully

onnected (FC) layer reshaped to a size of 8 × 8 × 512 and four de-

onvolution layers with a stride of 2 and a kernel size of 5 × 5.

atch-normalization layers and ReLU activation functions are ap-

lied to all layers except the output layer, which uses a tanh acti-

ation function ( Radford et al., 2015 ). 

The discriminator network has a classic CNN architecture. The

nput of the network is an RGB image with a size of 128 × 128 × 3

ixels that describes an OPD map of a cell. The output of the net-

ork is a binary decision value that signifies if the image is a real

PD map or a fake (generated) one. The network architecture con-

ists of four convolution layers with a stride of 2 and a kernel size

 × 5, and a fully connected layer. A batch normalization layer is

pplied to each convolution layer except the input and the out-

ut layers. Leaky ReLU activation functions, with a slope set to 0.1,

re applied to all convolution layers except the output layer, which

ses the sigmoid function ( Radford et al., 2015 ). The Sigmoid func-

ion gives the probability (0,1) of the image to be ’fake’ or ’real’

respectively). 
In order to train both the generator and the discriminator net-

orks, we use 2762 different OPD images of human sperm cells

aptured in our lab by IPM. In order to increase the data set size,

e use a data augmentation method, which increases the data set

y eight, as will be describe next. During the training process, we

se mini-batches of 64 OPD images of human sperm cells, and 64

amples of random noise, Weights are initialized to a zero-centered

ormal distribution with standard deviation of 0.02. We apply an

dam optimizer with adaptive momentum with the parameters:

1 = 0 . 5 , β2 = 0 . 99 and a learning rate of 0.0 0 02 for 75 epochs.

e implement the GAN model using the TensorFlow framework

 Abadi et al., 2016 ). 

After the GAN is trained on thousands of unlabeled OPD im-

ges of human sperm cells, both the generator and discriminator

etworks have already learned most of the important features that

haracterize OPD images of biological cells. We thus use the dis-

riminator network from the first section, which has been already

rained on sperm cells, and switched its last layer with three un-

rained fully connected layers. In fact, we have created a classi-

er that is based on the architecture and knowledge of the dis-

riminator described above. The classifier architecture is the same

rchitecture as the CNN illustrated in Fig. 3 , and describes four

re-trained convolution layers followed by three un-trained fully

onnected layers with sizes of 100, 100, and 2, respectively. In

rder to reduce the chances of overfitting, each one of the first

wo un-trained fully-connected layers added to the network is fol-

owed by a dropout layer with a probability of 0.5 during train-

ng ( Srivastava et al., 2014 ). Like the original discriminator net-

ork, the input of the TOP-GAN is an RGB image with a size of

28 × 128 × 3 pixels, which describes an OPD map of a cell. How-

ver, the output is a binary decision value that signifies if the im-

ge is an image of a healthy skin and cancer cell for the first ex-

eriment, and preliminary cancer and metastatic cancer cell for the

econd experiment, based on a softmax function in the last layer.

or the implementation of the TOP-GAN architecture, we use the

ensorFlow framework ( Abadi et al., 2016 ). For training, we use an

dam optimizer with a learning rate of 0.0 0 0 01 and adaptive mo-

entum with the parameters: β1 = 0 . 6 , β2 = 0 . 99 . The network is

rained for 900 epochs or until convergence, whichever comes first.

. Results 

We used IPM to acquire off-axis digital holograms of individual

nstained cells for the reconstruction of their OPD maps. Fig. 4 (a),

b), (c), and (d) present the OPD maps of unattached cells of types

s 895.Sk (skin), Hs 895.T (melanoma), SW 480 (colorectal adeno-

arcinoma colon), and SW 620 (metastatic colorectal adenocarci-

oma colon), respectively. These figures demonstrate the difficulty

f visually finding significant differences between these groups of

ells with a naked eye, even with quantitative phase imaging. This

s due to the fact that typically, isolated and unattached cells are

ostly round-shaped, and thus are fairly similar to one another

 Crowley et al., 2013 ). This is the case in imaging flow cytometry.

urthermore, we have previously shown ( Roitshtain et al., 2017 )

hat none of the classification tasks applied here is trivial, since

imple parameters, such as the average OPD value or other single

arameters, are not enough to create full separation between the

roups. 

Our goal is to build a robust, automatic network that can accu-

ately classify between two stages of the cancer cells, even when

he number of available classified samples is small. In order to do

o, we examine two different tasks with different levels of com-

lexity. In the first experiment, which has a lower complexity level,

e classify melanoma cells (Hs 895.T) and healthy skin cells (Hs

95.Sk). In the second experiment, which has a higher complexity

evel, we classify metastatic cells (SW 620) and primary cells (SW
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Fig. 3. The architecture of the CNN and of the TOP-GAN for classification of OPD images of cancer cells. 

Fig. 4. Quantitative OPD maps of unattached cancer cells, demonstrating the sim- 

ilarity between these groups. (a) Hs 895.Sk (healthy skin cells), (b) Hs 895.T 

(melanoma cells), (c) SW 480 (colorectal adenocarcinoma colon cells), (d) SW 620 

(metastatic colorectal adenocarcinoma colon cells). Color bars represent OPD values 

in nm. (For interpretation of the references to color in this figure legend, the reader 

is referred to the web version of this article.) 
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480) of colorectal adenocarcinoma colon, imaged during flow. For

both experiments, we first use a classic CNN, similar to the one

shown in Fig. 3, for classification, and then try to improve its re-

sults by different machine learning classification methods, includ-

ing TOP-GAN. In contrast to TOP-GAN, the classic CNN has not been

pre-trained. 

To evaluate the classification performance of each method, we

use the total classification accuracy. Additionally, we calculate the

sensitivity, and specificity for each experiment. These measures are

defined as follows: 

Total Accuracy = 

T P + T N 

T P + T N + F P + F N 

, (3)

Sensitivity = 

T P 

T P + F N 

, (4)

Specificity = 

T N 

T N + F P 
, (5)

where true ( T ) and false ( F ) represent images classified cor-

rectly or misclassified, respectively, while positive ( P ) and nega-
ive ( N ) represent the different categories (e.g. healthy/cancer, pri-

ary/metastatic). In order to maximize the sizes of the training

nd testing sets, and in order to test the effect of the chosen train-

ng images on the success of the experiment, we perform five-fold

ross-validation. This process includes five iterations, where during

ach of them we choose different images for training and for test-

ng. Each training procedure is performed separately, and does not

nfluence the results of the other four training steps. 

All acquired and synthetic OPD images used for training have

he same noise characteristic of OPD images acquired under co-

erent illumination, rather than incoherent illumination, present-

ng the worst case scenario for spatial noise. 

.1. Classification using conventional approaches 

First, we have implemented a naïve KNN classifier that does

ot make any assumptions on the data distribution in order to

redict the complexity of each experiment. There is a direct re-

ation between the performance of a CNN and the performance

f a simple KNN ( Cohen et al., 2018 ). We have chosen to imple-

ent KNN in the image space by calculating the Euclidean differ-

nce (L1) between the test image and any training images in order

o find the K nearest neighbors. This can define the complexity of

ach class and the similarity between different images in the same

lass. This classifier provides good classification when the number

f classified training images is high relative to the class complexity

 Boiman et al., 2008 ). In our case, K = 9 has yielded the best accu-

acy. We first compare healthy and cancer cells. By using a train-

ng set of 162 images of melanoma cells and healthy skin cells,

he KNN algorithm is able to reach 88% accuracy. This high accu-

acy describes the low complexity of this dataset, where the im-

ges associated with the same class are very similar to each other

 Boiman et al., 2008 ). However, when decreasing the training set

ize, the value of the mean accuracy decreases as well. For exam-

le, by training with 10 images, the KNN algorithm reaches only

9.36% mean accuracy. We then compare primary and metastatic

ancer cells. By using a training set of 236 images of primary

nd metastatic adenocarcinoma cells, the KNN algorithm is able

o reach only 82.02% accuracy, lower than the results of the first

ataset even when the training set is larger. We thus conclude

hat images that are associated with each class are less similar to

ach other than in the first experiment, making it harder to clas-

ify them based on a small training set. When decreasing size of

he training set, the value of the mean accuracy decreases even

urther, reaching a mean value of less than 70% with 60 images

or training. Furthermore, the KNN results in this experiment have

een very sensitive to the training set selection. 

Next, we have implemented a conentional CNN, having the

ame architecture as the TOP-GAN (illustrated in Fig. 3 ). We first

ompare healthy and cancer cells. Our CNN is trained as a binary

lassifier on a training set of 162 classified OPD images of indi-

idual melanoma cells and healthy skin cells. The performance of

he trained CNN is tested on 40 new OPD maps (20 images of
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elanoma cells and 20 images of healthy skin cell). The test im-

ges have never been seen previously by the network. The clas-

ifier accuracy is surprisingly high, resulting in a mean accuracy

f 98.9%, where Hs 895.T is defined as ’positive’ and Hs 895.Sk as

negative’. The high accuracy results for a relatively small train-

ng set, with only 162 classified images, can be explained by

ohen et al. (2018) who have demonstrated the connection be-

ween the high accuracy results of the naive KNN algorithm and

he results of a deep neural network. While reducing the size of

he training set, the performance of the conventional CNN drops as

ell. For example, by training the CNN with 10 images and test-

ng it on 192 images, the network barely reaches 65% accuracy.

e then compare primary and metastatic cancer cells. Our CNN is

rained as a binary classifier on a training set of 236 classified OPD

mages of both individual primary adenocarcinoma and metastatic

ells. The performance of the trained CNN is tested on 40 new

PD maps of both primary (20) and metastatic (20) cells. The test

mages have never been seen previously by the network. Also in

his experiment, we have created five different training sets in or-

er to evaluate the influence of the training images on the perfor-

ance of the network, and the accuracy presented is the mean ac-

uracy from all five iterations. In this experiment, the mean accu-

acy reaches 81.8%, where SW 620 is defined as ’positive’ and SW

80 as ’negative’, which is much lower than obtained in the first

xperiment, even when using a larger number of classified images

or training. Again, by looking at the result of the KNN classifier for

he same number of cells, we find a positive correlation between

he success of the KNN and the success of the CNN. Like in the

rst experiment, as the size of the training set decreases, the ac-

uracy of the classic CNN decreases as well, reaching 72% accuracy
ig. 5 . (a,b) The mean accuracy results calculated on five different training sets with vario

OP-GAN-AUG) for classification of melanoma cells and healthy skin cells (a) and for cla

he accuracy results (percentage) for different sizes of training set. Each color in the graph

OP-GAN-AUG) for classification of melanoma cells and healthy skin cells (c), and for clas

he references to color in this figure legend, the reader is referred to the web version of t
ith 40 images for training. Furthermore, the selection of training

et has significant effect on the results. 

Afterwards, we have utilized a MOBILE-NET ( Howard et al.,

017 ) that has been trained on the ImageNet of natural images

 Howard et al., 2017 ), and fine-tuned it on our classified training

ets that include OPD images of biological cancer cells from dif-

erent stages. MOBILE-NET is lightweight in its architecture, and

herefore it is useful for transfer learning with a small training

et. We first compare healthy and cancer cells. The performance of

OBILE-NET is examined on the same data sets as for the conven-

ional CNN, while reaching higher accuracy for a smaller training

ize. As shown in Fig. 5 (a), MOBILE-NET is able to maintain accu-

acy of 90% for only 20 images for training and is able to increase

he accuracy performance of the conventional CNN by 23% for

raining of 10 classified images, reaching for 88% accuracy. How-

ver, this method is sensitive to the selection of training images, as

an be seen in Fig. 5 (c). We then compare primary and metastatic

ancer cells. As shown in Fig. 5 (b), In this case, MOBILE-NET is

ess effective in the second experiment (primary vs. metastatic),

nd is able to increase the accuracy of the conventional CNN with

nly 1% of mean accuracy for the same training set of 236 clas-

ified images. As the training set size decreases, the performance

f the MOBILE-NET decreases as well, and reaches similar results

s the conventional CNN. Also here, the classifier is highly influ-

nced from the selected training set, as illustrated in Fig. 5 (d). In

act, the resulting accuracy changes in the range of almost 20%, in

he case of 30 training images, based only on the selection of the

raining set. We have also implemented transfer learning by us-

ng a larger network, VGG16, which has been previously trained

n ImageNet database as well, and have compared it to the other
us sizes and different methods (CNN, CNN-WITH-AUG, MOBILE-NET, TOP-GAN, and 

ssification of primary and metastatic adenocarcinoma cells (b). (c,d) The range of 

 represents a different method (CNN, CNN-WITH-AUG, MOBILE-NET, TOP-GAN, and 

sification of primary and metastatic adenocarcinoma cells (d).(For interpretation of 

his article.) 
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Fig. 6. The generated images from the generator output obtained for training on 

OPD images of sperm cells in comparison to the OPD images of actual human sperm 

cells. (a) The generated images from left to right after 10, 20, and 75 epochs, re- 

spectively. (b) The experimentally acquired OPD images of human sperm cells. Color 

bars represent OPD values in nm. (For interpretation of the references to colour in 

this figure legend, the reader is referred to the web version of this article.) 
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Table 1 

Performance comparison between the different methods (CNN, 

CNN-WITH-AUG, MOBILE-NET, TOP-GAN, and TOP-GAN-AUG) for 

Hs 895.Sk (healthy) vs. Hs 895.T (cancer) with 10 images per 

training and 192 images per testing. 

Method Sensitivity (%) Specificity (%) AUC 

TOP-GAN-AUG 98.96 99.61 0.995 

TOP-GAN 98.08 96.76 0.991 

MOBILE-NET 89.21 93.6 0.949 

CNN-WITH-AUG 88.28 93.2 0.952 

CNN 65.98 66.44 0.717 

Table 2 

Performance comparison between the different methods (CNN, 

CNN-WITH-AUG, MOBILE-NET, TOP-GAN, and TOP-GAN-AUG) for 

SW 620 (primary cancer) vs. SW 480 (metastatic) with 236 im- 

ages per training and 40 images per testing. 

Method Sensitivity (%) Specificity (%) AUC 

TOP-GAN-AUG 93.01 93.31 0.947 

TOP-GAN 90.61 92.94 0.942 

MOBILE-NET 85.01 79.21 0.881 

CNN-WITH-AUG 86.01 83.21 0.892 

CNN 82.32 78.81 0.878 
methods. However, it has yielded worse results than MOBILE-NET

presented above. 

Finally, we have added data augmentation to the CNN. As de-

scribed in Krizhevsky et al. (2012) , classic data augmentation tech-

niques include rotation, flipping and scaling of the input images.

In order to avoid changes in the characteristics and morphology

of the cells, we perform OPD image augmentation by combining

between flipping and rotation (without scaling). By doing so, we

manage to increase our data set by eight times. Following this

process, the accuracy of the classification process has increased as

well, even while using a smaller training set, as shown in Fig. 5 (a)

and (b). We first compare healthy and cancer cells. In this exper-

iment, while training on only 10 images and testing the result on

the other 192 available images, the augmentation process increases

the accuracy from 65% to 94%. Indeed, for the less complex task,

data augmentation can improve the results. We then compare pri-

mary and metastatic cancer cells. In this experiment, which have a

more complex data set (as can be concluded from the KNN results),

the improvement in the results when using data augmentation is

lower, improving from 81.8% to 86.5%. As shown in Fig. 5 (d), this

method is also very sensitive to the selection of training image,

with accuracy range of 80% −93% for the same training set size. 

3.2. Classification using TOP-GAN 

TOP-GAN is meant to cope with a situation where only limited

data sets of classified (known-class) images are available (classi-

fied OPD maps of cancer cells in our case) by creating a transfer

learning network that fits another types of unclassified (unknown-

class) images (unclassified OPD maps of sperm cells in our case).

Our classification model is constructed by first building a GANs,

based on the architecture of the deep convolutional GAN (DCGAN)

model described in Radford et al. (2015) and illustrated in Fig. 2(a) .

In our case, since thousands of unclassified OPD of sperm cells are

available to us, and only a few tens or hundreds of classified OPD

maps of cancer cells, the GAN training is performed by using the

large number of OPD maps of unclassified sperm cells, and not the

small number of classified cancer cells. 

The discriminator network that is pre-trained on OPD images

of sperm cells becomes a transfer learning network for the classi-

fication of other OPD images of biological cells, such as of cancer

cells. This technique is based on the idea that most OPD images

of isolated and unattached biological cells, especially in flow cy-

tometry, appear highly morphologically similar. Therefore, the gen-

eral features that characterize OPD maps of cancer cells are simi-

lar to those that characterize OPD maps of other biological cells,

like sperm cells. Thus, by using GANs to pre-train the discrim-

inator network on a large number of unclassified OPD maps of

sperm cells, we allow the network to learn most of the generic

features that characterize OPD maps of biological cells before using

the small classified dataset. Note that in standard transfer learning,

where the weights of a pre-trained network on another class with

many examples are used, there is a need to have the data of the

other class also classified. In TOP-GAN, on the other hand, we just

need unclassified examples from the other class. 

During the GAN training, the generator learns the features that

characterize the OPD maps of sperm cells and is able to generate

new OPD images with the same data distribution as the real OPD

images. In Fig. 6 (a), the images generated by the generator are il-

lustrated for different stages of the GAN training process (from left

to right). As the training process advances, the generated images

become more and more similar to the OPD images of actual hu-

man sperm cells (see Fig. 6 (b)). It is important to note that the

GAN model is based on an adversarial process. Therefore, while the

generator abilities in creating new images improve as the training

progresses, the abilities of the discriminator network in classifying
etween these generated images and the real images improves as

ell. In fact, at the end of the training process, both networks, the

enerator and the discriminator, become familiar with the different

eatures that characterize the OPD images of the sperm cells. After

his preliminary training of the discriminator, we perform trans-

er learning, replacing the last layer of the discriminator network

ith three new untrained fully connected layers, and change the

lassification labels from ’fake’ and ’real’ images to ’positive’ and

negative’ images, according to our classification task. By using a

re-trained network, we manage to create a new classifier that is

ore efficient in classifying a small number of unseen biological

ells, because most of its layers have already been trained on other

ata sets. 

The final accuracy, specificity and sensitivity obtained from this

raining process are the mean value from all five iterations for each

ask. The comparison between the different methods (except for

he KNN) is illustrated in Fig. 5 (a) and (b), for the first and sec-

nd experiments, respectively. We also checked the robustness of

ach method to the selected training set by inspecting the range

f resulting accuracies, as shown in Fig. 5 (c) and (d). Tables 1 and

 demonstrate the best performance of the TOP-GAN in terms of

ensitivity, specificity and area under curve (AUC), for the small-

st training set as possible and compare it to other methods (CNN,

NN-WITH-AUG, and MOBILE-NET). Table 1 summarizes the mean

esults from 5 different folds for specificity, sensitivity and AUC for

he first experiment (healthy vs. cancer) by using 10 images for

raining and 192 images for testing. Table 2 summarizes the same
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G  
or the second experiment (primary cancer vs. metastatic) by using

36 images for training and 40 images for testing. All results for all

ethods are calculated on the same training and testing sets. All

raining processes are performed using the Google Cloud Platform

n the NVIDIA’s Tesla P100 GPU. 

We first compare healthy and cancer cells. In this case of low

omplexity data set, there is no need to use TOP-GAN for a training

et containing tens of images (e.g., conventional CNN has reached

ccuracy of 98.9% for 40 images in the training set). However, if a

maller training set is available, TOP-GAN should be used. For ex-

mple, by training on just 10 classified images (5 melanoma cells

nd 5 healthy skin cells) TOP-GAN is still able to maintain a mean

ccuracy of more than 98%, higher than any of the classification

ethod presented before, as shown in Fig. 5(a) . Additionally, as

hown in Table 1 , TOP-GAN yields the highest sensitivity, speci-

city and area under curve (AUC) in comparison to all other clas-

ification methods tested. 

We then compare primary and metastatic cancer cells. In this

xperiment, the accuracy results of the conventional CNN are low.

n this case, TOP-GAN reaches accuracy of 89.12% by training on

he same 236 images as the CNN, presenting a significant improve-

ent, as shown in Fig. 5(b) . Even after reducing the training sets

assively, down to only 60 images for training, the TOP-GAN is

till able to yield more than 83% accuracy. Additionally, as shown

n Table 2 , TOP-GAN yields the best sensitivity, specificity and AUC

esults. 

Furthermore, it was noticeable that while other methods yield

 wide range of possible accuracy values for the same training size,

ased only on the selection of the training set, as can be seen in

ig. 5(c) and (d) , TOP-GAN yields a much more stable accuracy

alue for each training size. This signifies another advantage of

OP-GAN, namely being more robust to the selection of the train-

ng set. 

Note that though our model is over-parameterized and reaches

lmost zero error on the training set, we believe that it does not

uffer from overfitting of the small datasets used due to the follow-

ng reasons: (i) All state-of-the-art networks achieve almost zero

rror on the same training data. Yet, this memorization does not

ontradict their ability to generalize well; (ii) All the methods used

ttain zero training error. Still, our performance on the test set is

etter; (iii) We use the same architecture for both the Hs 895.T vs.

s 895.Sk databases, and the SW 620 vs. SW 480 datasets. For the

econd, the test error is far from 100%, so it is clear that our model

s not overfitting of the testing data. We thus conclude that the

ery high accuracy in the first case is just to the the low complex-

ty of the data. Indeed, the KNN performance reported in the paper

or each of the two cases explains the gap between the two exper-

ments, and coicides with previous studies ( Boiman et al., 2008;

ohen et al., 2018 ). 

In addition to pre-training of the GAN model on OPD images

f sperm cells, we have also tried to pre-trained the discrimina-

or network on natural images of unclassified human faces and of

orses (from CelebA and the ImageNet datasets), as well as on un-

lassified OPD images of red blood cells. These cells do not have

 nucleus, thus have concave morphology, and are less similar in

tructure to the target dataset (e.g. cancer cells). The accuracy of

he classification of the discriminator, which has been pre-trained

n each one of these datasets and tested on the second task (SW

80 vs. SW 620), has been higher than the accuracy obtained from

he conventional CNN, reaching 82.2% mean accuracy for the nat-

ral images and 85.2% mean accuracy for the OPD images. Pre-

raining on OPD images of red blood cells has yielded higher

ccuracy than the accuracy obtained when the pre-training on nat-

ral images. However, the accuracies resulted when pre-training

n both natural images and red blood cell OPD images have been

ower than these obtained when the discriminator has been pre-
rained on nucleated cells with a more similar morphology by 7%

nd 4%, respectively. Therefore, we conclude that the features that

re extracted from OPD images of biological cells are more relevant

han natural images to the performance of the network when the

ctual classification is done on OPD images of other types of bio-

ogical cells. Furthermore, there is a positive correlation between

he similarity of the pre-trained images to the target classification

mages and the success of the classification. 

For comparison, SVM applied on a similar data have obtained

1% sensitivity and 83% specificity for discriminating between

elanoma (Hs 895.T) and healthy skin (Hs 895.Sk) cells, and 82%

ensitivity and 81% specificity for discriminating between primary

SW 480) and metastatic (SW 620) colorectal adenocarcinoma cells

 Roitshtain et al., 2017 ). 

Finally, by combining data augmentation with the proposed

OP-GAN model, we are able to improve the results even further.

e first compare healthy and cancer cells. Here, by training with

nly 10 classified images and testing them on all other 192 images,

e reach 99.054% accuracy. For this best performance method,

OP-GAN-AUG, Table 1 presents sensitivity of 98.96%, specificity

f 99.61%, and AUC of 99.51%. We then compare primary and

etastatic cancer cells. Here, by training with 236 classified images

nd testing them on 40 images, we reach 90.6% accuracy. For the

est performance method, TOP-GAN-AUG, Table 2 presents sensi-

ivity of 93.01%, specificity of 93.31%, and AUC of 94.73%. 

. Discussion 

The method for automatic classification of stain-free individ-

al cells suggested here, TOP-GAN, is based on the combination of

eep learning and holographic microscopy, and can be used even

ith a small classified training set, given that a large unclassi-

ed set of other biological cells is available. In our case, a large

mount of data from one type (sperm cells) and a small amount

f data from other type (cancer cells) are available. We have pro-

ided a comparison between many machine learning approaches.

irst, we have compared TOP-GAN results to those of CNN. Fur-

hermore, we have performed additional experiments with CNN

nd transfer learning. MobileNet is a CNN that has been previ-

usly trained on general images from the ImageNet database. As a

rior stage, we have tested other CNNs, such as VGG-16, also pre-

rained on ImageNet, but selected MobileNet, as it has achieved

etter transfer learning performance compared to the pre-trained

etworks we have checked. After preforming transfer learning on

his network, we have fine-tuned it on the target biological images.

s shown, the proposed method, TOP-GAN, has still been able to

each higher classification results than those of the MobileNet with

ransfer learning. We have not provided comparison to methods

hat require a large amount of unlabeled data, and a small amount

f labeled data, both from the same type, since this has not been

he case in our paper. We demonstrate that by using a sufficient

umber of classified images in the training set, the accuracy of

he conventional CNN can reach 98.9% when classifying between

elanoma cells and healthy skin cells, based only on their OPD

aps. In contrast to classic computer vision algorithms, like sup-

ort vector machine (SVM) or KNN, deep learning, applied directly

n the OPD maps, automatically recognizes the important features

hat characterize cancer cells and healthy skin cells, and uses them

n order to distinguish between the different disease stages. Hence,

e eliminate the need in subjective and manual selection of fea-

ures for optimization, and enable rapid and efficient identification

f individual cells without the need for staining. 

We also demonstrate the weakness of a conventional CNN

hen the complexity of the data setof the classes increases or

he available training set size decreases. We have shown that TOP-

AN, which is based on an integration of two learning approaches,
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transfer learning and GAN, is more robust for these cases. By com-

bining TOP-GAN with simple data augmentation we are able to

increase the classification results even more. Note that since our

network is designed to identify the full structure of each cell, we

could not use more advanced augmentation methods, such as elas-

tic augmentation, as it changes the meaning of the size and the

shape of each cell. There are many additional augmentation tech-

niques. However, note that all comparisons – CNN versus TOP-

GAN, etc. are performed under the same conditions (same types

of augmentations). Indeed, the combination of TOP-GAN and clas-

sic augmentation (TOP-GAN-AUG) improves the TOP-GAN perfor-

mance as well. Specifically, in the case of normal human skin cells

(Hs 895.Sk) and melanoma tumor cells (Hs 895.T). taken from the

same individual, based on only 10 images for training, the clas-

sification results reach 98.96% sensitivity, 99.61% specificity and

99.054% accuracy. In the case of comparing between primary col-

orectal adenocarcinoma colon cells (SW 480) and metastatic from

lymph node of colorectal adenocarcinoma cells (SW 620), taken

from the same individual, based on 236 images for training, the

classification results reach 93.01% sensitivity, 93.31% specificity and

90.6% accuracy. Thus, we eliminate the need to collect a large

amount of classified data, which might be a great challenge in var-

ious medical and non-medical classification tasks. 

Regarding computation time, the GAN pre-training can last up

to several hours, and requires a large number of unclassified im-

ages, in contrast to simpler methods like data augmentation. How-

ever, after pre-training the GAN on a unclassified biological cell

images of other types (which are typically more accessible), the

TOP-GAN training only depends on the size of the classified train-

ing set, which is relatively small, which makes the training pro-

cess very quick. For example, for 160 images, the training process

lasts 3.38 s for TOP-GAN and 13 s for MOBILE-NET, and for testing

40 images, it lasts 0.0226 s for TOP-GAN and 0.62 s for MOBILE-

NET. 

In contrast to flow cytometry that obtains one accumulative

measurement per cell, imaging flow cytometry allows measuring

the cell morphology. Current imaging flow cytometers use cell

staining, and allow imaging of up to several thousands of cells

per second. In this paper, we presented proof-of-concept stain-free

quantitative imaging for flow cytometry with much lower through-

put of several cells per second. However, in principle, the tech-

niques presented here can reach, with the suitable flow setups and

fast cameras, to throughputs similar to the current imaging flow

cytometers, but without cell staining and with the possibility of

extracting more quantitative data from the cells measured, which

create a better basis for machine learning classifiers. 

5. Conclusion 

We have suggested a new deep learning approach for medical

imaging that addresses the problem of a small training set, and

applied it for stain-free classification of healthy and cancer cells

under quantitative phase microscopy. We believe that our method

will provide a valuable tool for an automatic classification process

of individual cells for medical diagnosis in flow cytometry, as well

as a new classification approach for other medical imaging modal-

ities, where the collection of many training images that are typi-

cally needed for deep learning is too expensive or not possible. We

thus believe that TOP-GAN will expand the use of deep learning in

medical data. 

Conflicts of interest 

We wish to confirm that there are no known conflicts of inter-

est associated with this publication. 
cknowledgments 

This work was supported in part by the H2020 European Re-

earch Council ( ERC ) StG Grant 678316 . 

ppendix A 

.1. Preparation of human healthy and cancer cell lines 

We performed stain-free IPM measurements on Hs 895.Sk

healthy skin cells) and Hs 895.T (melanoma cells), as well as

W 480 (colorectal adenocarcinoma colon cells) and SW 620

metastatic from lymph node of colorectal adenocarcinoma cells).

he complete growth medium used for the Hs cells was Dulbecco’s

odified Eagle’s Medium (DMEM), supplemented with 10% Fetal

ovine Serum (FBS) (BI) and 2 mM L-glutamine (all purchased from

iological industries, Beit Haemek, Israel). The complete growth

edium used for the SW cells was BI Roswell Park Memorial In-

titute (RPMI) 1640 Medium, without L-glutamine supplemented,

ith 10% FBS, and 2 mM L-glutamine (all purchased from biologi-

al industries, Beit Haemek, Israel). 

All cell lines were incubated under standard cell culture condi-

ions at 37 ◦C and 5% CO 2 in a humidified incubator until 80% con-

uence was achieved. Prior to the imaging experiment, the cells

ere trypsinized for suspension, supplemented adhesive chamber,

olume 18 μL, 13 mm diameter × 0.15 mm thickness, 1.5 mm ports

iameter, Sigma Aldrich SN. GBL611101) attached to a cover slip.

his chamber induced a contrast thickness value on the entire im-

ged sample, which is important for the flatness of the final phase

ap. All cell lines then were imaged by IPM without staining. 

.2. Preparation of human sperm cells 

We obtained sperm cells from six human donors at their 20 s.

he study was approved by the institutional ethics committee of

el Aviv University. All sperm donors signed a written informed

onsent form. After ejaculation, the semen was liquefied at room

emperature for 30 min and then the sperm cells were isolated us-

ng the PureCeption Bi-layer kit (Origio, Målov, Denmark) in accor-

ance with manufacturer’s instructions. The semen and the non-

permatozoa cells were discarded, and the pellet that included

perm cells was resuspended in 5 mL of modified human tubal

uid (HTF) medium (Irvine Scientific, California) and centrifuged at

00 g for 5 min. For fixation, the HTF medium was discarded, the

ellet was resuspended with 0.1 ml HTF medium, and then 10 ml

xative solution (3:1 methanol to acetic acid) was added drop by

rop. After 5 min at room temperature, the cells were centrifuged

t 800 g for 5 min, the supernatant was discarded, and the pellet

as resuspended in 0.2 mL of fixative solution. 10 μl of the fixed

ells were smeared on 60 × 20 mm #1 cover slips and put to dry

vernight to ensure the evaporation of the fixative solution. Sperm

ells were then imaged by IPM without staining. 
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