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Abstract—The segmentation of cells is necessary for biologists
in the morphological statistics for quantitative and qualitative
analysis in Phase-contrast Microscopy (PCM) images. In this
paper, we address the cell segmentation problem in PCM images.
Deep Neural Networks (DNNs) commonly is initialized with
weights from a network pre-trained on a large annotated data
set like ImageNet have superior performance than those trained
from scratch on a small dataset. Here, we demonstrate how
encoder-decoder type architectures such as U-Net and Feature
Pyramid Network (FPN) can be improved by an alternative
encoder which pre-trained on the ImageNet dataset. In particular,
our experimental results confirm that the image descriptors from
ResNet-18 are highly effective in accurate prediction of the cell
boundary and have higher Intersection over Union (IoU) in
comparison to the classical U-Net and require fewer training
epochs.

Index Terms—Cell Segmentation, Phase-Contrast microscopy,
Deep learning

I. INTRODUCTION

Phase-contrast Microscopy (PCM) images have an irre-
placeable role in detailed analysis of the cell structures as
it allows a wide range of possibilities in studying living cells
from different perspectives in a label-free manner. Segmenta-
tion of the PCM images has been challenging for the biologists
due to problems specific to the examined specimen or the
microscopy technique used, such as perturbations in the cell
shapes, overlapping and transparent appearance of the cells
in PCM images which complicates the cell segmentation with
conventional computer vision approaches, effective extraction
of the Region of Interest (RoI) from images. Therefore, most
of the segmentation and tracking solutions available in the
literature do not qualify as satisfactory in terms of robustness,
completeness and accuracy.

The well-known tasks of medical image analysis like detec-
tion [1], counting [2], segmentation [3], classification [4] and
tracking [5] are also integral to the automated segmentation

of cells from PCM images. The literature consists of several
cell segmentation solutions employing conventional algorithms
such as Empirical Gradient Threshold (EGT) [6], watersheds
[7] and Active Contours [8].

The recently popular Deep Neural Networks (DNNs) have
significant effect on the improvement of segmentation ac-
curacy from different perspectives such as robustness and
completeness in comparison to conventional methods. Tsai et
al. [5] leveraged Mask R-CNN as a solver for the segmentation
of PCM images. The proposed method is powerful on the
extraction of the cell shapes on adjacent and touching cells,
however it is not easily applicable to PCM image datasets
corresponding to different biological domains. Moreover, the
proposed approach has a high level of complexity in compu-
tation to reach the determined results. Yi et al. [9], presented
keypoint graph based bounding boxes to a deep learning
framework for multi-resolution cell instance segmentation.

U-Net [10], with its encoder-decoder architecture, has
proven highly accurate in the segmentation of medical images,
even for the cases where low number of annotated images
is available for training set. Accordingly, in our previous
study [11], a multi-resolution model based on a U-Net like
architecture is proposed, where the contracting path is elimi-
nated from U-Net and sequential convolution is replaced with
an expanding path. Experimental evaluations showed robust
performance for the case of low number of annotated data
in comparison to conventional methods. In a follow-up study
[12], we introduced SegNet [13] as a solver for the seg-
mentation of PCM images. Although, we obtained acceptable
cell segmentation performances overall as compared to the
classical approaches; the results were far from being robust in
separating of the cell’s boundary particularly for the adjacent
or touching cells. Therefore, we aim to improve the cell
segmentation of PCM images in overall and particularly for
the adjacent or touching cells.
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follows: we asserted that the performance of U-Net improves
significantly by leveraging alternative feature extractors in
the encoder of U-Net and FPN [14] by applying the pre-
trained model of ImageNet in the network. In Section III, we
give a detailed explanation of our proposed architecture. The
experimental results are reported in Section IV to investigate
the performance of our proposed network, which is followed
by the conclusion section.

II. DATASET PREPARATION

The employed dataset includes invasive breast cancer cells
with mesenchymal morphology (MDA-MB-231 cell) which
has been captured using an Olympus IX71 microscope. We
randomly selected the specified number of frames in our study
and annotated them with the supervision of experts. As pre-
processing of the dataset, we adjusted the level of contrast
and normalized the pixel values to the [0,1] range. The final
dataset contains 600 frames of PCM images each with the
dimension of 2568 × 1912 pixels (0.117µm × 0.117µm). For
manual annotation of the cell boundary on the frames ImageJ
is leveraged. We randomly selected and manually annotated
45 of the frames, where 30 of them is used for training while
the rest is utilized for test.

III. MODEL

Deep learning is intensively greedy on the number of
training data and nourishes with thousands and even millions
of data in the training phase. Transfer learning (TL) is tuning
the models by reusing different domains of data set or task
that is already trained on a dataset with abundant number
of annotations (such as the ImageNet dataset [15]). Actually,
transfer learning has high impact in reducing over-fitting for
limited data cases (like in this study) while speeding up the
performance of the model efficiently.

We replace the backbones of U-Net with ResNet-18 (Conv1-
5) [16] with excluding of the dense layers from ResNet
architecture. The schematic structure of ResNet18-Unet is
shown in Fig. 1. In ResNet-18, we have the two residual blocks
in each resolution stages which we repeat it symmetrically to
the expansive path with one residual block for each dimension
level. In the lowest stage of the encoder, single residual block
is employed with 1024 channels for separation of encoder
and decoder as a bottleneck of the network in our presented
network. The residual blocks contain of layers with 3×3
kernels where each convolutional layer is followed by a Batch
Normalization (BN) layer and a Rectified Linear Unit (ReLU)
activation function. In addition, the number of channels in
the first block is 64 and the number of channels is regularly
doubled after doubling the stride in each resolution stage.

In the decoder section, to have symmetric operation, we
apply upsampling by 4 which is equal to the number of
dimension reduction in the encoder part for reproducing the
input images that consist of residual blocks in each resolution
stage.

FPN comprises of bottom-up and top-down pathways as
seen in Fig. 2. In the bottom-up pathway, we employed the

ResNet18(Conv1-5) as the backbone of the model’s feature
encoder, and in each block the stride is doubled in each
stage to reduce the spatial dimension of the pyramid level. To
reduce the dimension of the last block in FPN, we utilized
1 × 1 convolution with channel depth of 128. In the top-
down pathway as we move-up, spatial dimension of layers are
increased by 2 with nearest neighbor interpolation. Therefore,
we employed two sequential 3 × 3 convolutions to reach
module T in each stage of the pyramid. At the end, feature
maps are upsampled to the same dimension and concatenated.

Fig. 1. Schematic structure of Res18-U-Net. Each number in the block
indicates the number of channels in each stage.

IV. EXPERIMENT RESULTS

A. Training Methodology

We applied data augmentation to the annotated training
set where the main transformations utilized comprised of
random elastic transformation, rotation and translation. To
have robust prediction, we applied Test Time Augmentation
(TTA) involving horizontal, vertical, diagonal flips and rotation
in the prediction step. Moreover, Spatial Dropout is utilized
with the rate of 0.5 at the last layer of the FPN network.
Batch size is considered 8 for the network and weights of the
backbone in the encoder are pre-trained in the ImageNet [15]
and the rest of the network layers in the decoder are initialized
with the LeCun uniform weight initialization. Adam with the
initial learning rate of 10−4 is considered as the optimization
function and loss function is controlled in the validation set
to be stopped for avoiding the method from over-fitting. All
of the experiments have been realized on a single NVIDIA
TitanX graphics card with 12 GB memory. The training set
was resized to 518×518 to reduce memory consumption. For
loss function, we combined the Binary Cross Entropy (BCE)
indicated in (1) with the Dice loss (DL) shown in (2) as cost
function of the network as the combination achieved superior
performance in overlap measures empirically. We integrated
the local Cross Entropy with the global Dice loss for our
loss function. In BCE, β is utilized to create a harmonic
balance between BCE and DL; we set it to 1 empirically in

Authorized licensed use limited to: ULAKBIM UASL - IZMIR YUKSEK TEKNOLOJI ENSTITUSU. Downloaded on April 26,2022 at 09:34:23 UTC from IEEE Xplore.  Restrictions apply. 



Res1,64

M1,256

M2,256

M4,256

T1,128

T2, 128

T3,128

T4,128

Res2, 128

 Conv(3,3)+ Conv(3,3)

Upsample

conv1
Sigmoid+ Dropout+Upsample 

Res3, 256

Res4, 512

M3,256

Bottom-up(ResNet18) Top-down

512

Concatenate
1X1 conv

2xUp

Fig. 2. Schematic structure of FPN with the backbone as modified ResNet18 pre-trained on ImageNet. Conv stands for Convolution in the above figure. The
number in each block represents the number of channel which is employed in each stage.

our presented loss.

BCE
(
X, Ŷ

)
=−β

(
X log

(
Ŷ
)
+(1−X)log

(
1− Ŷ

))
(1)

DL(X, Ŷ ) = 1− 2|X · Ŷ |
|X|+ |Ŷ |

(2)

L(X,Y ) = DL(X, Ŷ ) +BCE(X, Ŷ ) (3)

B. Evaluation Metrics

In order to show the efficacy of the algorithm, evaluation
of the images from different perspectives is necessary. The
evaluation criteria in the segmentation of cells comprise of
the following metrics: Jaccard index or IoU(Intersection over
Union), Precision, Recall, and Dice Coefficient, which are
indicated in (4), (5) and (6) respectively.

Jaccard(X,Y ) =
|X
⋂
Y |

|X
⋃
Y |

=
|X
⋂
Y |

|X|+ |Y | − |X
⋂
Y |

(4)

Precision =
ntp

nfp + ntp
, Recall =

ntp
nfn + ntp

(5)

Dice(X,Y ) =
2|X · Y |
|X|+ |Y |

(6)

C. Results

We compare the performance of our proposed approach
with various baselines such as EGT [6], U-Net [10], LinkNet
[17], TipNet [11], and PHANTAST [18]. As can be seen
from Fig. 3, classical methods like PHANTAST and EGT
are not satisfactory in the extraction of the cell border and
the RoI. The proposed method outperforms the state-of-the-
art methods and has noticeably robust performance in the
extraction of cell boundaries. Moreover, it is resilient in the
prediction of the specific cell structure. The qualitative results
of the utilized methods are shown in Fig. 3 (h-i). We achieved
Jaccard indexes of 0.8791 and 0.8710 with ResNet18-U-
Net and ResNet18-FPN, respectively. This shows that our
proposed approach not only improves segmentation accuracy,
but also it is effective in the separation of overlapping cells
without the use of any post-processing procedure. Moreover,
our proposed approach has surpassed the results of U-Net and
other baselines in completeness, robustness and other factors

TABLE I
QUANTITATIVE RESULTS OF THE SEGMENTATION METHODS.

Methods IoU Dice Precision Recall
EGT [6] 0.4225 0.5940 0.4574 0.8470

PHANTAST [18] 0.5465 0.7068 0.6823 0.7330
LinkNet [17] 0.8593 0.9235 0.9454 0.9025
U-Net [10] 0.8646 0.9274 0.9335 0.9214

Tip-Net [19] 0.8542 0.9214 0.9382 0.9052
ResNet18-UNet 0.8791 0.9357 0.9508 0.9211
ResNet18-FPN 0.8710 0.9311 0.9419 0.9206

of efficiency in the segmentation task on the MDA-MB-231
dataset.

V. CONCLUSION

In this paper, we have a proposed hybrid deep neural
networks based method for cell segmentation in PCM images
and demonstrated its superior performance in comparison to
the conventional approaches. To reduce the disparity in the
encoder feature and the features that propagate in the decoder
of the U-Net architecture. We proposed an alternative feature
extractor by applying the modified ResNet18 in the encoder of
U-Net and replaced the plain blocks with residual blocks in
the decoder of U-Net architecture. Furthermore, we utilized
the ResNet18 in the backbone of FPN which has higher
performance in comparison of conventional methods. This
alteration made the model effective in taking low and high-
level semantics and the detail of the images into account.
In addition, employing transfer learning in the presented
approach increased the training convergence, and improved the
resiliency of the results in the prediction step, reduced training
time and also contributed to the prevention of the model from
over-fitting.
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Fig. 3. Segmentation results for the MDA-MB-231 dataset. Pink marks represent the false negatives and green marks indicate the false positives. (a-b) is the
input image and ground truth of the determined frames. (c-d) is the qualitative results of EGT and PHANTAST subsequently. (e-f) is the visualization of the
TipNet and LinkNet without post-processing method. (g-h) is the results of U-Net and FPN. (i) is the qualitative results of our proposed method.
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