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ABSTRACT

In this paper, we solve the problem of mitosis event localization and its stage localization in time-lapse
phase-contrast microscopy images. Our method contains three steps: first, we formulate a Low-Rank Ma-
trix Recovery (LRMR) model to find salient regions from microscopy images and extract candidate patch
sequences, which potentially contain mitosis events; second, we classify each candidate patch sequence
by our proposed Hierarchical Convolution Neural Network (HCNN) with visual appearance and motion
cues; third, for the detected mitosis sequences, we further segment them into four temporal stages by
our proposed Two-stream Bidirectional Long-Short Term Memory (TS-BLSTM). In the experiments, we
validate our system (LRMR, HCNN, and TS-BLSTM) and evaluate the mitosis event localization and stage
localization performance. The proposed method outperforms state-of-the-arts by achieving 99.2% preci-
sion and 98.0% recall for mitosis event localization and 0.62 frame error on average for mitosis stage

localization in five challenging image sequences.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Analyzing the proliferative behavior of stem cells in vitro plays
an important role in many biomedical applications, such as drug
discovery, tissue engineering and stem cell manufacturing. The key
to quantitatively analyze the proliferative behavior of stem cells
depends on accurate enumeration and localization of the occur-
rences of mitosis, which is the process whereby the genetic ma-
terial of an eukaryotic cell is equally divided, resulting in daughter
cells. Microscopy imaging techniques for measuring the cell prolif-
eration have been developed for many years. Most of the analysis
methods use fluorescent, luminescent or colorimetric microscopy
images which are acquired by invasive methods, such as stain-
ing cells with fluorescent dyes and radiating them with the spe-
cific wave-length light. The invasive method damages cells’ via-
bility or kills cells, which is not suitable for continuously moni-
toring the cell proliferation process. Phase-contrast microscopy, as
a non-invasive imaging modality, offers the possibility to persis-
tently monitor cells’ behavior in the culturing dish without alter-
ing them (Li et al., 2008). For small-scale research studies, manual
enumeration and localization of mitosis events by biologists may
be considered. However, when it comes to the high-throughput ex-
periments, analysis of these images becomes an arduous process
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which involves many hours of human inspection. Thus, computer-
aided mitosis detection in phase-contrast microscopy images from
high-throughput biological experiments has been one cornerstone
of cell behavior analysis.

In fact, the computer vision based mitosis detection contains
two tasks: (1) mitosis event localization and (2) mitosis stage lo-
calization. Given a microscopy image sequence, the mitosis event
localization refers to identify where and when a mitosis event hap-
pens in the sequence. For the mitosis stage localization, we are try-
ing to identify different mitotic stages within a mitotic cell image
sequence. The quantification of biological metrics will benefit from
accurately localizing the time of each stage and biologists are al-
lowed to assess different factors that impact the length of time a
cell spends in each stage of the mitosis.

Based on the visual transition of cell appearance, the process of
a mitosis event can be segmented into four consecutive stages as
shown in Fig. 1: (1) interphase, when a mitotic cell reduces its mi-
gration speed but its appearance still remains normal, (2) start of
mitosis, when a mitotic cell increases its brightness, shrinks its size,
and rounds up, (3) formation of daughter cells, when two daugh-
ter cells are visible but they are still attached together and appear
like a number “8”, and (4) separation of daughter cells, when two
daughter cells separate completely.

In this paper, we define the mitosis event localization as the
classification of a patch sequence containing a mitosis process or
not, and the stage localization as the localization of the time at
which Stage 2-4 begin in one mitosis sequence.
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Fig. 1. The process of a mitosis event.

Fig. 2. Different mitosis sequences which show large shape and appearance variations.

The task of mitosis event localization is to find the birth mo-
ment of a mitotic cell spatially and temporally in the given time-
lapse sequences. As shown in Fig. 2, mitotic cells have irregular
shapes and appearances. Some non-mitotic image sequences may
have the similar appearance as mitosis sequences, which increases
the chance to cause false positives in the mitosis event analysis.
Thus, it is not reliable to simply apply some morphological opera-
tions on the phase contrast images to search for the shape like the
number “8”.

1.1. Related work

1.1.1. Traditional mitosis detection

Several cell mitosis detection methods are based on ob-
ject tracking in phase-contrast microscopy images. Debeir et al.
(2005) combine several model-based mean-shift processes to track
migrating cells. In Padfield et al. (2009), Padfield et al. segment
the nuclei with a shape/size constraint and use an Euclidean dis-
tance metric to link different phases of the cell cycle. Al-Kofahi
et al. (2006) segment cells in each image of the sequence, and
adopt a multiple-object matching method which measures a num-
ber of cell attributes such as size, shape and location to track cells.
Li et al. (2007) exploit a geometric active contour model to track
detected cells. Liang et al. (2008) segment the cell nuclei from the
background, link the nuclei into cell sequences and then utilize a
conditional random field (CRF) model (Lafferty et al., 2001) with
shape and texture features of the segmented nuclei to identify mi-
tosis events. With the goal of tracking cell movements over time,
the problem of mitosis detection in these papers is solved based
on object tracking algorithms or volumetric image segmentation.
The mitoses are identified based on the temporal progression of
cell features or the connection between the segmented mother
and daughter cells. However, these mitosis event localization ap-
proaches heavily depend on the long-term object tracking perfor-
mance, which itself is a very challenging task.

Considering the drawback of tracking-based mitosis detection,
tracking-free approaches have been proposed to detect mitosis
events directly in an image sequence. Huang and Lee (2012) pro-
pose an algorithm called eXclusive Independent Component Anal-

ysis (XICA) which focuses on the components of differences be-
tween two classes of training patterns rather than the major com-
ponents. They classify the given testing pattern by computing the
residual of the relative exclusive basis set. Since the mitosis is a
dynamic process, the performance of mitosis detection would ben-
efit from taking advantage of the temporal dynamic information
in the evolution of visual patterns. These methods usually consist
of three steps: candidate detection, feature extraction and classi-
fication. In the candidate detection, which aims to produce im-
age patches that potentially contain mitosis events, thresholding
and/or morphological operations are typically applied. Regarding to
feature extraction and classification, Gallardo et al. (2004) adopt
a hidden Markov model (HMM) to classify candidates based on
temporal patterns of cell shape and appearance features. Li et al.
(2008) apply a cascade classifier framework (Wu et al., 2008) to
classify volumetric sliding windows of an image sequence based
on 3D haar-like features (Viola and Jones, 2004). The proposed
method is efficient since it only needs one sequential scan through
the image sequence with a trained classifier. However, the coarse
resolution of the sliding temporal window may limit the localiza-
tion precision.

Liu et al. (2010) propose an approach based on Hidden Condi-
tional Random Fields (HCRF) (Quattoni et al., 2007) in which mito-
sis candidate patch sequences are extracted through a 3D seeded
region growing method, then HCRF is trained to classify each can-
didate patch sequence. This method does not rely on object track-
ing algorithms and achieves good performance on C3H10T1/2 stem
cell datasets. Since only one label is assigned to a patch sequence,
this HCRF-based approach is able to identify if a patch sequence
contains mitosis or nor, but it can not accurately localize the birth
moment of the mitosis event in the patch sequence.

A few extensions have been made on the HCRF-based approach.
Huh et al. (2011) propose an Event-Detection CRF (EDCRF) in which
each patch in a candidate sequence is assigned with one label.
The birth moment of the mitosis event is determined based on
the observation that if there exists a change from “before mito-
sis” to “after mitosis” label. Liu et al. (2012) utilize a maximum-
margin learning framework for training the HCRF and propose a
semi-Markovian model to localize mitosis events.
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1.1.2. Deep-learning based mitosis detection

The previous approaches rely on handcrafted image features.
Deep Convolutional Neural Network (DCNN) which is capable of
learning feature representations from big data and modeling the
large variation among the data, has shown its effectiveness on ob-
ject detection and classification. The learned kernels in DCNN are
very effective feature extractors compared with handcrafted fea-
ture extractors. In order to improve the performance of DCNN on
the challenging ImageNet dataset, Yan et al. (2015) propose a hier-
archical deep convolutional neural network which classifies the in-
put images with several components within the architecture. The
low-level features of an input image are extracted through the
lower layers, and then the classification of the input image is done
followed by a coarse-to-fine approach. Sun et al. (2016) propose a
hybrid deep learning network for the task of face verification. The
input to their deep model is multiple pairs of different subregions
in the two original images to be compared. The final output is bi-
nary which indicates whether the two original images come from
the same person. Ciresan et al. (2013) utilize the DCNN as a pixel
classifier for mitosis detection in individual breast cancer histology
images. During the histology, the histologic specimens are stained
and sandwiched between a glass microscope slide and coverslip.
So this DCNN method is not suitable for detecting continuous mi-
tosis events in the time-lapse phase-contrast microscopy image se-
quences. The latest CNN-based methods (Mao and Yin, 2016; Nie
et al., 2016) achieve good performance on the task of mitosis event
localization. Mao et al. build a hierarchical convolutional neural
network in which both appearance and motion temporal informa-
tion are utilized to detect the birth moment of a mitosis sequence.
Compared with traditional CNN which only takes one single im-
age as the input, 3D CNN (Ji et al., 2013; Tran et al., 2015) extracts
temporal features though its 3D convolutional kernels. Nie et al.
(2016) design several different 3D CNN architectures and demon-
strate that 3D CNN outperforms the 2D CNN features and other
hand-crafted features.

The previous CNN-based methods only accept a fixed-size vec-
tor as the input and produce a fixed-size vector as the output, e.g.
probabilities of different classes. However, the length of extracted
sequences varies. Furthermore, if the models take fixed-size input
and output one label for the patch sequence, they are not able to
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Fig. 3. Overview of our proposed method.

perform the task of localizing different mitosis stages. Long-term
Short Memory (LSTM) (Hochreiter and Urgen Schmidhuber, 1997),
which is able to address variant-length inputs, is widely used in
the natural language processing. It can be adapted to many-to-
many, many-to-one, and one-to-many models according to differ-
ent tasks (Donahue et al,, 2017). For the task of mitosis stage lo-
calization, the many-to-many model can be utilized to output one
label for each image in the candidate sequence to label its stage.

1.2. Our proposal and system overview

Most of the previous mitosis detection approaches either use
handcrafted features or consider a single image as the input of
DCNN architectures. In this paper, we try to discover the power
of deep learning methods in the task of mitosis analysis.

If we attempt to detect mitosis events by a single image, we
may lose the visual appearance change context during the whole
process of a mitosis event. Furthermore, motion information hid-
den in the continuous image sequence can also aid the detection
of mitosis event. In the work of Su et al. (2015), 3D objects recogni-
tion is achieved by a multi-view CNN. Each single CNN in the first
layer takes an image of the object captured in one aspect as the
input. After the first-layer CNNs, a single CNN is adopted to con-
verge the features to predict the label of objects. Inspired by their
work, a Hierarchical Convolutional Neural Network (HCNN) (Mao
and Yin, 2016) is proposed for the task of mitosis detection, which
utilizes the visual appearance change information and motion in-
formation in continuous microcopy images. Although the (HCNN)
performs well in mitosis event detection, it lacks the ability of mi-
tosis stage localization. The BLSTM (Mao and Yin, 2017) is able to
solve these two problems simultaneously but the performance of
mitosis event detection is not as good as HCNN and also the per-
formance of mitosis stage localization can be further improved.

In this paper, our contribution is that we propose a new system
in order to achieve the best performance of each single task of mi-
tosis event detection and stage localization. The overflow of our
framework is shown in Fig. 3. The system consists of three con-
secutive steps: first, a Low-Rank Matrix Recovery (LRMR) model is
formulated to find the salient regions in the input image sequence
and extract candidate patch sequences that are likely to contain

Image Preprocessing

_ - | Mitosis Detection | »| Stage Localization
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Fig. 4. Samples of extracted candidate sequences.
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Fig. 5. The comparison of mitosis sequences generated by subtracting mean image and LRMR model. The first row is the mitosis image sequence generated by simply
subtracting mean image. The Second row is the mitosis image sequence generated by LRMR model. By LRMR model, the intensity of mitosis cells are kept.

mitosis events; second, each candidate patch sequence is clas-
sified by the Hierarchical Convolutional Neural Network (HCNN)
based on its temporal appearance and motion information; third,
for those sequences which contain mitosis events, they are further
segmented into different stages by a new Two-stream Bidirectional
Long-Short Term Memory (TS-BLSTM). The next three sections will
describe the three steps in details.

2. Mitosis candidate extraction

The first step of mitosis detection is to extract mitosis candidate
sequences from the input time-lapse image sequence. The mitosis
candidate extraction aims to find region-of-interest (ROI) that po-
tentially contains a mitosis event. This step serves to reduce the
search space. As a result, the subsequent steps can be more ef-
ficiently conducted, while maintaining mitosis detection accuracy.
Fig. 4 shows some examples of candidate patch sequences ex-
tracted by our method. Our proposed mitosis candidate extraction
consists of two steps: (1) salient region detection and (2) image
patch sequence retrieval.

2.1. Salient region detection

Traditional search schemes adopt a sliding window fashion, by
which the detectors need to search and classify image patches at
all locations. The exhaustive search process increases the search
space and potentially has a large possibility of errors. Phase con-
trast microscopes convert the minute phase shifts, caused by trans-
parent specimens regarding to the illuminating light source, into
variations in light amplitudes which can be observed by naked
eyes or captured by cameras. Due to the optical principle and
the inherent imperfections of the conversion process, phase con-
trast images contain artifacts such as halos and shade-off. If we
are able to only focus on regions where mitotic cells are highly
likely to appear, rather than the artifact regions or background
regions, we will be able to reduce the search space. In (Huh
et al,, 2011; Mao and Yin, 2016), the average image of original or
illumination-corrected images in the given sequence is computed,

which is then subtracted from each image. By this procedure, arti-
facts from the stationary bright non-cell background are removed.
However, this procedure is only able to remove the stationary arti-
facts. Furthermore, since the intensity values of mitotic cells are
decreased when each image is subtracted from the average im-
age, it may potentially harm the performance of later classifica-
tion Fig. 5. The process of a mitosis event contains large intensity
and shape changes in the observed microscopy images, thus in this
section we are interested in finding salient regions with large in-
tensity and shape changes while maintaining the intensity values
of the original images.

2.1.1. Problem formulation

Given a time-lapse phase-contrast microscopy image sequence,
which contains non-mitotic cells, mitotic cells, and artifacts, we are
trying to find regions that are most likely to contain mitotic cells
from the phase-contrast microscopy images first. The image data
can be modeled as:

M=L+S+N (1)

where M € R™"<P js the time-lapse phase-contrast microscopy
image sequence, £ € R™"*P js the image sequence containing sta-
tionary artifacts and non-mitotic cells, A" € R™<"*P is the Gaussian
noise image sequence, and S € R™*™P is the image sequence con-
taining mitosis candidates. m and n are the number of rows and
columns of the microscopy image, and p is the number of images
in the image sequence.

We first transfer the image data matrices M, £, S, and N to the
corresponding Casorati matrices (a matrix each of whose columns
is a vectorized image of the image data), M € R™*P, [ ¢ R™"P,
S e RMxP and N € R™*P, as shown in Fig. 6. Now, from Eq. (1) we
have

M=L+S+N (2)
2.1.2. Sparse property of mitosis image S

From the phase-contrast microscopy images, we can see that
only a small portion of the image contains the mitosis candidates,
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Fig. 6. Formulation of Casorati matrix. (a) an original phase-contrast microscopy image sequence, (b) we vectorize each image to get the corresponding column vectors, (c)

these vectors are combined into a matrix.

therefore, the matrix S is sparse, i.e., only a few elements of S are
nonzero. In order to get the images which only contain mitosis
candidates, we need to estimate the image S from the observed
microscopy image M.

2.1.3. Low-rank property of artifact and non-mitotic cell image L

As shown in Fig. 6(c), the Casorati matrix of the phase-contrast
microscopy image sequence data has two dimensions, the spatial
domain of each image and time domain of all the images. From
the phase-contrast microscopy images we can see that the station-
ary artifacts appear at the same location of all the images. Accord-
ingly, there exists high correlations among the time signatures of
the artifact image data (rows of L), and each time signature can
be represented by a linear combination of a very small number
of pure time endmembers, which is known as the linear mixing
model (Golbabaee and Vandergheynst, 2012; lordache et al., 2011).
Suppose the number of pure spectral endmembers for the artifact
image data L is upper bounded by r, then the rank of L is also
bounded by r, i.e., rank(L) <r. Usually, this upper bound value of
the number of endmembers r is significantly smaller than the col-
umn number and row number of L, which suggests the low-rank
property of the Casorati matrix L.

Based on the low-rank property of matrix L and sparsity of ma-
trix S, the low-rank matrix recovery (LRMR) model can be used to
estimate the image L and S from the original phase-contrast mi-
croscopy image M.

2.1.4. LRMR model and RPCA problem

The low-rank matrix recovery (LRMR) model is first proposed
in Wright et al. (2009) and is considered as an idealized Robust
Principal Component Analysis (RPCA) problem. For our problem,
the RPCA can be formulated as follows: given the original phase-
contrast microscopy image data matrix M, the low-rank artifact
and non-mitotic image data matrix L and sparse mitosis candidate
matrix S are unknown, and we are trying to estimate L and S. This
optimization problem can be formulated as

rrLliSnrank(L)+)»||S||0 st. M=L+S 3)

where rank(-) denotes the rank of a matrix, and A is a positive
weighting parameter. However, this is a nonconvex optimization
problem, and there is no efficient solution available (Wright et al.,
2009). A feasible solution is relaxing this problem by replacing the
rank with the nuclear norm and the ¢3-norm with the ¢;-norm to
obtain a tractable optimization problem (Candés and Recht, 2009;
Peng et al., 2010).

rrLliSn LI« 4+ AlIS|l; st. M=L+S (4)

The augmented Lagrangian multiplier (ALM) function of prob-
lem Eq. (4) is

w
L(LS.Y, ) = ILI« + AlISlly + (Y, M~ L=S) + - [M L -S|iZ
(5)
where (.,-) is the element-wise multiplication, and |-||f is the
Frobenius norm, which is defined as ||[X|F = /> Y74 X5 for
XeR™*M" This ALM function can be solved by applying the Alter-
nating Splitting Augmented Lagrangian Method (ASALM) (Tao and
Yuan, 2011) and the Iterative Thresholding (IT) approach (Wright
et al., 2009). More specifically, the ALM function is decomposed
into two smaller subproblems which solve the variables L and S
separably in the consecutive order and in an iterative way. Given
(s, 1K) ytk)) the ASALM updates the optimal solution via the fol-
lowing scheme until convergence:
Sk+1) — arg msin L(L®), S, YR 1p)
L(k+1) = arg mLin L(L, S(’<+1),Y(l‘),u) (6)
y (k+1) — y (k) + A(M — L(k+1) _ S(k+1))
The first subproblem in (Eq. (6)) can be written into the following
form:

Sk+1) — arg msin L(L®, 5, ®), 1)
= argmin (x||5||1 0 M- L0 _s)
+RIM LW - 5|3)
= argmsin <A||S||1 + (Y, M- LK) —5)
+%||M _ Lk _5“% + (Y(k))2>

(7)

2p
. (k)
= argmin (X[l + §11S - (M- LIV + 720 2)

According to Lemma 2.1 in (Tao and Yuan, 2011), the optimal solu-
tion of this function can be given as follows:

kt1 K, YW
Skt — @, (M—L®) + —~ (8)
w 123
where @, is defined componentwisely by
w
A .
(cb,\ (X)) = max jabs| X;; — —,0 | ¢ - sign(X;;) (9)
" ij M

in which abs(-) and sign(-) are the absolute value function and sign
function, respectively.
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Fig. 7. The result of LRMR model. (a)-(c) are the original image, image containing mitosis candidates and image containing stationary artifacts and non-mitotic cells, respec-
tively. We extract our candidate patch sequences from image (b). As we can see from image (d1)-(d3), the mitosis cell is kept while background in the patch is removed.
(e1) only contains background stain and in (e2) the stain is removed. (f1) contains a non-mitotic cell and it is removed in (f2).

The second subproblem in (Eq. (6)) can be written into a more
specific form:

Lk+1) = arg mLin L(LSkD,y®), 1)
= argmLin (||L||* + (y(k)‘M L S(I<+l)>
+%I|M—L—s<’<+1>||g)

= argmin (L] + (Y0, M L -5+

(y(l() )2
2

_ ; k1) L y®
— argmin ([ILll + § 1L — (M = SED 4 50 2)

+BIM L - sk |2 4

According to Lemma 2.2 in (Tao and Yuan, 2011), the optimal solu-
tion of this function can be expressed as follows:

y (k)
L(k+1) —-v, M—S(k+]>+7 (11)
w w
The ¥ ; in this equation is defined by
m
¥, (X) = Udiag(cpl (z))vT (12)
w W

where U, V and X are obtained by the singular value decomposition

(SVD) of X:
X =UxVT,and % = diag(oy,05,--) (13)

We summarize our method in the following form:

The kth iteration of ASALM for problem Eq. (6).

Given (L®),5®)y(K)) we update them as follows:
(k)

1. Sk+1) = Q%(M—L(") + YT);

2. L) = (M — Skt1) 4 %k))

3, yk+1) = y(’7<) + A(M — L+ _ gkt 1))

The low-rank matrix recovery (LRMR) model is able to remove
the stationary artifacts from the phase-contrast microscopy images.
Moreover, as most of the cells move slowly in consequent images,
they will be regarded as the low-rank component and fall into the
matrix L. So a byproduct of the LRMR model is that most of the
stationary cells are removed, and only the mitotic and migrating
cells are picked out as the mitosis candidates, which are sepa-
rated into matrix S. This can reduce the number of negative sam-
ples greatly, and as a result, the searching space and computational
time can be decreased heavily.

We illustrate the result of LRMR model in Fig. 7. By the pro-
posed LRMR model, most background and non-mitotic cells can be
removed and the intensity of mitosis cells can be kept, as shown
in Fig. 7(b).

2.2. Mitosis image patch retrieval

After the image pre-processing, we are able to obtain images
which possibly contain mitosis cells, migrating cells and moving
artifacts. We apply a small gaussian filter to smooth the image and
threshold it into a binary mask. We only consider those blobs (con-
nected components in the binary mask) whose areas are above a
threshold as potential mitotic regions. Finally we track each blob
into candidate sequences by formulating the tracking as an associ-
ation problem (Mao et al., 2014), and each image patch is extracted
at the fixed size d x d around the center of each connected compo-
nent. colorredWhen one blob divides into two blobs, the tracking
continues until the two blobs cannot be captured by one image
patch.

The time length of mitosis events may be quite different. How-
ever, the most salient images during the mitosis are just a few im-
ages around the birth moment, so we choose a fixed short tem-
poral window to extract candidate patch sequences as the input to
our HCNN. As for the input of TS-BLSTM, the entire patch sequence
is taken as the input.

In our experiments, the Gaussian filter has standard derivation
of 3, the threshold in thresholding images is set to be 5% of the
maximum intensity value, the patch size is defined as 52 x 52, and
the minimum blob area is required to be 400 pixels in the datasets.
We set all the parameters here safely to ensure that the recall of
mitosis events is 100% before the classification step. The search
space in the video sequence is largely reduced but the precision of
mitosis events by the candidate extraction step is low (1.2%), thus
we propose the HCNN in the next section to further improve the
performance.

3. Hierarchical convolutional neural networks architecture
3.1. Design of HCNN

As shown in Fig. 8, our proposed Hierarchical Convolutional
Neural Networks (HCNN) have three layers. Five consecutive
patches in the candidate patch sequence are the input to the five
convolutional neural networks in the first layer (CNN¥, ke[1, 5]),
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Fig. 8. The architecture of our proposed Hierarchical Convolutional Neural Networks.

and the five corresponding motion images computed by the cen-
tral finite difference are the input to the five convolutional neural
networks (CNNf, ke[6, 10]). Each of the ten convolutional neural
networks in the first layer (CNN%‘, ke[1, 10]) takes a single image
as the input. In the second layer of our HCNN, two CNNs (CNNJ!
and CNN;z) are designed to extract joint features from the origi-
nal patch sequences and their motion patch sequences separately
at the patch-sequence level. In the last layer of our HCNN, appear-
ance and motion features are combined to feed into the last CNN
(CNN;3). The binary output indicates if the input candidate patch
sequence contains a mitosis or not. In the notation of CNN{‘, i de-
notes the layer in our HCNN and k indexes the CNN out of the total
13 CNNs in our HCNN.

Two reasons motivates us to design such an architecture. First,
the process of mitosis actually is a continuous event which hap-
pens in several frames. Instead of detecting the mitosis events by
only targeting at the detection of a single frame (birth moment),
leveraging several nearby frames will provide more information to
detect the birth moments of mitosis events. Second, the motion
pattern of mitotic cells are different from that of migration cells,
thus the motion information should be utilized to provide richer
feature description.

The first layer of our HCNN contains ten CNNs (CNNXk e
[1,10]). Each of them classifies a single appearance or motion im-
age at different time instants of a mitosis event. The ten CNNs
shares the same architecture as shown in Fig. 9. Note that the ten
CNNs share the same architecture design, but they do not share
parameters and they are trained separately. In this way, each CNN
is trained individually to extract the most accurate features for
cell images at different mitotic stages. The underlying motivation
is that task-specific feature extraction will perform better than a
general feature extractor. There are four convolutional layers. The
first two convolutional layers are followed by a 2 x 2 max pooling
layer. One drop-out layer is added in case of over-fitting. The pre-

diction layer outputs the label of the input image, which indicates
if the input image is the image at the specific time instant of a
mitosis event.

The CNNs in the second and last layer of our HCNN (CNNJ!,
CNNJ2 and CNNI3) share the similar architecture as shown in
Fig. 10. The only difference is the length of the input in the in-
put feature layer. The input to CNN; is the combined features
from the Fully-connection Layer 2 of CNNf,k € [1,5]. The input to
CNN%2 is the combined features from the Fully-connection Layer
2 of CNN%‘,k € [6,10]. Thus the input for the CNNs in the second
layer is a 5120 vector. The input to CNNJ? is the combined features
from the Fully-connection Layer 3 of CNNJ! and CNN12, leading to
a 4096 vector.

3.2. HCNN training

The overall HCNN has 13 CNNs, which leads to a large number
of parameters. The training complexity will increase if we train the
whole HCNN at once. Given the limited amount of training data,
training the whole HCNN together will also increase the risk of
over-fitting. Therefore, we propose a two-step training process as
below.

3.2.1. Pretraining each CNN independently

First, each CNN in three layers is trained independently. The in-
put to the first-layer CNNs (CNNf.k € [1,10]) is the five original im-
ages and their corresponding five motion images. For each input
modality, we use the trained weights of the first CNN (e.g., CNN})
as the initialization for the rest four CNNs (e.g., CNNK, k € [2,5]) to
achieve faster convergence. After the training on CNN4< (ke[1, 10])
is completed, we retrieve the features from Fully-connection Layer
2 of each CNN and concatenate them as the input to the seconde-
layer CNNs (CNNJ! and CNNJ2). The input to the third-layer CNN
(CNN§3) is the concatenated features from Fully-connection Layer

f Convolutional Layerl Fully-connection Fully-connection \
52 C lutional Layer 1 Layer 2
gnvolutiona Convolutional 1924 1024 1024
Layer 3 /
9 6, Eed
@ : 1@_\¢‘3—@
- == \
o 128 128\
Con:olut:)na\k\ Prediction
ayer
Max Pooling 2 i D Layer
1 rop-out
64 Max Pooling 1 Layer1
\ Input Image Yy

Fig. 9. The architecture of CNNs in the first layers of our HCNN.
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Fig. 10. The architecture of the second and last layer of our HCNN.

3 in the second-layer CNNs. When training the 13 CNNs, we set
the batch size as 100 and the number of epochs as 20 with the
learning rate gradually decreasing from 102 to 10~%. We set the
drop-out rate to be 0.5 for all drop-out layers.

3.2.2. Fine-tuning HCNN

After each CNN is properly pretrained, we fine-tune the entire
HCNN. The Prediction Layers of CNNs in the first and second lay-
ers of our HCNN are bypassed and the error from the third-layer
CNN (CNN23) is back-propagated to all the CNNs to updates their
weights.

4. Two-stream bidirectional long-Short term memory

We classify each candidate patch sequence by our HCNN. If the
candidate patch sequence contains a mitosis event, we further lo-
calize the four stages within it by a new TS-BLSTM, as shown in
Fig. 11.

Our proposed TS-BLSTM is shown in Fig. 11. Similar to our
HCNN, the first set of input is the N appearance patches X;, i€[1,
N] in the mitosis patch sequence, and the second set of input is
their corresponding motion images M;, i [1, N]. The CNNs used to
extract the feature representation share the same architecture as
the CNN (Fig. 9) in the first layer of HCNN. The feature is extracted
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from the last fully-connected layer. Therefore, feature vector f¥ and
f™ are extracted from appearance image X; and motion image M;,
respectively. Then the features of appearance images and motion
images are fed into Bidirectional Long-Short Term Memory(BLSTM)
and generate the label [¥ and I, respectively.

For each image, its label I¥ predicted by the appearance BLSTM
and label II" predicted by the motion BLSTM are concatenated to
make the final prediction L; which indicates which stage each im-
age belongs to in the sequence, i.e. solving the mitosis stage local-
ization problem.

It is critical to locate the transition frame between two con-
secutive stages in order to precisely label each stage in the input
sequence. When the human experts annotated the ground truth
of different stages, it is hard to determine which frame is exactly
the transition frame between two stages without looking back and
forth. This suggests that the stage labeling should consider two di-
rections. In our architecture, we use the Bidirectional LSTM which
has the ability to unify information in both directions to label one
image in the sequence.

Similar to the design of HCNN, we utilize not only the appear-
ance information, but also the motion information over time in the
design of our TS-BLSTM due to the fact that the movement pattern
of mitotic cells during different stages are different from that of
migration cells. Therefore, rich features to describe the data can
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Fig. 11. The overview of our proposed TS-BLSTM.
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be provided by unifying both appearance and motion cues, which
should boost the stage classification performance.

When training the CNN, only the starting frame of Stage 3 is
considered positive, and others are labeled as negative. Two indi-
vidual CNNs are trained for the appearance input and motion in-
put, respectively. For the training of CNN, we set the patch size as
100 and the number of epoch as 20 with the learning rate grad-
ually decreasing from 10~2 to 10~%. The drop-out rate is set to be
0.5. When training the TS-BLSTM with Keras (Chollet et al., 2015),
we pad each training sequence to be the length of 50. The number
of epoch is set as 10, and the learning rate is 10~3 with the weight
decay rate as 1075,

5. Experiments

In this section, we evaluate the performance of our proposed
methods on mitosis event localization and stage localization.

5.1. Dataset

Five phase contrast image sequences of C3H10T1/2 mouse mes-
enchymal stem cell populations (American Type Culture Collection,
Manassas, VA) were acquired, each containing 1436 images. Each
image sequence contains 79, 94, 85, 120 and 41 mitosis cells, re-
spectively. The multipotent C3H10T1/2 stem cells serve as a model
for the adult human mesenchymal stem cells that can differenti-
ate into a variety of cell types. The growing environment consists
of Dulbeccos Modified Eagles Media (DMEM; Invitrogen, Carlsbad,
CA), 10% fetal bovine serum (Invitrogen, Carlsbad, CA) and 1% peni-
cillin streptomycin (PS; Invitrogen, Carlsbad, CA). The cells were
observed during growth under a Zeiss Axiovert 135TV inverted mi-
croscope with the 0.15N.A. objective and phase contrast optics.
Time-lapse image acquisition was performed every 5min using a
12-bit Qimaging Retiga EXi Fast CCD camera at 500 ms exposure
with a gain of 1.01. Each image consists of 1392 x 1040 pixels with
a resolution of 19 um/pixel.

After the image acquisition, manual annotation of mitosis
events was performed on the image sequences by an expert bi-
ologist using a labeling tool with a graphical user interface. For
each mitosis, the annotator first locates the center of the bound-
ary between the two daughter cells when the boundary is clearly
observed, which marks the start of Stage 3 (formation of daughter
cells) as defined in Fig. 1. Then the annotator locates each stage
of the mitosis cell in nearby consecutive frames. The location and
time of each stage in the video sequences are provided as the
ground truth.

In order to train our HCNN and TS-BLSTM, data expansion is
performed to generate more positive training data. For each pos-
itive mitosis sequence, we rotate the images every 45° (8 vari-
ations), slightly translate the images (e.g., by 5 pixels) horizon-
tally and/or vertically (9 variations), which generates 72 times of
the original positive training data. We retrieve negative training
sequences by our proposed candidate patch sequence extraction
method. At last, the training data are balanced by randomly dupli-
cating some positive data so that the numbers of positive samples
and negative samples are even. In total, 69,334 training samples
are used in the training. During the testing, we apply the HCNN
model on sequences with variant lengths in a sliding-window fash-
ion with the stride equal to 1. For example, the HCNN is applied
on the first 5 images (1st to 5th image) in the sequence, then it is
applied on the 2nd to 6th image, so on so forth.

5.2. Evaluation metrics

To evaluate the accuracy of the proposed method, we adopt the
leave-one-out policy in the experiment, i.e., using four image se-

Table 1
Validation of the effectiveness of LRMR.

Model Precision (%)  Recall (%) F-score (%)
HCNN with LRMR 99.2 + 0.7 98.0 + 2.1 98.7 + 1.7
HCNN without LRMR ~ 99.1 £+ 0.8 972 £ 24 986 + 13

quences for training and the rest one for testing. We define the
True Positive (TP) as a HCNN-detected patch sequence that con-
tains a mitosis event, False Positive (FP) as it does not contain a
mitosis event, and False Negative (FN) as the mitosis event that is
mistakenly classified as a negative.

To evaluate the accuracy of mitosis detection, we use two eval-
uation metrics in our experiments. First, we evaluate the perfor-
mance of mitosis event localization in terms of the mean and stan-
dard deviation of precision, recall and F-score on the five leave-
one-out tests, without examining the timing of birth events.

Precision = L
" TP+FP
TP
— 14
Recall TP EN (14)
2 x Precision x Recall
F — score =

Precision + Recall

Second, the performance of mitosis detection is strictly evaluated
in terms of the timing error of birth moments. The timing error
is measured as the frame difference between the detection result
and the ground truth.

5.3. Validation of the LRMR and HCNN

First, we evaluate the effect of LRMR on the performance of mi-
tosis detection. Our designed HCNN model without LRMR achieves
the precision of 99.1% and recall of 97.2%, further improving the
performance is very challenging and the errors are from hard sam-
ples. As shown in the Table 1, when we train the HCNN on the
microscopy images preprocessed by the proposed LRMR, the preci-
sion and recall are 0.1% and 0.8% better than the HCNN trained on
images preprocessed by the previous method (Mao and Yin, 2016).
The LRMR model allows the network to correctly classify 28.6% mi-
tosis events out of the False Negatives that are incorrectly clas-
sified by HCNN without LRMR. In (Mao and Yin, 2016), each im-
age is subtracted by the average image, which results in decreasing
the intensity value of mitotic cells and its contrast with the back-
ground. With the LRMR model, the intensity value of mitotic cells
is kept, thus the performance is better.

The small improvement counts as contribution for two reasons.
First, accurate mitosis detection is important for cell tracking that
uses data association (e.g., linear programming) to track multiple
cells. Over time, it is important to detect all the time instants when
the cells divide, so we can obtain accurate lineage trees for cells.
To have the rigid biomedical discovery, the small improvement of
mitosis detection performance that aims for perfect accuracy will
result in big impact on the cell lineage tracking. Second, the chal-
lenge here is that there is a little room to improve the mitosis
event detection and the rest few percentage points are related to
very hard cases. When considering to achieve 99.99% accuracy on
the mitosis detection, every step closing to the perfect will be very
challenging but meaningful.

Then, we show the effectiveness of each module in the pro-
posed architecture design. Several architectures are compared: a
simple CNN which takes the 10-channel (a tensor with 10 images
(5 consecutive appearance and 5 corresponding motion images))
as input and our proposed HCNN, a multi-appearance HCNN with
only 5 original image patches as input (CNN} to CNN? + CNNJ!),



Y. Mao, L. Han and Z. Yin/Medical Image Analysis 57 (2019) 32-43 41

Table 2
Mitosis event localization accuracy of different designs.

Model Precision (%)  Recall (%) F-score (%)
Our HCNN 99.2 + 0.7 98.0 + 2.1 98.7 + 1.7
CNN with multi-channel input  97.6 £ 1.2 940 £ 19 958 £ 1.2
Multi-Appearance HCNN 90.9 + 3.8 85.6 + 3.3 88.1 + 14
Multi-Motion HCNN 847 + 2.9 85.6 + 1.7 85.7 + 2.0
Single Appearance CNN 859 £ 4.7 80.5 + 8.1 829 + 4.7

a multi-motion HCNN with only 5 appearance image patches as
input (CNN® to CNNJ® + CNN?) and a single-appearance CNN
(CNN13) which aim at detecting the birth moment, as shown in
Table 2. As demonstrated in (Karpathy et al., 2014), fusing the tem-
poral information in the feature level is better than in the input
pixel level, thus our HCNN performs better than a simple CNN
with 10-channel images as the input. The poorer performance of
the multi-appearance CNN is due to the lack of motion informa-
tion as the input. It is not guaranteed that the multi-appearance
CNN model can precisely extract the motion information from fea-
tures of consecutive frames. It would be better if we just feed
the motion information to the network as input. The F-Score of
multi-appearance HCNN is 10% points lower than that of our HCNN
which further incorporates the motion information. The motion
features are import in this task. There are some certain cases
where shape and appearance features cannot classify the mitosis
events. For example, when two cells are close to each other, it just
looks like the stage 3 of a mitosis event when one cell dividing
into two daughter cells. It is hard to tell whether it is one cell
divides into two cells or two cells moving together only by ap-
pearance features alone. But the motion image at the beginning of
stage 3 of a mitotic event is totally different from two cells get-
ting close to each other. The multi-motion HCNN achieves similar
recall with multi-appearance HCNN but has 6.2% lower precision.
The reason is that the motion of some cells during mitosis event
is not clear enough to be distinguishable with the small motion
noise in the background when training the model. Thus during
testing, the background motion noise may be classified as mito-
sis event, resulting in lower precision. Since the single-appearance
CNN is only based on one single frame, it cannot capture the
temporal appearance change. The F-Score of single-appearance
CNN is 5% points lower than that of the multi-appearance HCNN
which utilizes the temporal information in the whole patch
sequence.

Furthermore, we evaluate the effect of time-window length in
the design of HCNN architecture. In the Table 3, the HCNN-3,
HCNN-5, HCNN-7 and HCNN-9 refer to HCNN with 3,5,7 and 9
CNNs in the first layer. As shown in the table, when increasing the
length of time window, the performance of HCNN improves. The
HCNN-9 works the best with a F-score at 98.8%. The performance
of HCNN-7 and HCNN-9 is similar since the key frames are usu-
ally 3-5 frames near the birth moment and the remaining frames
do not provide more useful information to boost the performance.
Moreover, with the increasing number of CNNs in the first layer,
the computation cost and the risk of over-fitting will increase. Thus
we choose a time-window length of 5 as the proper parameter in
the design of our HCNN.

Table 3

Validation of the effectiveness of time-window length.
Model Precision (%)  Recall (%) F-score (%)
HCNN-3 95.6 + 2.7 963 + 34 955 + 24
HCNN-5 99.2 + 0.7 98.0 + 2.1 98.7 + 1.7
HCNN-7 995 + 1.1 98.1 £ 1.5 98.7 £ 13
HCNN-9 99.6 + 0.6 983 + 1.7 988 + 14

5.4. Comparisons on the mitosis event localization

We compare our method with eight previous works: BLSTM
(Mao and Yin, 2017), Max-Margin Hidden Conditional Random
Fields+Max-Margin Semi-Markov Model (MM-HCRF + MM-SMM)
(Liu et al, 2012), 3D CNN (Nie et al.,, 2016), EDCRF (Huh et al.,
2011), HCRF (Liu et al., 2010), Hidden Markov Models (HMMs)
(Rabiner, 1989), and Support Vector Machine (SVM) (Suykens et al.,
2000). As shown in Table 4, our HCNN achieves an average pre-
cision of 99.2%, recall of 98.0% and F-score of 98.7%, which out-
performs the state-of-the-arts by a large margin. The BLSTM (Mao
and Yin, 2017) ranks as the second. The model proposed in BLSTM
takes advantage of the power of LSTM in utilizing the temporal
context. However, the mitosis event detection and stage localiza-
tion are different tasks after all. When the network tries to up-
date the parameters to reach the best performance for stage local-
ization, the noisy loss from mitosis event detection may be intro-
duced into the back-propagation to decrease the performance of
stage localization, and vice-versa. The conflict of two tasks even-
tually prevent the BLSTM from reaching the best performance
for both tasks. MM-HCRF+MM-SMM adopts a two-step mecha-
nism: MM-HCRF is used to classify a candidate sequence if it con-
tains mitosis or not, then MM-SMM further identifies the differ-
ent stages in the candidate sequence and in turn helps to improve
the identification result from MM-HCRF by reducing false positives.
With the temporal stage transition constraint enforced by MM-
SMM, the combined method performs better than using MM-HCRF
alone (by 4.6% of averaged F-score). Compared with MM-HCRF, ED-
CRF has achieved a higher performance (by 1.7% of averaged F-
score). This result indicates that the information of the birth event
timing model in EDCRF is helpful to identify the mitosis sequence.
In contrast, MM-HCRF could not utilize such information due to its
limitation of modeling frame level annotations. The performance
of 3D CNN (Nie et al., 2016) is lower than the MM-HCRF. Even
though the 3D kernel is able to extract features across consecu-
tive frames, the kernel itself is more capable of extracting features
in real 3D input, such as corners of a table, not the 3D input con-
structed by 2D images. Another possible reason is that 3D CNN is
hard to train. CRF and HMM methods both have much lower per-
formance (only higher than the benchmark SVM method). The lim-
itation of the CRF model is that it cannot capture the intermediate
structures of the mitosis using hidden states. For the HMM model,
it is limited by its assumption that observations are conditionally
independent, resulting in the inability to accommodate long range
dependencies among frames in sequences. The SVM method has
the worst performance for mitosis event localization. The reason is
that the SVM method is not capable of modeling temporal dynam-
ics among frames in the mitosis sequences, thus the mitosis event
localization could only be done frame-by-frame without benefiting
from the temporal context.

5.5. Comparisons on the mitosis stage localization

To label one mitosis sequence into the four stages, we only
need to localize the starting frame of stage 2, 3, and 4. In the previ-
ous work, only MM-HCRF+MM-SMM (Liu et al., 2012) and BLSTM
(Mao and Yin, 2017) are able to localize different stages while oth-
ers only focus on the localization of the starting frame of stage
3. We summarize the comparison of each mitosis stage localiza-
tion method in Table 5. The results in Table 5 demonstrate that
our method performs different stage localization with better per-
formance than (Liu et al, 2012; Mao and Yin, 2017) in term of
the frame error. We test our TS-BLSTM with only one bidirectional
LSTM, i.e. fusing the appearance and motion features as the in-
put to only one LSTM to predict the mitosis stages. The TS-BLSTM
with one LSTM has larger error than our TS-BLSTM, which further
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Table 4

Comparison of mitosis event localization accuracy.

Model Precision (%)  Recall (%) F-score (%)
Our HCNN 99.2 + 0.7 98.0 + 2.1 98.7 + 1.7
BLSTM (Mao and Yin, 2017) 984 + 1.0 97.0 + 1.8 97.7 £+ 1.2
MM-HCRF+MM-SMM (Liu et al., 2012) 958 + 1.0 88.1 + 3.1 91.8 + 2.0
3D CNN (Nie et al., 2016) 849 + 1.2 83.6 + 0.8 842 + 0.9
MM-HCRF (Liu et al., 2012) 828 + 24 922 + 24 872 £ 1.6
EDCRF (Huh et al., 2011) 91.3 + 4.0 87.0 + 48 889 + 0.7
CRF (Lafferty et al., 2001) 90.5 + 4.7 753 + 9.6 815 + 44
HMM (Rabiner, 1989) 834 + 49 794 + 8.8 81.0 + 34
SVM (Lowe, 2004) 68.0 + 34 96.0 + 4.2 795 + 1.7
Table 5
Comparison of each averaged temporal stage localization error.

Model Stage 2 Stage 3 Stage 4

Our TS-BLSTM 0.72 + 0.23 0.59 + 0.52 0.04 + 0.05

TS-BLSTM with one LSTM 0.76 + 0.14 0.61 + 0.17 0.08 + 0.07
BLSTM (Mao and Yin, 2017) 0.78 £ 040 062 + 0.62 0.06 + 0.06
MM-HCRF+MM-SMM (Liu et al., 2012) 0.82 + 1.69 0.73 + 1.29 1.06 + 1.72
HCNN (Mao and Yin, 2016) N/A 0.69 + 091 NJA

EDCRF (Huh et al., 2011) N/A 0.83 + 134 NJA

proves that fusing the features in later stage is better than fus- Acknowledgments

ing in early stage. The BLSTM solves the mitosis stage localization
problem together with the mitosis event localization in one sin-
gle model, but we have an individual model for each task, thus we
achieve the better performance. The MM-HCRF+MM-SMM adopts
hand-crafted features and it achieves worse performance than the
LSTM based models.

6. Conclusion and future directions

In this paper, we explore the power of deep learning in the two
tasks of mitosis analysis: mitosis event localization and its stage
localization. We propose a new system which consists of three
models: first, a Low-Rank Matrix Recovery (LRMR) model is formu-
lated to find salient regions that potentially contain mitosis events
and extract candidate patch sequences; second, a Hierarchical Con-
volution Neural Network (HCNN) which utilizes visual appearance
and motion cues to classify each candidate patch sequence is used
to solve the task of mitosis event localization; third, we design
a Two-stream Bidirectional Long-Short Term Memory (TS-BLSTM)
which is able to label every image in one mitosis sequence is de-
signed to precisely localize each mitotic stage. In the experiments,
we compare our proposed deep learning models with previous tra-
ditional approaches on the mitosis analysis problem. The proposed
system outperforms state-of-the-arts by achieving 99.2% precision
and 98.0% recall for mitosis event localization and 0.62 frame error
on average for mitosis stage localization in five challenging image
sequences.

Compared with the static medical image data, time-lapse mi-
croscopy image sequences provide important temporal clues to
boost the performance of tasks in medical image analysis. Deep
learning based models have shown great advantage over traditional
approaches. However, annotating biomedical images requires the
expert knowledge and it is time-consuming. It is necessary to de-
velop approaches such as unsupervised or semi-supervised meth-
ods for the training of deep learning in the future.
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