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ABSTRACT

Registration of microscopy images is an important task in biomedical applications. We introduce a deep learning
approach for non-rigid registration of cell nuclei in temporal microscopy image sequences. First, we present
a segmentation-based registration method which combines different transformation models and can cope with
strong image intensity changes. Second, as an extension, we propose a joint segmentation and registration
method which includes a cycle consistency loss and automatically determines the segmentation. Both methods
do not need labeled data for network training. The methods were applied to live cell microscopy images of cell
nuclei and yield better results than baseline methods.
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1. INTRODUCTION
Image registration is of central importance in biomedical applications and required for spatial normalization.
For live cell microscopy images, a main task is to determine the relative motion of subcellular structures (e.g.,
DNA replication structures) with respect to a cell. To achieve this, each frame of a temporal image sequence
needs to be registered to a reference frame, before performing tracking of subcellular structures. However, image
registration is challenging due to complex cell deformation and strongly varying image intensities.
In previous work, different classical methods were introduced for non-rigid registration of cell microscopy
images (e.g., Ref. 1–4). Yang et al.1 proposed an intensity-based non-rigid registration approach, and Tektonidis
et al.2 introduced a non-rigid multi-frame approach. Sorokin et al.3 presented a contour-based method using
a dynamic non-linear elasticity model. Gao and Rohr4 proposed a global optical flow model. However, these
classical methods iteratively solve an optimization problem, which is time-consuming.
Recently, there is a trend using deep learning for image registration. Such methods were used for natural
images (e.g., Ref. 5–7) or medical images (e.g., Ref. 8–14). Jaderberg et al.5 introduced a differentiable deformer
network with an image resampling layer for convolutional neural networks (CNN), which was applied to the
MNIST handwritten digit dataset. Rocco et al.6 proposed a deep learning approach for semantic matching
of natural images from the PF-PASCAL dataset (e.g., persons, bikes, cars)15 using affine transformations and
Thin-Plate Splines, where the two transformations are trained separately. Chen et al.7 improved this method
for images from the same dataset by jointly training segmentation and matching, but the segmentation result
is not used for matching. Balakrishnan et al.8 proposed an unsupervised learning framework for registration of
MR images that predicts a dense deformation field. Hu et al.9 introduced a CNN to register ultrasound and MR
images of the prostate using anatomical labels for training. Elmahdy et al.10 employed adversarial learning for
registration of prostate CT data using ground truth segmentations for training. Xu et al.11 used a joint semisupervised training scheme for registration and segmentation of MR images, where the two networks can benefit
each other. de Vos et al.12 proposed an unsupervised method based on a CNN and B-splines to register chest
CT and cardiac MR data. Mok et al.13 performed unsupervised diffeomorphic registration of MR images using
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a deep Laplacian pyramid network and an intensity-based similarity metric. Gu et al.14 used both pair-wise and
group-wise consistency to improve the registration consistency of MR data. None of these methods was applied
to live cell microscopy images which have different challenges compared to natural and medical images.
In this contribution, we introduce a novel deep learning method for non-rigid registration of cell nuclei
in temporal live cell microscopy images. First, we present a segmentation-based method for registration which
combines different transformation models and can cope with strong intensity changes by using segmented images.
Compared to the previous method in Ref. 6, which was applied to natural images, we use optical flow as a basic
transformer, combine different transformers, and train them jointly. Second, we extend this method and propose
a joint segmentation and registration method, which has the advantage that the segmentation is determined
automatically. The method directly exploits the image intensities and includes a cycle consistency constraint to
improve the result. The two tasks of segmentation and registration are trained jointly, and registration is based
on the segmentation result. Most closely related to our method are the methods in Ref. 7, 10, 11 which were
applied to natural images and CT or MR data. However, these methods do not automatically determine the
segmentation or registration is not based on the segmentation during inference. In addition, previous work did
not consider live cell microscopy images, which have different challenges compared to natural and medical images.
An advantage of our proposed methods is that labeled data of registration transformations is not required. To
our best knowledge, we are the first that employ deep learning for non-rigid registration of live cell microscopy
image sequences. We performed a quantitative performance evaluation, which showed that our methods yield
better results than baseline methods.

2. METHODS
The proposed deep learning method for non-rigid registration of temporal microscopy images of cell nuclei does
not require labeled data of registration transformations (correspondences) for training. Instead, we generate
suitable synthetic data and exploit this data for training. Below, we first introduce a segmentation-based registration method. Then, as an extension, we present a joint segmentation and registration method. Finally, we
describe the used technique for generating synthetic data.

Figure 1. Segmentation-based deep learning network.

Figure 2. Model cascade.

2.1 Segmentation-Based Registration
The proposed segmentation-based deep learning method for non-rigid registration of temporal microscopy images
uses different transformation models (affine, spline-based, optic flow-based). The network architecture is shown
in Fig. 1. The network consists of 5 convolution layers and 2 fully connected layers. For affine transformations,
the network output vector consists of 6 parameters. For spline-based transformations (Thin-Plate Splines16, 17 or
Gaussian), we use regular grid points of the source image as the control points (parameters). Then, given a pair
of segmented images and a set of n control points of the source image, the transformed control points for the
target image are predicted by the network. The output dimension of the network is 2n. Denoting the transformer
by T , the transformation parameters by θ, and all m points of the source image by Gs , then the transformed
points for the target image can be represented by Gt = Tθ (Gs ), where the ground truth parameters are denoted
1
||Tθ (Gs ) − TθGT (Gs )||22 is
by θGT . The aim is to estimate the parameters θ so that the transformation loss m
18
minimal. For optic flow-based transformations (FlowNet ), the transformation loss is computed analogously.
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Figure 3. Overview of joint segmentation and registration method.

We combine the transformation models (affine, Thin-Plate Splines,16, 17 Gaussian, FlowNet18 ) in a model
cascade and train them simultaneously. We use the following combinations: Affine-FlowNet, TPS-FlowNet,
and Gaussian-FlowNet. For the combined models, we apply the second transformation Tθ2 to the transformed source image from the first transformation Tθ1 , leading to the transformation loss for the model cascade:
1
2
m ||Tθ2 (Tθ1 (Gs )) − TθGT (Gs )||2 , where Tθ1 and Tθ2 can be any of the used transformation models (Fig. 2).

2.2 Joint Segmentation and Registration
A disadvantage of the segmentation-based non-rigid registration method described in Sect. 2.1 is that prior
segmentation of the images is necessary. Therefore, we extend this method and introduce a novel method which
performs joint segmentation and registration. This method directly exploits the image intensities and has the
advantage that the segmentation is determined automatically. The segmentation network and the registration
network are trained jointly. We also integrate a cycle-consistency constraint for registration to improve the
performance. An overview of the joint segmentation and registration method is provided in Fig. 3. For an
image pair {Is , It }, the segmentation network determines the segmentation heat maps {Segs , Segt }, which are
used for registration and for computing the cycle consistency loss. For the segmentation loss, we use the binary
cross entropy (BCE) between the segmentation heat maps of the source as well as the target image and the
corresponding ground truth segmentations:
Lseg = BCE(Segs , SegGT,s ) + BCE(Segt , SegGT,t ).

(1)

Based on the automatic segmentation result determined by thresholding the heat map from the segmentation
network, the transformer T is used to register the source image with the target image yielding the transformation
parameters θs2t . The transformation loss is defined by:
Ltrf =

1
||Tθs2t (Gs ) − TθGT (Gs )||22 .
m

(2)

In our method, we perform registration bidirectionally, i.e. we additionally transform the target to the source
image, which yields the parameters θt2s . Based on this, we define a cycle consistency loss for the segmentation
results:
Lcycle =

1
(||Segt − Segs2t ||22 + ||Segs − Segt2s ||22 )
wh
α
+
(||It − Is2t ||22 + ||Is − It2s ||22 ),
wh
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(3)

where w and h are the width and height of the image, and α is a weighting parameter. Segs2t and Segt2s are
the transformed source and target segmentation heat maps, respectively. Is2t and It2s denote the intensities of
the transformed source and target images, respectively. Thus, the loss exploits both the segmentation heat maps
and the image intensity information. The overall loss is then defined by:
L = Lseg + λ1 Ltrf + λ2 Lcycle ,

(4)

where λ1 and λ2 are used to weight the different terms.
For the segmentation network model, we use the U-Net.19 An image is fed into 4 convolution layers with
maxpooling layers. Then, four deconvolution layers are used to upsample the feature map and predict the final
segmentation, where skip-connections are used to keep the low-level information. For registration, we employ
the same network architecture as for the method in Sect. 2.1.

2.3 Generation of Training Data and Network Training
Training deep neural networks generally requires large amount of labeled data, which is not available in our
application. Therefore, we use synthetic images which are generated by random geometric deformations.6 This
provides us a large number of image pairs with ground truth for training.
Given a source image Is from the live cell microscopy image sequences, we randomly generate a set of
transformation parameters and employ a transformer on Is to obtain a target image It with the ground truth
transformation parameters θGT . As transformer we use Thin-Plate Splines (TPS).16, 17 Given the coordinates of
n control points in the source image (xi , yi ), i = 1, 2, ..., n, we randomly generate the corresponding transformed
′
′
coordinates (xi , yi ), i = 1, 2, ..., n (we used n=25). Then the parameters of TPS are determined by solving a
linear system of equations, and the transformed target image is computed by interpolation. In total, we generated
more than 100,000 image pairs.
The generated image data and transformations are used for network training. In all our experiments, we
apply the Adam optimizer with a learning rate of 0.001. For TPS and Gaussian transformations we use 5 × 5
control points. The registration and segmentation networks are trained simultaneously.

3. RESULTS
We performed a quantitative evaluation of the proposed methods based on temporal live cell microscopy image
sequences of cell nuclei acquired by a spinning disk confocal microscope.20 The data is challenging since the
image intensities change strongly over time, strong cell nucleus deformations occur, and the image noise is high.
The temporal 2D microscopy image sequences consist of 7-13 frames. We trained our methods on seven sequences
and used two sequences for testing. We resized each frame to 320 × 320 pixels (from originally 350 × 350 pixels)
by bi-linear interpolation since the network requires the image size to be divisible by 16. Segmentations are
obtained by thresholding the heat maps determined by the segmentation network (we used a threshold of 0.5).
For the overall loss in (4) we used the weights λ1 = 1.0 and λ2 = 0.1. To quantify the performance, we registered
all frames of an image sequence to the first frame (reference frame), and calculated the average Intersection over
Union (IoU) score over all frames before and after registration.
The results of the segmentation-based registration method (Sect. 2.1) are given in Table 1. It can be seen
that among the single transformation models, TPS achieves the best result and yields a relatively high accuracy. Among the combined transformation models (model cascade), TPS-FlowNet yields the best result. The
registration accuracy of both TPS and TPS-FlowNet is much better compared to the unregistered case.
The results of the joint segmentation and registration method (Sect. 2.2) are provided in Table 2. ThinPlate Splines were used as transformation model because of the superior performance in our previous experiment
(Table 1). We investigated TPS without cycle consistency loss (TPS-Joint) and with cycle consistency loss (TPSJoint-Cycle). The performance was quantified by the segmentation IoU between the predicted segmentation and
the ground truth segmentation, and also by the registration IoU between the transformed segmentation and the
target segmentation. It can be seen that using the cycle-consistency loss improves the result. It also turns out
that the result of the joint segmentation and registration method is similar to that of the segmentation-based
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Table 1. Results of segmentation-based registration methods.

Method
Unregistered

Registration IoU
0.865

Affine
Gaussian
TPS

0.910
0.929
0.951

Affine-FlowNet
Gaussian-FlowNet
TPS-FlowNet

0.950
0.958
0.971

registration method, but has the advantage that the segmentation is determined automatically. An example
registration result for two different time points of a microscopy image sequence is displayed in Fig. 4. It can be
seen that the automatically determined segmentation result is quite accurate (overlay of the original images in
red transparent, see Fig. 4 left) and that the source image is well registered to the target image (represented by
the red segmentation contour, see Fig. 4 right).
Table 2. Results of joint segmentation and registration methods.

Method

Segmentation IoU

Registration IoU

-

0.865

TPS-Joint

0.968

0.938

TPS-Joint-Cycle

0.972

0.952

Unregistered

Figure 4. Result of joint segmentation and registration method. (Left) Original images (time points 1 and 5) with overlaid
segmentations in transparent red. (Right) Unregistered and registered source image overlaid with the automatically
determined segmentation contour of the target image.

4. CONCLUSION
We proposed a novel deep learning method for non-rigid registration of cell nuclei in temporal live cell microscopy image sequences. First, we described a segmentation-based registration method. Second, we extended
this method and introduced a joint segmentation and registration method which automatically determines the
segmentation and integrates a cycle consistency constraint. Both methods do not need labeled data due to utilizing synthetic data for training. The experiments demonstrate that the proposed methods yield better results
than baseline methods, and that the cycle consistency constraint improves the registration result.

Proc. of SPIE Vol. 12032 120321B-5
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 06 Jun 2022
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use

ACKNOWLEDGMENTS
Support of the DFG (German Research Foundation) within the SPP 2202 (RO 2471/10-1, CA 198/15-1) is
gratefully acknowledged.

REFERENCES
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