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Abstract: We present an approach for segmenting individ-
ual cells and lamellipodia in epithelial cell clusters using fully 
convolutional neural networks. The method will set the ba-
sis for measuring cell cluster dynamics and expansion to im-
prove the investigation of collective cell migration phenom-
ena. The fully learning-based front-end avoids classical feature 
engineering, yet the network architecture needs to be designed 
carefully. Our network predicts how likely each pixel belongs 
to one of the classes and, thus, is able to segment the image. 
Besides characterizing segmentation performance, we discuss 
how the network will be further employed.

Keywords: lamellipodia, convolutional neural network, su-
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1 Introduction

Active migration of cells is an important process in many 
physiological and pathophysiological situations such as 
wound healing, development, and cancer spreading. Conse-
quently, many in-vitro assays have been developed for study-
ing migration of either single cells or collective cell ensem-
bles [1]. In collective cell migration, cells often form a closed 
mono-layer in which they interact through cell-cell contacts. 
The active migration, cell divisions, and cell-cell interactions 
result in complex collective behavior. For investigating collec-
tive cell migration phenomena often an epithelial cell layer 
is either disrupted by a scratch or the layer is cultured in 
a geometrical confinement, w hich c an b e r emoved resulting 
in a continuous spreading of the cell layer into the available 
culture substrate. In our model experiments, we used photo-
switchable surface coatings for initially confining MDCK ep-
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ithelial cells and releasing them by a short UV light pulse [2].
Cells migrate outwards into uncovered areas, typically guided
by so-called leading cells, which show prominent lamellipo-
dia. To understand the complex collective behavior quantifica-
tion by image processing techniques for microscopy image se-
quences is essential. Consequently, several methods have been
developed previously. One example is the use of particle image
velocimetry (PIV)[7, 8].

Some of these methods gain only parts of available infor-
mation in the images. For example, single cells with their out-
line are not identified within the ensemble, thus not allowing
for morphological analysis and correlating it to the cluster be-
havior. To address this problem, we use a fully convolutional
network to identify lamellipodia (and cells) in a sequence of
images or in a video taken by a phase contrast microscope. We
will show that a neural network is suitable for distinguishing
the lamellipodia from the background and membranes, thus
allowing further processing.

2 Pixelwise Segmentation Using
Fully Convolutional Neural
Networks

Fully convolutional neural networks (FCN) are widely used
in the field of semantic segmentation, ranging from classify-
ing images as a whole [5] to pixel-wise labeling [3, 4]. In
the biomedical field the chosen form of network depends on
the questions that researchers want to answer. In our case, we
aim to segment cells, membranes, lamellipodia, and the back-
ground within images of cell clusters, taken from a standard
phase contrast microscope. Since there are multiple classes to
detect in one image we have to assign each pixel in an image
to one of the mentioned classes. Therefore, we chose to use
a FCN to work with. The architecture of the FCN was imple-
mented in MATLAB. Since we do have the knowledge of an
expert to label the data into the corresponding classes we trans-
fer this expert knowledge into our network through supervised
learning.
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Fig. 1: Architecture of our FCN.

2.1 Architecture of our FCN

The difference between a CNN and a FCN is the use of decon-
volutional layers and a softmax function with a pixel classifi-
cation layer [3]. With these layers it is possible for the FCN
to assign each pixel to a learned class instead of assigning
the whole image to a learned class. Deconvolutional layers are
used to up-sample their respective feature maps and combine
them with their corresponding convolutional layers in order
to expand from lower-resolution abstract layers towards im-
age space where the final segmentation is taking place. The
softmax layer computes the probability of each pixel over the
given classes. Using this layer the pixel classification layer as-
signs each pixel to the class with the highest probability. Our
FCN consist of 26 layers in total (c.f. Figure 1) and is similar
to U-Net [4]. With this architecture, we achieve an adequate
network depth for the task of recognizing membranes, cells,
background, and lamellipodia while we are still able to train
the network in a reasonable amount of time (around 3 hours).
Our hardware setup consists of a TITAN Xp GPU, an Intel
Core i7-8700K CPU and 32 GB RAM. The training of the net-
work is performed by the GPU since MATLAB offers support
for CUDA enabled GPUs. We used the MATLAB R2018a
version for the implementation.

2.2 Generating of the Reference
Segmentation

In order to train our FCN a reference segmentation is needed.
We generated our reference segmentation from 78 greyscale
images with size 120x120px from randomly taken frames of a
video showing the growth of an epithelial cell cluster [2] taken
with a phase contrast microscope. These images got labeled
by hand using the image labeler extension in MATLAB (c.f.
Figure 2). Note that in most cases the reference segmentation

Fig. 2: Reference segmentation for training data.

is called "ground truth", but in our case there is not a 100 per-
cent certain annotation for each pixel due to the uncertainty of
the expert who is labeling the training images by hand. A pro-
posed solution for this problem can be found in [9], but since
we only have one expert for labeling we do not investigate
this issue further in this paper. The classes we aim to detect in
our image sequences are cells, membranes, lamellipodia and
background. Note that membranes can be distinguished easily
in most cases trough the bright appearance. That is not the case
for the lamellipodia, their appearance can easily be confused
with the background. Since lamellipodia determine the growth
orientation they are important to recognize for gaining insight
about factors that influence the direction of cell sheet growth.
Also, they have to be recognized for analyzing what factors
benefit the growth of the lamellipodia itself.

3 Results

The outputs of our net are output maps for each class learned
through the labeling to a given image. An output map has the
same size as an image and the values range from 0 to 1 for each
pixel according to their probability to belong to a given class
(c.f. figure 3). Through splitting the segmented image into the
different classes the output class can be selected according to
the tasks they are needed for. Another advantage is the missing
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Fig. 3: The output of the FCN. 1 = resulting segmentation with
all classes, 2 = the segmentation for the class "membranes", 3
= class "cells", 4 = class "lamellipodia", 5 = class "background".
Each value in a pixel varies between 0 and 1 for their calculated
probability to belong to a given class.

Fig. 4: Representation of the local motion of the lamellipodia. The
whole cellcluster is visible for orientation.

pre- and postprocessing with morphological operations. Each
of these output maps can directly be used for other operations
since they are already a stable and normalized outcome.

A problem with the cells, however, is their natural behav-
ior. Cell division challenges the tracking of individual cells
since the object changes appearance during division and the
number of objects change over time. Therefore, we initially
focus on analyzing lamellipodia since they do not show such
complex behavior over time. Data about spatial and tempo-
ral appearance and further dynamics of lamellipodia, like their
velocity, are key information about the cell sheet behavior in
such in-vitro experiments done by cell biologists. Through the
independent outputs of the resulting segmentation, we can ob-
serve and process the classes in each combination we desire.
As shown it can be favorable to use the classes of membranes
in combination with the lamellipodia or just the cells. Another
suitable method of tracking and, in this case, possibly predict-
ing the cell growth is the use of the Horn-Schunck optical flow

Fig. 5: Test image (top left) with segmented classes from net-
work(top right). Absolute confusion matrix with pixel count (left)
and normalized confusion matrix (right) underneath the images.
IoU for each class and weighted- meanIoU for the whole image.

Fig. 6: Greyscale image with heatmap according to intensity on
the left. Segmentation based on threshold on the right.

method for analyzing the local motion of observed particles
in an image sequence. Since the output of the Horn-Schnunck
method is the orientation and the magnitude of movement for
the observed particles (in this case the lamellipodia) we should
be able to measure the direction and velocity of cell growth
and further generate a model for prediction. A visualization of
the local motion of the lamellipodia can be seen in Figure 4.

3.1 Evaluation

For evaluating the result of the output maps we use the con-
fusion matrix and the weighted intersection over union (IoU)
[6] due to the imbalance of the class sizes. With the confusion
matrix, we can evaluate our overall precision of the segmenta-
tion as well as identify potential inaccuracies for our network.
As can be seen in Figure 5 we use a test image which contains
all four classes for the evaluation. This image has been seg-
mented by hand from an expert and the result of the network
has been compared to the expert’s segmentation. The confu-
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sion matrix demonstrates minor shortcomings in distinguish-
ing the background and the membrane from the lamellipodia.
The cause might be that even for an expert the difference of
where the lamellipodia originates and in which pixels they ac-
tually end is not easy to spot. Note the falsely segmented area
in the background, here we have a dark ring which is con-
fused with lamellipodia. For countering this phenomenon we
apply an area threshold to isolate the correct detections from
the false positives. Another finding of the evaluation is the rel-
atively (compared to the other classes) low IoU of the lamel-
lipodia. This observation might be due to the problem of that
their occurrence is blended over other classes. To demonstrate
this hypothesis we also segmented the test image based on the
greyscale. This effect can be seen in Fig. 6. The threshold for
the classes has been selected by hand from an expert, note that
the membrane scores are better with this approach while the
result for cells and especially lamellipodia is worse. Even if
the threshold is adjusted, there is no threshold that seperates
the lamellipodia from the background or cells. Thus morpho-
logical filtering is not suitable for detecting lamellipodia.

4 Further Work

For further work, we aim to track lamellipodia and the indi-
vidual cells in the cluster over time in order to quantify collec-
tive phenomena over different length scales in the ensemble.
The basis for this step is the result of the FCN networks seg-
ment predictions in combination with for example the Horn-
Schunck method (c.f. figure 4) or a recurrent neural network
for measuring the local motion. With the use of the local mo-
tion we should be able to establish a tracking method for each
class given by the output maps (i.e. lamellipodia or cells). The
evaluation suggests that the output maps are suitable for fur-
ther processing.

References

[1] Riahi R, Yang Y, Zhang DD, Wong PK. Advances in wound-
healing assays for probing collective cell migration. J Lab
Autom. 2012; 17:59-65.

[2] Rolli G, Nakayama H, Yamaguchi K, Spatz JP, Nakanishi*
J and Kemkemer* R. Switchable adhesive substrates: Re-
vealing geometry dependence in collective cell behavior.
Biomaterials 2012. 33, 2409-18.

[3] Badrinarayanan V, Kendall A, Cipolla R. SegNet: A Deep
Convolutional Encoder-Decoder Architecture for Image Seg-
mentation. IEEE Trans Pattern Anal Mach Intell. 2017 Dec;
39(12):2481-2495.

[4] Ronneberger O, Fischer P, Brox T. U-Net: Convolutional Net-
works for Biomedical Image Segmentation. Medical Image
Computing and Computer-Assisted Intervention (MICCAI)
234–241, 2015 Springer

[5] Simonyan K, Zisserman A. Very Deep Convolutional Net-
works for Large-Scale Image Recognition, 2014

[6] Jobin K V, Jawahar C V. Document Image Segmentation
Using Deep Features

[7] Jacobeen S, Pentz J T, Graba E C, Brandys C G, Ratcliff W
C, Yunker P J. Cellular packing, mechanical stress and the
evolution of multicellularity

[8] Chepizhkoa O, Giampietrob C, Mastrapasquac E, Nourazara
M, Ascagnic M, Sugnib M, Fascioc U, Leggioc L, Malin-
vernod C, Scitad G, Santuccie S, Alavaa M J, Zapperia S,
La Portab C A M. Bursts of activity in collective cell migration
August 19, 2016

[9] Valizadegan, H., Nguyen, Q., Hauskrecht, M. Learning clas-
sification models from multiple experts. Journal of Biomedical
Informatics, 46(6), 1125–1135, 2013

Author Statement
Research funding: S.G. receives funding from "Kooperatives 
Promotionskolleg IPMB Reutlingen-Tubingen" (MWK, Ba-
den-Wurttemberg). The project was partly funded by Reutlingen 
University. Conflict of interest: Authors state no conflict of in-
terest. Informed consent: Informed consent is not applicable. 
Ethical approval: The conducted research is not related to either 
human or animals use.

452  —  S. Grützmacher et al.: Detecting Lamellipodia in Epithelial Cell Clusters 

Bereitgestellt von | Hochschule Reutlingen
Angemeldet

Heruntergeladen am | 09.05.19 10:10


