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Differently to semantic segmentation, instance segmentation assigns unique labels to each individual in- 

stance of the same object class. In this work, we propose a novel recurrent fully convolutional network 

architecture for tracking such instance segmentations over time, which is highly relevant, e.g., in biomedi- 

cal applications involving cell growth and migration. Our network architecture incorporates convolutional 

gated recurrent units (ConvGRU) into a stacked hourglass network to utilize temporal information, e.g., 

from microscopy videos. Moreover, we train our network with a novel embedding loss based on cosine 

similarities, such that the network predicts unique embeddings for every instance throughout videos, 

even in the presence of dynamic structural changes due to mitosis of cells. To create the final tracked 

instance segmentations, the pixel-wise embeddings are clustered among subsequent video frames by us- 

ing the mean shift algorithm. After showing the performance of the instance segmentation on a static 

in-house dataset of muscle fibers from H&E-stained microscopy images, we also evaluate our proposed 

recurrent stacked hourglass network regarding instance segmentation and tracking performance on six 

datasets from the ISBI celltracking challenge, where it delivers state-of-the-art results. 

© 2019 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license. 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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1. Introduction 

Tracking segmented instances of objects throughout videos

plays a crucial role in biomedical imaging tasks like analyzing

cell growth or migration ( Ulman et al., 2017 ). Ongoing techno-

logical improvements in phase enhancing and fluorescence mi-

croscopy lead to datasets that show biological information at

increasingly higher spatial and temporal resolutions. While this

is beneficial for answering to relevant challenges in biomedi-

cal research like understanding cell motility and cell prolifera-

tion ( Zimmer et al., 2006 ) in the context of biological processes

(e.g., immune response ( Evans et al., 2009 ), embryonic devel-

opment ( Montell, 2008 ), or tumorigenesis ( Condeelis and Pol-

lard, 2006 )), the growing amount of imaging data also poses chal-

lenges for the required data analysis. Manually segmenting and

tracking cell instances from huge live-cell datasets is too laborious,
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hus automatic medical image analysis approaches are required,

hich have to cope with low signal-to-noise ratio, high cell den-

ity, or image artifacts, e.g., from inhomogeneous staining. More-

ver, automatic methods have to deal with mitotic and apoptotic

vents that affect cell lineages as cells move through their en-

ironment, as well as large variability in visual appearance, size

nd number of cells. Recently, predominantly machine learning

echniques, e.g., deep convolutional neural networks ( LeCun et al.,

015 ), have been applied to the problem of automatic instance seg-

entation and tracking, due to their capability of learning from

roperly annotated datasets how to overcome these challenges. 

Differently to semantic segmentation (e.g., ( Ronneberger et al.,

015; Payer et al., 2018a )), instance segmentation does not only

ssign a class label to each pixel of an image, but also distin-

uishes between instances within each class, e.g., each individ-

al cell or cell nucleus from a microscopy image gets assigned

 unique ID. With the high performance of recent fully convolu-

ional neural network architectures like U-Net ( Ronneberger et al.,

015 ), semantic segmentation has also been successfully applied to

nstance segmentation tasks. However, this approach suffers from
under the CC BY-NC-ND license. 
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rawbacks due to instances being treated as connected compo-

ents in postprocessing and for adjoining instances to be sep-

rated, artificial border background pixels in between neighbor-

ng instances have to be introduced in the semantic segmentation

oss. 

In computer vision and scene understanding, e.g., to track in-

ividual persons on surveillance videos, the need for instance seg-

entation has led to methods that sequentially segment one in-

tance at a time. In ( He et al., 2017 ), all instances are first detected

nd independently segmented, while in ( Ren and Zemel, 2017 ), re-

urrent networks are used to memorize which instances were al-

eady segmented. Segmenting one instance at a time can be prob-

ematic when hundreds of instances are visible in the image, as

ften is the case with e.g., cell instance segmentation. More re-

ently proposed methods perform simultaneous segmentation of

nstances by predicting embeddings for all pixels at once ( Newell

t al., 2017; Kong and Fowlkes, 2018 ). Such embeddings have sim-

lar values for pixels within the same instance, but differ between

nstances. 

To enable tracking of segmented instances, temporal coher-

nce between frames is an important cue to preserve instance IDs

hroughout videos. By combining a novel embedding representa-

ion with a fully convolutional recurrent neural network, we have

roposed an original method for tracking instance segmentations

n our MICCAI work ( Payer et al., 2018b ). There we have shown

ow to effectively use temporal information in the form of a con-

olutional gated recurrent unit ( Ballas et al., 2016 ), implemented

n a neural network architecture based on the stacked hourglass

etwork ( Newell et al., 2016 ). In this manuscript, we extend our

reliminary work ( Payer et al., 2018b ) by improving and in more

etail describing the components of our method, more compre-

ensive exploration of the related work, as well as more extensive

xperimental evaluation. 

.1. Related work 

A critical step in many biomedical image analysis tasks is the

utomatic detection and segmentation of cells, cell nuclei, mus-

le fibers or other sub-millimeter structures from images or videos.

his task is challenging due to biological variability, constraints on

chievable signal-to-noise ratio and/or the occurrence of artifacts

uring acquisition. Earlier works addressing these challenges were

ased on handcrafted features derived from image (pre-)processing

ethods like thresholding, morphological operations, deformable

odels ( Bergeest and Rohr, 2012 ), or watershed segmentation ei-

her based on edge detection ( Wählby et al., 2004 ) or controlled by

arkers ( Carpenter et al., 2006; Veta et al., 2013 ). Comprehensive

eviews on these approaches can be found in Gurcan et al. (2009) ;

eijering (2012) , and Irshad et al. (2014) . Later, the introduction

f supervised machine learning has brought a paradigm shift in

ell detection and segmentation, as e.g., demonstrated by the ex-

ellent performance of the deep learning based cell mitosis detec-

ion method from Ciresan et al. (2013) or by recent results on colon

land segmentation ( Sirinukunwattana et al., 2017 ). 

Nowadays, deep learning based methods for cell detection and

egmentation use convolutional neural networks (CNNs), origi-

ally proposed in LeCun et al. (1998) . Within this paradigm,

arlier methods relied on formulating detection or segmen-

ation as a pixel-wise classification problem and regularizing

he pixel-wise predictions in a post-processing step (e.g. ( Song

t al., 2017; Kainz et al., 2017 )). More recently, state-of-the-

rt performance is achieved using fully convolutional architec-

ures (FCN) ( Shelhamer et al., 2017 ), e.g., the very popular U-Net

f Ronneberger et al. (2015) that extends the downsampling and

psampling paths of the FCN by connecting intermediate down-

nd upsampling levels, thus making use of context information
uring upsampling. Several segmentation and detection algorithms

ave been proposed based on variants of this paradigm, for med-

cal images in general ( Payer et al., 2019 ), or more specifically for

icroscopy images ( Kraus et al., 2016; Akram et al., 2016; Li et al.,

018; Xie et al., 2018; Raza et al., 2019 ). 

Extending the problem of semantic segmentation to instance

egmentation, where each instance of a segmented object re-

eives its own unique ID, has received a lot of interest in the

omputer vision literature. Romera-Paredes and Torr (2016) as

ell as Ren and Zemel (2017) segment each instance individu-

lly, with recurrent neural networks memorizing which instances

ere already segmented. Segmenting solely one instance at a

ime can be problematic when hundreds of instances are visi-

le in the image. Building upon R-CNN ( Girshick et al., 2014 ), in

he Mask R-CNN of He et al. (2017) all instances are first de-

ected and independently segmented. Following up on the orig-

nal U-Net method ( Ronneberger et al., 2015 ), in medical image

nalysis applications, all instances are segmented simultaneously

y performing a foreground/background segmentation and a con-

ected component analysis as a postprocessing step. These meth-

ds have to strongly focus on the borders that separate instances,

ften by introducing artificial borders in the foreground segmen-

ation groundtruth and an additional loss on these borders ( Chen

t al., 2017; Xu et al., 2017; Graham et al., 2019 ). Recent methods

n the computer vision community for simultaneously segment-

ng all instances predict the individual instances directly by en-

oding them as pixel-wise embeddings ( Newell et al., 2017; Kong

nd Fowlkes, 2018 ). These embeddings have similar values within a

egmented instance, but differ among instances, which is ensured

y an embedding loss penalizing Euclidean distance in embedding

pace ( Harley et al., 2017 ). Differently to methods performing se-

antic foreground/background segmentations, these methods do 

ot require border enhancement and connected component anal-

sis in the postprocessing step. 

In many biological and histopathological applications it is not

nly important to extract object instances, but also to track them

ver time. Here, the temporal information is an important cue

o establish coherence between frames, thus preserving instances

hroughout videos, even in the presence of cell mitosis events.

he task of cell instance segmentation and tracking has received

ttention in the form of public challenges like the ISBI celltrack-

ng challenge ( Maška et al., 2014; Ulman et al., 2017 ). Partici-

ants of such challenges use different approaches like scoring func-

ions for dynamic programming ( Magnusson and Jalden, 2012 ),

atching elliptical shapes from frame to frame ( Türetken et al.,

017 ), graph cut ( Bensch and Ronneberger, 2015 ) or proba-

ilistic graphical models ( Schiegg et al., 2015; Arbelle et al.,

018 ) for joint segmentation and tracking, or probabilistic mod-

ls based on moral lineage tracing on cell detections from an

CN ( Rempfler et al., 2018 ). 

To incorporate temporal information into the deep learning

ramework, recurrent neural networks like the long short-term

emory model (LSTM) proposed by Hochreiter and Schmidhuber

1997) or gated recurrent units (GRU) from Cho et al. (2014) have

een proposed. Recently, convolutional variants of recurrent neu-

al networks were proposed, in various domains like weather

orecasting ( Xingjian et al., 2015 ) or action recognition ( Ballas

t al., 2016 ). For incorporating temporal information into FCNs, Tao

t al. (2017) proposed to use convolutional LSTMs to increase de-

ails for video super resolution, while Tokmakov et al. (2017) use

onvolutional GRUs (ConvGRUs) to segment moving objects in

nconstrained videos. Up to our knowledge, in our preliminary

ork ( Payer et al., 2018b ) we were the first to combine a fully

onvolutional method based on recurrent neural networks with

n embedding loss in the context of instance segmentation and

racking. 
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Fig. 1. Overview of our proposed instance segmentation and tracking framework. Our novel recurrent stacked hourglass network (RSHN) generates real valued embedding 

vectors for extracting cell instances. For every input frame, the internal state s t of the RSHN is updated for the next frame in order to propagate embedding vectors and detect 

mitosis events. The images in the top row show input frames, while the images in the bottom row show three randomly chosen dimensions of the predicted embedding 

vectors as RGB channels, as well as the detected instances encoded by numbers and outlined with a white border. Cell instance IDs involved in mitosis are visualized in 

yellow ({3} → {13, 14}). (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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1.2. Contributions 

In line with our preliminary work in Payer et al. (2018b) ,

in this manuscript we contribute a recurrent fully convolu-

tional network for embedding-based instance segmentation and

tracking. To memorize temporal information, we integrate Con-

vGRUs ( Ballas et al., 2016 ) into a stacked hourglass net-

work ( Newell et al., 2016 ). Furthermore, we use a novel embedding

loss based on cosine similarities that requires only neighboring in-

stances to have different embeddings. In addition to these contri-

butions, this manuscript extends our preliminary work in the fol-

lowing ways: 

• We overcome the need to downsample high resolution images

by using a tiling strategy that now allows us to work on arbi-

trary size images. 
• We replaced the previous algorithm for clustering embeddings

with the mean shift approach, which solely requires a single

tuning parameter. 
• We provide a more in-depth description of our proposed

method and its implementation details. 
• We evaluated our proposed method on an additional in-house

dataset for muscle fiber segmentation, where our cosine em-

bedding loss shows improvements as compared to a classical

softmax cross entropy loss. 
• We considerably improved our preliminary results on the six

datasets of the ISBI celltracking challenge, which show large

variability in visual appearance, size and number of cells, thus

demonstrating the wide applicability of our approach. 

2. Instance segmentation and tracking 

Fig. 1 shows our proposed framework for instance segmentation

and tracking. To distinguish instances, they are represented as real
alued embedding vectors for each pixel at different time points.

y representing temporal sequences of embeddings in a recurrent

eural network, a predictor can be learned from the data, which

llows tracking of embeddings also in the case of events involving

ynamic structural changes, e.g., cell mitosis events. To finally gen-

rate instance segmentations and assign a unique ID for each in-

tance, we perform spatiotemporal clustering of the predicted em-

eddings implemented with a tiling strategy for overlapping image

egions and consecutive frame pairs. 

.1. Recurrent stacked hourglass network 

We use the stacked hourglass network ( Newell et al., 2016 )

s a basis for our recurrent network architecture. The hourglass

etwork is similar to the U-Net ( Ronneberger et al., 2015 ), i.e.,

t consists of convolution layers in a contracting and an expand-

ng path for multiple levels, but it additionally introduces con-

olution layers in the split connections as a parallel path. We

xchange these convolution layers in the parallel path by Con-

GRUs ( Ballas et al., 2016 ), which allow us to propagate tempo-

al video information within a fully convolutional network archi-

ecture. A schematic overview of this recurrent stacked hourglass

etwork (RSHN) is shown in Fig. 2 . Each of the ConvGRUs has its

wn internal state s t at timestep t , which has a size that is equal to

he size of its input. For t = 0 the state s t is initialized with zeroes.

ased on its current input and current value, the internal state s t 
s updated to the new state s t+1 after each timestep. Thus, by con-

ecutively providing the RSHN with individual frames, information

rom previous frames is encoded in the current state and propa-

ated to the next frame. For more information on the state update

quations, we refer to Ballas et al. (2016) . 

Differently from the original stacked hourglass network, we use

ingle convolution layers with 3 × 3 filters and 64 outputs for all
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Fig. 2. Schematic overview of our proposed recurrent stacked hourglass network (RSHN) with two hourglasses and three levels. In our implementation, we use recurrent 

stacked hourglass networks with seven levels. Yellow bars: input; blue boxes: convolutions; red boxes: ConvGRU; dashed black box: concatenation; green boxes: embeddings. 

(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 3. Visualization for coloring neighboring instances. In theory, four colors are sufficient to find a coloring of neighboring instances, such that no neighboring instances 

have the same color. The first image shows the input cells; the second image shows the four-colored groundtruth instances. The last three images show colored example 

instances and their neighbors. As long as the neighboring instances have a different color (e.g., for the instance with ID 1: S (1) is blue, N (1) is either yellow, green, or red), 

the instance is easily distinguishable. (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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L  

H

L

w

L

locks in the contracting and expanding paths. To represent states,

e use ConvGRU with 3 × 3 filters and 64 outputs in between

aths to represent states. We use max pooling with kernel size of

 × 2 as downsampling in the contracting path and nearest neigh-

or upsampling in the expanding path. For generating the next

ower or upper level, we use 2 as the down- and upsampling fac-

or. We use addition to combine the outputs of the parallel path

nd the expanding path at the corresponding levels, see Fig. 2 . 

As proposed by ( Newell et al., 2016 ), we stack two hourglasses

n a row to improve network predictions, since the second hour-

lass refines possibly erroneous predictions of the first one. There-

ore, we concatenate the output of the first hourglass with the in-

ut image to use it as input for the second hourglass. We apply

he loss function on the outputs of both hourglasses during train-

ng, while we only use the outputs of the second hourglass during

etwork inference and the clustering of embeddings. 

.2. Cosine embedding loss 

We let our RSHN predict a d -dimensional embedding vector

 p ∈ R 

d for each pixel p of an image. The embedding vectors need

o have the following two properties to allow the separation of

ll instances i ∈ I . Firstly, embeddings of pixels p ∈ S 
(i ) belonging

o the same instance i need to be similar. Secondly, embeddings

f S 
(i ) need to be dissimilar to embeddings of pixels p ∈ S 

( j) of

ther instances j ∈ I with j � = i . 

Following from the four color map theorem ( Appel and

aken, 1976 ), only neighboring instances need to have different

mbeddings in order to distinguish between them, while instances

hat are not direct neighbors may get assigned the same embed-

ing, since they are spatially distinguishable. For our proposed em-

edding loss, we relax the need of dissimilarity between all differ-

nt instances only to the neighboring ones, i.e., N 

(i ) = 

⋃ 

j S 
( j) for
ll instances j � = i , where the distance of any pixel p ∈ S 
( j) to the

enter of gravity of all pixels p ∈ S 
(i ) is less than r N . This relax-

tion simplifies the problem by assigning only a limited number

f different embeddings to a possibly large number of different in-

tances. Fig. 3 visualizes N 

(i ) and S 
(i ) for instances on an example

mage. 

For video sequences, we define the pixels p ∈ S 
(i ) and p ∈ N 

(i ) 

ot only for single frames, but for a sequence of frames with

ength l . This way, if the two properties of the embeddings are

atisfied over a sequence of frames, the embeddings of the same

nstance stay similar over the sequence of frames, while the em-

eddings of neighboring instances are dissimilar. This also holds

or instances involved in, e.g., mitosis events, which are neighbors

n time. 

We compare two embeddings e 1 , e 2 with the cosine similarity

os (e 1 , e 2 ) = 

e 1 · e 2 

‖ 

e 1 ‖ ‖ 

e 2 ‖ 

, (1)

hich ranges from −1 to 1, where −1 indicates the vectors have

he opposite, 0 orthogonal, and 1 the same direction. 

We define the cosine embedding loss for each individual in-

tance i ∈ I as 

 

(i ) = L (i ) 
S 

+ L (i ) 
N 

. (2)

ere, the first term L (i ) 
S 

is defined as 

 

(i ) 
S 

= 1 − 1 

| S (i ) | 
∑ 

p∈ S (i ) 

cos ( ̄e (i ) , e p ) 
2 , (3) 

hile the second term L (i ) 
N 

is defined as 

 

(i ) 
N 

= 

1 

| N 

(i ) | 
∑ 

p∈ N (i ) 

cos ( ̄e (i ) , e p ) 
2 , (4) 
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Fig. 4. Visualization of the merging strategy for predicting instances in overlapping 

tiles. Instances touching the border of a tile are removed, as long as the border is 

not an outer border of the whole image. If instances are predicted by multiple tiles, 

the instances with the largest area are taken. 
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with the mean embedding of instance i being defined as 

ē (i ) = 

1 

| S (i ) | 
∑ 

p∈ S (i ) 

e p . (5)

By minimizing L ( i ) , the first term L (i ) 
S 

urges embeddings e p of

pixels p ∈ S 
(i ) to have the same direction as the mean embed-

ding ē (i ) , which is the case when cos ( ̄e (i ) , e p ) ≈ 1 . Thus, this term

favors solutions, where the variation of embeddings e p of pixels

p ∈ S 
(i ) is small as compared to the mean embedding ē (i ) . The sec-

ond term L (i ) 
N 

urges embeddings e p of pixels p ∈ N 

(i ) to be orthog-

onal to the mean embedding ē (i ) , i.e., cos ( ̄e (i ) , e p ) ≈ 0 . Differently

to our preliminary work ( Payer et al., 2018b ), we now not only

use the squared cosine similarity in L (i ) 
N 

, but also in L (i ) 
S 

, which we

found to result in smoother embeddings within instances and in

faster network convergence. 

In order to distinguish between background and foreground in-

stances i ∈ I , we treat the background instance b with the same

cosine embedding loss as defined in (2) . For b we define S 
(b) to

contain all background pixels and N 

(b) to contain all other pix-

els, i.e., pixels of all annotated instances. Thus, the embeddings of

all pixels of the background are similar, while embeddings of cells

are dissimilar to the embedding of the background. To more eas-

ily identify the background region for the final clustering of the

embeddings, we do not calculate the mean embedding ē (b) for the

background b , but set it fixed to be a d -dimensional vector with

the entry 1 in the first dimension and 0 in all the other dimen-

sions, i.e., ē (b) = (1 , 0 , . . . , 0) . 

The final loss for each image is defined as the sum of the loss

of the background b and the accumulated losses for the foreground

instances i ∈ I , i.e., 

L = L (b) + 

1 

| I | 
∑ 

i ∈ I 
L (i ) . (6)

Thus, due to all foreground instances i ∈ I being neighboring in-

stances of the background instance b , minimizing this loss urges

all foreground instances to generate embeddings that are different

to the fixed background embedding ē (b) . 

2.3. Clustering embeddings into instances 

To get the final segmentations from the predicted pixel-wise

embeddings, we need to group them into individual instances.

As we know the target embedding vector ē (b) of the background

pixels, we identify the background region b as pixels p with

cos ( ̄e (b) , e p ) 
2 > 0 . 5 . For the remaining foreground pixels, i.e., pixels

of the individual instances i ∈ I , the exact values of the mean em-

bedding vectors ē (i ) are unknown. However, due to our proposed

embedding loss function, we know that for each instance i the co-

sine similarity cos (e p , ̄e 
(i ) ) 2 for pixels p ∈ S 

(i ) is ≈ 0, and for pixels

p ∈ N 

(i ) it is ≈ 1. Therefore, we determine the individual instances

by identifying cluster centers in the space of the embedding vec-

tors. As the number of instances on an image is not known in ad-

vance, we need to perform this clustering with a method that is

able to identify the number of clusters on its own. Differently to

our preliminary work ( Payer et al., 2018b ), we do not use HDB-

SCAN ( Campello et al., 2015 ), but the mean shift ( Comaniciu and

Meer, 2002 ) algorithm, modified to use cosine similarities. The

benefit of mean shift compared to HDBSCAN is that we only need

to set a single bandwidth parameter h , which is connected to the

cluster distance in embedding space. 

As in the d -dimensional embedding space the neighborhood of

pixels in the spatial domain is lost, we append the x and y coordi-

nates of p multiplied with a factor c to each embedding vector e p .

This way, the modified d + 2 -dimensional embedding vectors also

incorporate spatial information, which we found to reduce noisy
redictions on the borders of cells. Furthermore, we remove in-

tances that have an area of less than t size , which reduces wrong

redictions due to image noise, e.g., dust or speckles. 

.4. Predicting instances for variably sized images 

As our framework allows predicting of instances on images

ith variable size, as well as videos of variable length, we em-

loy a tiling strategy for overlapping images or image sequences.

xtending our preliminary work from Payer et al. (2018b) , our

roposed framework allows training and testing on images with

rbitrary pixel resolution, by employing a tiling strategy similar

o Ronneberger et al. (2015) . When training the networks, we ran-

omly crop a tile of size s from the training image, while dur-

ng inference, we split the image into multiple tiles of size s that

verlap by o pixels in x and y direction. For each tile the in-

tances are predicted as described in Section 2.3 . Due to our tiling

trategy, images no longer need to be heavily downsampled to

t the network into the limited GPU memory as it was the case

n Payer et al. (2018b) . 

To predict instances of images with arbitrary pixel resolution,

e use the following merging strategy for overlapping tiles, as vi-

ualized in Fig. 4 : Except for instances that are touching an outer

order of the image, we remove all instances that are touching a

ile border, as these instances are more uncertain due to the re-
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Fig. 5 . Visualization of merging instances for overlapping frame pairs. Embeddings 

are predicted for a sequence of frames with length l , while the embeddings of the 

last two frames of this sequence are used to generate two-frame instances. Match- 

ing instances in the overlapping frame t + 1 are visualized with red IDs, while in- 

stances involved in mitosis events ({1} → {11, 12}) are visualized in yellow. (For in- 

terpretation of the references to colour in this figure legend, the reader is referred 

to the web version of this article.) 
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1 https://www.tensorflow.org/ . 
2 http://www.simpleitk.org/ . 
3 http://celltrackingchallenge.net/participants/TUG-AT/ . 
4 https://github.com/christianpayer/ . 
uced spatial context. Moreover, for the neighboring overlapping

ile, the predictions for the same instances are more likely to be

ocated in the center of the tile, instead of touching its border. If

fter removal, for an instance there are still several instance can-

idates predicted by multiple overlapping tiles, we select the in-

tance candidate with the largest area. 

.5. Propagating instances over time 

Our framework allows predicting instances for videos of vari-

ble length, by separating videos into shorter overlapping se-

uences of length l shifted by one frame, and by matching in-

tances on two corresponding frames from consecutive overlapping

equences, see Fig. 5 . 

Due to our loss function incorporating instances over an im-

ge sequence of length l , the network is trained to predict the

ame embedding for the same instance throughout any sequence

f length l . Although the ConvGRU in our RSHN in principle allows

redicting videos of arbitrary length, for long sequences, instances

ith same embeddings that are not neighboring in the beginning

ay become neighbors at later frames due to cell movements. As

his would violate our assumption that neighboring instances have

issimilar embeddings, we predict embeddings for sequences that

ave the same length l as sequences used for training the net-

orks. At the beginning of all predicted sequences, i.e., when pre-
icting the first frame of the sequence, we initialize the states of

he ConvGRU with zeroes, such that all instances may get assigned

ew embeddings. 

As it is not allowed for an instance to disappear and reoccur

ater in time in our evaluated datasets, it is sufficient to identify

very instance for consecutive frame pairs. Therefore, we do not

luster the embeddings for the whole image sequence, but only

or the last two consecutive frames, resulting in two-frame in-

tances, with consistent IDs for same instances and different IDs

ssigned for instances involved in splits due to mitosis events.

tarting from the first sequence, we predict instances for its last

wo frames 〈 t, t + 1 〉 . Then, we match these instances with in-

tances predicted by the overlapping frame pair 〈 t + 1 , t + 2 〉 from

he next sequence, which was shifted by one frame. To achieve

his, we identify same instances in the overlapping frame t + 1 of

he frame pairs 〈 t, t + 1 〉 and 〈 t + 1 , t + 2 〉 by the highest intersec-

ion over union (IoU) between all segmented instances in the over-

apping frame. Instances that only exist in the second frame t + 2

f the matched overlapping frame pair, i.e., instances created due

o mitosis, are assigned new IDs. As a special case, to segment in-

tances for the first l − 2 frames of the whole video, we predict

equences of length 2 , 3 , . . . l − 1 and merge the instances with the

ame matching strategy. Due to noise in the microscopy images,

e additionally remove instances that exist for less than t length 

rames and correct wrongly detected mitosis events, i.e., instances

hat split and merge again within t merge frames. 

. Experimental setup 

.1. Training and implementation details 

We train the networks with TensorFlow 

1 and perform on-the-

y data augmentation using SimpleITK 

2 . For reproducing our re-

ults for the ISBI celltracking challenge, the trained network mod-

ls and code used for generating the results are available on the

hallenge’s website 3 . Additionally, we made the source code of our

raining framework publicly available 4 . We determined the train-

ng hyperparameters with initial cross-validation experiments on

he datasets. We set the network parameters of the RSHN as fol-

ows: We use hourglass networks with seven levels and an input

ize of s = 256 × 256 . The weights of each convolution layer are

nitialized with the method as described in ( He et al., 2015 ), the

iases with 0. The convolution layers, as well as ConvGRU, use

eLU ( Glorot et al., 2011 ) as an activation function. The networks

o not employ any normalization layers or dropout, but use an

2 weight regularization factor of 0.0 0 0 01. Due to the demanding

raining of recurrent neural networks, in terms of both memory

nd computational requirements, we set the mini-batch size to 1.

e train the recurrent networks for sequences of l = 8 consecu-

ive frames and for predicting embeddings of size 16. We train all

etworks with ADAM ( Kingma and Ba, 2015 ) for total 60,0 0 0 iter-

tions, while we start with a learning rate of 0.0 0 01, and reduce it

o 0.0 0 0 01 after 30,0 0 0 iterations. Training of a recurrent network

akes ≈ 7 hours on a single NVIDIA Titan V with 12 GB. Network

nference with subsequent instance prediction takes from 4.5s per

rame (dataset DIC-C2DH-HeLa, ≈ 25 instances per frame, no over-

apping tiles) to 140s per frame (dataset Fluo-N2DL-HeLa, ≈ 500

nstances per frame, 40 overlapping tiles). For the clustering with

ean shift, we set h = 0 . 1 and c = 0 . 005 . 

For training data augmentation, we change input intensity val-

es and perform spatial deformations. First, due to image noise,

https://www.tensorflow.org/
http://www.simpleitk.org/
http://celltrackingchallenge.net/participants/TUG-AT/
https://github.com/christianpayer/


112 C. Payer, D. Štern and M. Feiner et al. / Medical Image Analysis 57 (2019) 106–119 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Dataset dependent parameters for the datasets of the ISBI 

celltracking challenge. 

Dataset Resampled Size t size r N 

DIC-C2DH-HeLa 256 × 256 500 50 

Fluo-C2DL-MSC 256 × 256 100 150 

Fluo-N2DH-GOWT1 512 × 512 100 50 

Fluo-N2DL-HeLa 1100 × 700 50 10 

PhC-C2DH-U373 512 × 384 500 50 

Fluo-N2DH-SIM + 512 × 512 100 50 
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we perform Gaussian smoothing with σ = 1 for every input image.

Then, we change the image intensity values such that the mini-

mum and maximum values are approximately −1 and 1. As mi-

croscopy images may contain outliers in terms of minimum and

maximum intensity values, we calculate the robust minimum v min 

as the intensity value that is larger than 0.1% of all intensity values

of an image, and the robust maximum v max as the value that is

larger than 99.9% of all intensity values. Then, for data augmen-

tation, we randomly sample values from a uniform distribution

within the following specified intervals. We shift each intensity

value randomly by v shift = [ −0 . 65 , 0 . 65] and scale each intensity

by v scale = [0 . 35 , 1 . 65] . As our proposed framework splits the input

image into multiple tiles for inference, for training, we randomly

crop a region of the desired network size from the input image. For

the random spatial deformations in both x and y axes, we mirror

along the axis with probability f p = 0 . 5 , rotate by r = [ −180 ◦, 180 ◦]

and scale by sc = [0 . 5 , 1 . 5] . Furthermore, we employ elastic de-

formations, by randomly moving points by b = [ −10 , 10] pixels

on a grid of size g = 6 × 6 and interpolating with third order

splines. 

3.2. Evaluation metrics 

As evaluation metrics, we use the measures of the ISBI cell-

tracking challenge ( Ulman et al., 2017 ), which represent segmen-

tation (SEG), tracking (TRA) and overall performance (OP). In the

SEG measure, a groundtruth instance and a predicted instance are

considered matching, if and only if their intersection over union

(IoU) is larger than half the size of the groundtruth instance.

Note that for each groundtruth instance only one predicted in-

stance may satisfy this condition. For each groundtruth instance,

if a match was found, its SEG value is set to the IoU; otherwise,

it is set to 0. The final SEG measure is the mean value over all

SEG values of all groundtruth instances. In the TRA measure, the

groundtruth and predicted cell family trees are compared. This

metric counts the changes needed to transform the predicted tree

into the groundtruth tree. The OP measure evaluates the perfor-

mance of both segmentation and tracking combined, and is defined

as the mean of the SEG and TRA measures. For more details on the

metrics, we refer to Ulman et al. (2017) . 

4. Datasets 

We perform experiments on an in-house muscle fiber dataset

for instance segmentation, and on six datasets of the ISBI celltrack-

ing challenge for instance segmentation and tracking ( Ulman et al.,

2017 ). 

4.1. Muscle fiber dataset 

We use an in-house muscle fiber dataset involving H&E-stained

microscopy images from sheep vocal cord muscles (see Fig. 6 ) for

evaluating cell instance segmentation on still images. The dataset

was provided by the Division of Phoniatrics at Medical University

of Graz, and was collected in a project involving functional electri-

cal stimulation ( Bennie et al., 2002 ) to reverse aging induced voice

changes, i.e., presbyphonia ( Karbiener et al., 2016 ). The dataset

consists of ten images with a mean pixel resolution of 9644 × 7248

pixels, each containing several hundred muscle fiber cell instances.

To have a groundtruth for instance segmentation, pixel-wise anno-

tation of the dataset was performed by a medical student under

supervision of an expert with more than 10 years experience in

histological imaging. 

Before training the networks, we resample the images to a size

of 1024 × 1024 pixel. As all our networks work with an input size
f s = 256 × 256 , we perform the tiling strategy as described in

ection 2.4 , where the tiles overlap with o = 128 pixels. 

As this dataset does not contain tracking information, we only

valuate the SEG measure (see Section 3.2 ). 

.2. Cell tracking challenge dataset 

We use six different datasets of cell microscopy videos from the

SBI celltracking challenge ( Ulman et al., 2017 ) for evaluating cell

nstance segmentation and tracking, namely DIC-C2DH-HeLa, Fluo-

2DL-MSC, Fluo-N2DH-GOWT1, Fluo-N2DL-HeLa, PhC-C2DH-U373,

nd Fluo-N2DH-SIM+ (see Fig. 8 ). Each celltracking dataset consists

f two annotated training videos and two testing videos with im-

ge sizes ranging from 512 × 512 to 1200 × 1024 and with 48 to

38 frames. We refer to ( Maška et al., 2014 ) for details on imag-

ng and video setup. We did not evaluate our proposed algorithm

n the only remaining 2D dataset of the ISBI celltracking challenge,

.e., PhC-C2DL-PSC, due to the small cell sizes and large amount of

ell instances up to approximately a thousand, which resulted in

n increased runtime that prevented our method to generate re-

ults on the celltracking challenge servers in a reasonable amount

f time. For some datasets, the original input resolution is very

igh such that without resampling the images to a lower reso-

ution, there is not enough context information for our network.

herefore, we resample the training and testing videos for each

ataset to the sizes shown in Table 1 . As all our networks work

ith an input resolution of s = 256 × 256 , we perform the tiling

trategy as described in Section 2.4 , where the tiles overlap with

 = 128 pixels. For datasets, where we resampled the input images,

e resample the final predicted segmentations back to the original

nput resolution. As described in Section 2.5 , we predict overlap-

ing sequences of l = 8 frames and reset the states of the ConvGRU

or each overlapping sequence. We use the last two frames of each

equence for merging overlapping frame pairs and to propagate the

nstances over time (see Fig. 5 ). 

Each dataset of the ISBI celltracking challenge consists of two

ypes of groundtruth annotations, i.e., the segmentation and track-

ng groundtruth. The segmentation groundtruth is defined only on

 small number of frames of the video. For each annotated frame,

ither all cell instances, or a subset of the visible instances are fully

egmented. The tracking groundtruth is defined for all frames of

he video and contains a dot annotation inside each cell instance

hat is consistent throughout the whole video. As the instance IDs

n groundtruth images are consistent throughout the whole video

nly for tracking, but not for segmentation, we merge both track-

ng and segmentation groundtruth for each frame to have consis-

ent instance IDs. Although for most frames, there exist only the

ot annotations, we still can use the dot annotations for calculat-

ng our proposed cosine loss, as we can be sure that the dot anno-

ations are fully inside the instances to be segmented. However, for

earning the background embeddings, we can only use the frames

n which every cell is segmented. For training the networks, we

andomly choose a sequence of frames such that approximately
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Fig. 6. Example input images and instance segmentation groundtruth for our in-house muscle fiber dataset of H&E-stained microscopy images. 
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very second mini-batch includes a frame that has a segmentation

roundtruth. 

The remaining parameters for the datasets are as follows: For

emoving instances that exist for a too short time period, we

et t length = 2 . For fixing wrongly detected mitosis events, we

et t merge = 10 . Parameters that are different for each dataset are

hown in Table 1 . 

As evaluation metrics, we use the SEG and TRA measures, as

ell as the OP measure which is the mean of the former two (see

ection 3.2 ). The SEG measure is calculated on the predicted in-

tance segmentation images. For the TRA metric, the framework is

equired to identify the parent ID of each cell. As the framework

s able to identify splitting cells and to assign new instance IDs

i.e., mitosis as seen on Fig. 1 ), the parent ID of each newly cre-

ted instance is determined as the instance with the highest IoU

n previous frames. We further postprocess the cells’ family tree to

e consistent with the evaluation criteria, e.g., an instance ID may

ot be used after splitting into children. 
. Evaluation and results 

In this paper we proposed a method that performs cell segmen-

ation by representing each cell instance as an embedding vector,

s well as incorporates temporal information with recurrent layers.

We evaluate the performance of our novel cosine embedding

oss for instance segmentation on the muscle fiber dataset (see

ection 4.1 ) where we compare our loss to the method CellPro-

ler ( Carpenter et al., 2006 ), which is not learning based, and to

he widely used softmax cross entropy loss, which treats all cells

s belonging to a single foreground class (see Section 5.1 ). 

To evaluate cell segmentation and tracking performance of our

SHN architecture that incorporates temporal information by in-

egrating ConvGRU layers, we use the ISBI celltracking challenge

ataset (see Section 4.2 ). In Section 5.2 , we compare our RSHN

rchitecture with a network architecture that incorporates tempo-

al information by treating the time dimension as an additional

patial dimension, i.e., generating a volumetric input image by
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Table 2 

Results of the three fold cross validation experiment 

comparing CellProfiler that uses image processing, net- 

works trained with our proposed cosine embedding 

loss for instance segmentation, and networks trained 

with the weighted softmax cross entropy loss for fore- 

ground/background segmentation. Values show mean ±
stddev. of the SEG measure for all annotated instances of 

all ten images. 

Method SEG 

Cosine Embedding 0.911 ± 0.148 

Softmax Cross Entropy 0.886 ± 0.152 

CellProfiler ( Carpenter et al., 2006 ) 0.780 ± 0.245 

l  

k  

a  

t  

l  

a  

n

 

d  

N  

a  

C  

f  

t  

s  

H

 

h  

s  

R  

t  

n  

i

5

 

w  

t  

p  

t  

(  

o  

i  

w  

W  

a  

f

 

t  

r  

w  

i  

w  

s  

D  

P  

N  

r  

h  

d

stacking a sequence of images. We also use the same dataset and

setup to compare mean shift with different bandwidth parameters

h and HDBSCAN for clustering the embedding vectors into cell IDs,

see Section 5.3 . 

Finally, we compare our method with state-of-the-art methods

for cell segmentation and tracking by submitting results for six

datasets of the open ISBI celltracking challenge, see Section 5.4 . 

5.1. Evaluation of the cosine embedding loss 

To show the performance of the instance segmentation compo-

nent of our algorithm that is based on the cosine embedding loss,

we use the muscle fiber dataset evaluated with three fold cross

validation of distinct sets. Since in this experiment there is no tem-

poral information, we use a non-recurrent version of our stacked

hourglass network, where each ConvGRU in the parallel path is re-

placed by a single convolution layer. Using the same network ar-

chitecture, we compare our proposed cosine embedding loss for

instance segmentation with a weighted softmax cross-entropy loss

for semantic foreground/background segmentation. As for this se-

mantic segmentation loss, each cell instance must be separated,

we use the same border enhancement strategy as proposed by U-

Net ( Ronneberger et al., 2015 ), which introduces artificial borders

with high loss weight in between touching instances. We generate

artificial borders in the groundtruth and set parameters regarding

border weights according to the original U-Net paper. 

To compare to methods that are not machine learning based,

we additionally create instances with CellProfiler ( Carpenter et al.,

2006 ), which is a commonly used tool for cell instance segmenta-

tion. We carefully tested and combined different filters and mod-

ules of CellProfiler and manually tuned various parameters. The

final instances were generated from a set of parameters that we

found to deliver the best results by visual inspection. 

From the results in Table 2 , we can see that the learning based

methods deliver better results as compared to CellProfiler, while

our proposed embedding loss performs better as compared to the

softmax cross entropy loss. Specifically, starting from a baseline

in the SEG metric of 0.780 for CellProfiler, the results improve

to 0.886 for softmax cross entropy, while the networks trained

with our proposed cosine embedding loss further increase the

metric to 0.911. Thus, learning based methods drastically improve

results without requiring carefully tuned parameters. Furthermore,

without the need of introducing artificial borders in between cells

and/or adapting the loss to focus more on these artificial borders,

as often is the case for semantic foreground/background segmen-

tation ( Ronneberger et al., 2015; Chen et al., 2017; Xu et al., 2017;

Graham et al., 2019 ), our proposed loss has better performance.

This is especially the case for dense and touching cells, where in-

stances are not clearly separated, as shown in Fig. 7 . 

5.2. Evaluation of integrating temporal information 

In this experiment, we compare our RSHN architecture with

a network architecture that incorporates temporal information by

treating the time dimension as an additional spatial dimension, i.e.,

generating a volumetric input image by stacking a sequence of im-

ages. 

In order to compare different approaches of integrating time

information into convolutional neural networks, we compare our

proposed RSHN utilizing ConvGRU with a stacked hourglass net-

work that incorporates temporal information by treating the time

dimension as an additional spatial dimension of the input image.

Thus, the RSHN is compared to the network that does not prop-

agate temporal information via an internal state, but uses a volu-

metric image as input that is generated by stacking the sequence of

2D images. To obtain this network, we replaced all 2D convolution
ayers having kernel size 3 × 3 with 3D convolution layers having

ernel size 3 × 3 × 3. Additionally, we replaced the ConvGRU with

 convolution layer having kernel size 3 × 3 × 3. The networks are

rained on sequences of l = 8 frames, while we use our proposed

oss function and tiling strategy as described in Section 2 . Runtime

nd memory consumption are approximately the same for both the

etwork with volumetric kernels and the RSHN. 

We perform a two fold cross validation experiment for three

atasets of the ISBI celltracking challenge (DIC-C2DH-HeLa, Fluo-

2DH-GOWT1, and PhC-C2DH-U373), where we train on one video

nd evaluate on the other one. The remaining three datasets (Fluo-

2DL-MSC, Fluo-N2DL-HeLa, and Fluo-N2DH-SIM+) were omitted

rom this experiment, since the two training videos per dataset are

oo different either in terms of field of view (Fluo-C2DL-MSC), cell

hape (Fluo-N2DH-SIM+), or number of visible cells (Fluo-N2DL-

eLa). 

Results comparing our RSHN architecture with the stacked

ourglass network using volumetric kernels (Volumetric) are

hown in Table 3 . The results of this experiment show that our

SHN integrating time information with ConvGRU performs bet-

er in terms of both segmentation and tracking compared to the

etwork that integrates time as an additional, third dimension of

nput images. 

.3. Evaluation of clustering the embedding vectors 

In this experiment, we evaluate the influence of the band-

idth parameter h of mean shift and compare mean shift clus-

ering with the more complex HDBSCAN, which we used in our

reliminary work ( Payer et al., 2018a ). For this experiment, we use

he same cross validation setup with the same trained networks

RSHN) and predicted embedding vectors as used for the previ-

us experiment (see Section 5.2 ) and only exchange the cluster-

ng algorithms. When using mean shift, we set its single band-

idth parameter h to be one out of {0.025, 0.05, 0.1, 0.15, 0.2}.

hen using HDBSCAN, we set it up to use the same parameters

s in ( Payer et al., 2018a ). Results comparing different values for h

or mean shift and HDBSCAN are shown in Table 3 . 

The similar performance for the different values of h indicate

hat the performance of our algorithm is not sensitive to this pa-

ameter. For small values up to h = 0 . 15 the performance is similar,

hile for h = 0 . 2 neighboring cell clusters start to merge, resulting

n a performance drop in the dataset DIC-C2DH-HeLa. Therefore,

e set h = 0 . 1 for all further experiments. When comparing mean

hift with HDBSCAN, mean shift performs better in the dataset

IC-C2DH-HeLa, however, for the datasets Fluo-N2DH-GOWT1 and

hC-C2DH-U373 both clustering methods produce similar results.

evertheless, differently from HDBSCAN, which involves two pa-

ameters that are dataset dependent, our proposed mean shift

as only a single parameter h = 0 . 1 , which we set equal for all

atasets. 



C. Payer, D. Štern and M. Feiner et al. / Medical Image Analysis 57 (2019) 106–119 115 

Fig. 7. Examples for two different image tiles of the in-house muscle fiber dataset. The images on the first row show the example input image and groundtruth instance 

segmentation. For the network outputs with the embedding loss, we show three random embedding dimensions as RGB channels, while for the outputs with the softmax 

loss, we show the foreground channel. For the embedding loss, the predicted instances are colored with the mean RGB value of the embedding vectors, while for the softmax 

loss and CellProfiler, they are colored randomly. On the example on the left side, both cosine embedding loss and weighted softmax cross entropy loss deliver good results, 

while the CellProfiler outputs are noisier. The example on the right side shows results for dense instances. Here, for most cells, our proposed cosine embedding loss is able 

to detect individual instances, even when the border between cells is not visible. However, especially on the bottom right corner, we can see that the network predicts 

gradients in some cells, which lead to too many detected instances. The weighted softmax cross entropy loss has problems with detecting the individual instances, although 

the networks were trained with artificially introduced borders in between touching instances, which are weighted higher in the loss function. CellProfiler also has problems 

with dense cells, resulting in merged instances with noisy borders. 
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.4. Evaluation of cell segmentation and tracking 

In our final and main experiment, we compare to other state-

f-the-art methods for cell instance segmentation and tracking by

valuating on six datasets of the ISBI celltracking challenge test set,

hich show large variability in visual appearance, size and num-

er of cells (see Fig. 8 ). As the groundtruth annotations for the

wo testing videos of each dataset are only known to the chal-

enge organizers, each challenge participant has to submit the pre-

icted instance segmentation and tracking results, as well as the

oftware executable that has been used to generate these results.

he organizers then reproduce the results with the submitted soft-
are, perform the evaluations to calculate the individual metrics,

nd announce the results to the participant, which enables a fair

omparison of all submitted methods. 

For each of the six evaluated datasets, we trained a single

etwork on both annotated training videos using hyperparam-

ters determined with initial experiments on the training sets.

xamples for predicted embeddings and clustered instances are

hown in Fig. 8 . The results in comparison with the top perform-

ng methods of the ISBI celltracking challenge are presented in

able 4 . 

In the overall performance metric, our method achieves

ne first and one second rank, showing state-of-the-art results.
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Fig. 8. Example results of the evaluated ISBI celltracking datasets. Left: input image; middle: three randomly chosen dimensions of the embedding vectors as RGB channels; 

right: final instance segmentation. We use the merging strategy for overlapping tiles as described in Section 2.4 . However, for visualization purposes of the embedding 

vectors, we take the maximum response over all overlapping tiles, visible as straight edges inside instances. 
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Furthermore, in the tracking metric, our method ranks first in

two datasets, and second in three datasets, confirming that our

method well incorporates temporal information. For the dataset

DIC-C2DH-HeLa, which has a dense layout of cells, we improve

the results from our MICCAI work ( Payer et al., 2018b ) by 3% and

outperform all other methods by a large margin in both track-

ing and segmentation metrics. On the dataset Fluo-N2DH-GOWT1
e rank overall second, improving our previously reported re-

ults by ≈ 1%. On the datasets Fluo-N2DL-HeLa and Fluo-N2DH-

IM+, the results for the overall performance metric improved by

10% and ≈ 6%, respectively. Compared with our previous work,

he improvements in the datasets Fluo-N2DH-GOWT1, Fluo-N2DL-

eLa, and Fluo-N2DH-SIM+ are mainly due to our proposed tiling

trategy (see Section 2.4 ), where testing images are cropped into
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Table 3 

Results of the fold cross validation experiments comparing the proposed recurrent stacked hourglass network (RSHN) for individual mean shift band- 

width parameters h and the RSHN using HDBSCAN, as well as the stacked hourglass network using volumetric kernels (Volumetric). The values show 

the mean SEG, TRA and OP metric of both videos. 

Network Clustering 

Parameters 

DIC-C2DH-HeLa Fluo-N2DH-GOWT1 PhC-C2DH-U373 Overall Mean 

SEG TRA OP SEG TRA OP SEG TRA OP SEG TRA OP 

h = 0 . 025 0.781 0.933 0.857 0.777 0.975 0.876 0.722 0.935 0.828 0.760 0.948 0.854 

h = 0 . 05 0.781 0.932 0.857 0.776 0.976 0.876 0.729 0.942 0.835 0.762 0.950 0.856 

RSHN h = 0 . 1 0.780 0.924 0.852 0.777 0.976 0.877 0.748 0.951 0.849 0.768 0.951 0.859 

h = 0 . 15 0.773 0.906 0.840 0.780 0.977 0.879 0.753 0.952 0.853 0.769 0.945 0.857 

h = 0 . 2 0.685 0.845 0.765 0.778 0.976 0.877 0.753 0.951 0.852 0.739 0.924 0.831 

HDBSCAN 0.751 0.898 0.824 0.774 0.969 0.872 0.750 0.949 0.849 0.758 0.939 0.848 

Volumetric h = 0 . 1 0.735 0.918 0.827 0.779 0.973 0.876 0.626 0.929 0.778 0.713 0.940 0.827 

Table 4 

Quantitative results 5 of the ISBI celltracking challenge datasets for overall performance (OP), segmentation (SEG), and track- 

ing (TRA), as described in Ulman et al. (2017) . The superscripts (1)-(4) are used for different algorithms submitted by the 

same group. 
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verlapping tiles and processed one after the other, thus removing

he need to downsample the input images by a large factor. 

Since in the ISBI celltracking challenge only a small number of

mages are fully segmented, while in the majority of the images

ell instances are annotated with small dots in the center, our loss

ainly focuses on assigning correct embeddings to the center of

he cells. Thus, when compared to the center of the cells, the de-

ineation of their borders, which is important for the segmentation

etric, is learned from a lower amount of data. This might be the

eason why only for one dataset our method is in the top three

or the segmentation metric. Nevertheless, additionally to instance

egmentation, our loss simultaneously optimizes for instance track-

ng in order to detect mitosis events, achieving overall the best re-

ults in the tracking metric. 

. Discussion and conclusion 

In this paper we proposed a method that performs instance

egmentation by representing instances as embedding vectors. Fur-

hermore, it performs tracking of segmented instances by incorpo-

ating temporal information into a fully convolutional neural net-

ork architecture. Extending our preliminary work ( Payer et al.,

018b ), we improved our framework with a simpler clustering al-

orithm, as well as an image tiling strategy allowing arbitrary in-

ut image resolutions without the need for large downsampling

actors. We show the wide applicability of our method on an

n-house dataset involving ten high resolution H&E-stained mi-

roscopy images from sheep vocal cord muscle fibers, as well as

n six diverse datasets of cell microscopy videos from the ISBI

elltracking challenge ( Ulman et al., 2017 ), where we show state-
f-the-art results and improvements as compared to our previous

ork ( Payer et al., 2018b ). 

Our work contributes with an embedding loss that directly

redicts instances represented in an embedding space, which is

ased on cosine similarities. Our experiments show that this loss

s well suitable for cell instance segmentation and tracking, e.g., in

ection 5.1 we show that the loss function performs better than

 weighted softmax cross entropy loss, especially for dense cells.

urthermore, benefiting from the bounded and normalized values

sed for calculating cosine similarities, we successfully combined

he cosine embedding loss with recurrent neural networks to per-

orm tracking of embeddings. In contrast to the recent work of

ong and Fowlkes (2018) , who use an embedding loss based on co-

ine similarities for segmenting a small number of instances from

 static image, our loss function can also be used for tracking and

oes not require all instances to be dissimilar, but only neighbor-

ng ones. As the number of representable instances is limited by

he dimension of the embedding vectors, the requirement of only

eighboring instances being dissimilar is necessary when predict-

ng a possibly large number of instances, as e.g., is the case in cell

icroscopy images. 

Our work also contributes to cell instance segmentation and

racking with the network architecture RSHN, which integrates

emporal information with ConvGRUs. We show that integrating

emporal information as states implemented with ConvGRUs pro-

uces better results when compared to integrating temporal in-

ormation as an additional spatial dimension for volumetric net-

orks (see Section 5.2 ). Furthermore, compared to our preliminary

ork ( Payer et al., 2018b ), we simplify the clustering of embed-

ing vectors by exchanging HDBSCAN with mean shift, which pro-

uces better results, despite solely needing a single parameter that
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is set equal for each dataset (see Section 5.3 ). Additionally, our

proposed tiling strategy allows processing images with high reso-

lution, which is shown, e.g., on the large resolution H&E-stained

microscopy images (see Section 5.1 ). Due to all these contribu-

tions, we improve upon our previous work ( Payer et al., 2018b ),

and achieve state-of-the-art results on six datasets from the ISBI

celltracking challenge (see Section 5.4 ). However, it has to be noted

that the cell movements in the ISBI celltracking challenge are rel-

atively small with a large overlapping area of the cell instances in

consecutive time points. Therefore, for datasets with larger move-

ments of instances, further modification of our method might be

needed. 

In conclusion, we have shown that predicting embedding vec-

tors for instance segmentation can be successfully combined with

incorporating temporal information as recurrent networks for in-

stance tracking. In future work, we will investigate how to effec-

tively incorporate mean shift into our network, to allow end-to-

end training. Furthermore, we plan to extend our method to work

with high resolution volumetric images of dense instances, e.g.,

Berning et al. (2015) , as well as volumetric video sequences, e.g.,

Ulman et al. (2017) . 
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