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ABSTRACT

Image registration is important for analysing time-lapse live
cell microscopy images. However, this is challenging due
to significant image noise and complex cell movement. We
propose a novel end-to-end trainable deep neural network for
joint denoising and affine registration of temporal live cell mi-
croscopy images. Our network is trained unsupervised, and
only a single network is required for both tasks which reduces
overfitting. Our experiments show that the proposed network
performs better than deep affine registration without denois-
ing, and better than sequential deep denoising and affine reg-
istration. In combination with deep non-rigid registration, we
outperform state-of-the-art non-rigid registration methods.

Index Terms— Biomedical Imaging, Image Registration,
Denoising, Fluorescence Microscopy Images, Deep Learning

1. INTRODUCTION

The analysis of time-lapse temporal microscopy images of
cell nuclei plays a crucial role to better understand biological
mechanisms such as DNA replication, DNA repair, nucle-
oli assembly or viral defence. In particular, the motion of
particles within the cell nucleus is important for cellular pro-
cesses. However, the motion of these particles is composed
of their own local motion and a global movement of the cell
nucleus. This superposition makes image analysis difficult.
To compensate for the movement of the cell nucleus, image
registration can be used, which aligns each frame of an image
sequence with the first frame and allows determining the local
motion of nuclear particles.

In previous work on the registration of temporal mi-
croscopy images, often classical rigid and affine registration
methods were used (e.g., [1–5]). To cope with local deforma-
tions, classical non-rigid registration methods were proposed
(e.g., [6], [7]). However, performing non-rigid registration di-
rectly on the original images often does not yield good results,
since, for example, translation or rotation of cells generally
lead to unrealistic deformations. Thus, pre-alignment by rigid
or affine registration is necessary. In addition, classical meth-
ods often require high computation time.

Recently, deep learning approaches have been proposed,
especially for medical images (MR, CT), but not for temporal
live cell microscopy images. Since annotating data is diffi-
cult, [8] proposed a supervised affine registration network for
MR images, which is trained using synthetic data. However,
synthetic data generally differs from real data, which can
reduce the registration accuracy. Alternatively, unsupervised
methods were proposed for affine [9] and non-rigid registra-
tion (e.g., [9], [10]) of MR and CT images. However, these
methods do not perform image denoising, which is important
for live cell microscopy images since they are degraded by
strong noise.

Denoising methods can be used as a preprocessing step
to improve the image quality (e.g., [11]). In [12] a classical
method for combined denoising and registration of MR im-
ages using graph cuts was described. Recently, unsupervised
deep learning methods were proposed for denoising and im-
age reconstruction of MR images, which use registration to
exploit information from several images [13], [14]. However,
the goal of these methods is denoising or image reconstruc-
tion, but not registration. In addition, separate networks
for denoising and registration were used. Moreover, these
methods were applied to MR images, but not to temporal
microscopy images, which pose different challenges.
Contribution. In this work, we propose a novel end-to-end
trainable deep neural network named DenoiseReg for joint
denoising and affine registration of temporal microscopy im-
age sequences. DenoiseReg is trained unsupervised and thus
does not require annotated data. Another advantage is that
only a single neural network needs to be trained compared to
using separate networks for denoising and registration. This
reduces overfitting and improves practical applicability. We
applied our approach to temporal live cell microscopy im-
ages. Our experiments show that DenoiseReg can cope with
the strong noise in microscopy images and achieves better
results than deep affine registration without denoising, and
better results than sequential deep denoising and registration.
In addition, we demonstrate that combining DenoiseReg with
deep non-rigid registration performs better than state-of-the-
art non-rigid registration methods.

20
22

 IE
EE

 1
9t

h 
In

te
rn

at
io

na
l S

ym
po

si
um

 o
n 

B
io

m
ed

ic
al

 Im
ag

in
g 

(I
SB

I)
 | 

97
8-

1-
66

54
-2

92
3-

8/
22

/$
31

.0
0 

©
20

22
 IE

EE
 | 

D
O

I: 
10

.1
10

9/
IS

B
I5

28
29

.2
02

2.
97

61
50

7

Authorized licensed use limited to: ULB Darmstadt. Downloaded on June 02,2022 at 09:17:30 UTC from IEEE Xplore.  Restrictions apply. 



FC FC Resampler

Concatenate

Denoising Part Registration Part
Global Pooling + Concatenate

Fig. 1. DenoiseReg performs joint denoising and affine registration of a fixed image F and a moving image M . The parameters
are optimized by jointly minimizing the reconstruction loss Lrec and the registration loss Lreg. The white rectangles represent
feature maps obtained by a convolutional block, and FC denotes a fully connected layer. The resampler transforms the denoised
image F ′ and M ′ using the transformation matrix T .

2. METHODS

The proposed network DenoiseReg performs joint denoising
and registration of successive images of temporal microscopy
image sequences. The network consists of a denoising part
and a registration part which are trained simultaneously
(Fig. 1).

For the denoising part of DenoiseReg, we use a blind-
spot network [15]. Given a noisy image X defined over an
n-dimensional domain Ω ⊂ Rn, randomly chosen pixels are
removed using a masking scheme, generating the masked in-
put image X̃ . The network f predicts the intensity values of
the masked pixels by only considering the remaining ones in
the local neighbourhood. It is assumed that the noise is pixel-
wise independent but the actual signal is not. This yields a
denoised image X ′ = f(X̃). The used reconstruction loss is
defined by the L1-norm for the masked pixels

Lrec(X,X
′,m) =

1

|Ω|
∑
p∈Ω:

m(p)=1

|X ′(p)−X(p)|,
(1)

with m being the binary mask specifying which pixels have
been excluded, and p denoting the position. The denoising
network learns a feature representation of the local neighbour-
hood to predict the intensity value of a masked pixel. For De-
noiseReg, we suggest exploiting the feature representations of
two images of an image sequence (fixed image F and moving
image M ) for registration. For F and M the same denoising
network is used. The denoising part of DenoiseReg consists
of an encoding path and a decoding path with skip connec-
tions for better gradient flow (Fig. 1 left part). In contrast to
the U-Net [16], we use a convolutional block which consists
of two convolutional layers (kernel size 3), each followed by
a normalization layer and a ReLU activation function. After-
wards, the feature maps are downsampled using max pooling
(kernel size 2), while the number of feature maps are doubled.
In the encoding path, we downsample three times using 16 up

to 64 feature maps. Subsequently, in the decoding path, we
use nearest neighbour interpolation for upsampling, followed
by a convolutional block and the number of feature maps are
halved.

The registration part builds upon [9], where the features of
the last encoder block from the denoising network of the input
images F andM are first downsampled to a spatial dimension
of 1 using global average pooling (Fig. 1 right part). After-
wards, the downsampled features are concatenated and fed
into fully connected layers, where each layer is followed by a
normalization layer and a ReLU activation function. The or-
der of concatenation determines which image is registered to
which. The last fully connected layer outputs the affine trans-
formation parameters τ that are added to the identity transfor-
mation matrix to align the denoised images F ′ andM ′. In the
3D case, the transformation matrix TM ′→F ′ is given by

TM ′→F ′ =

 1 + τ11 τ12 τ13 τ14

τ21 1 + τ22 τ23 τ24

τ31 τ32 1 + τ33 τ34

 , (2)

and comprises 12 parameters for rotation, scaling, shear, and
translation. In the 2D case there are 6 parameters. To pre-
vent the untrained network from predicting too large values
for the transformation parameters, the predicted values are
scaled (we used 0.1). Instead of using the negative normal-
ized cross correlation as in [9], we define the registration loss
as the mean-squared-difference of the intensities between the
transformed image M ′ and the fixed image F ′

Lreg(F ′,M ′ ◦ ΦM ′→F ′) =

1

|Ω|
∑
p∈Ω

[F ′(p)− [M ′ ◦ ΦM ′→F ′ ] (p)]
2
, (3)

where ΦM ′→F ′ is the displacement field generated by TM ′→F ′ .
We block the gradients of Lreg with respect to the denoised
images F ′ and M ′ to ensure that the weight update does not
affect the denoising part which otherwise might lead to strong
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smoothing of the image structures in order to minimize Lreg .
Finally, the total loss is defined by the sum of the recon-

struction losses in (1) for the input images F and M and the
registration losses in (3) between the denoised images F ′ and
M ′ computed bidirectionally (i.e. M ′ → F ′ and F ′ →M ′):

L =
1

2
[Lrec(F, F

′,m) + Lrec(M,M ′,m)] +

1

2
[Lreg(F ′,M ′ ◦ ΦM ′→F ′) + Lreg(M ′, F ′ ◦ ΦF ′→M ′)] .

(4)

DenoiseReg is trained for 300, 000 iterations using the Adam
optimizer [17] (β1 = 0.9, β2 = 0.999) with a learning rate
of 0.0001. For pre-processing, we standardize the images to
have zero mean and unit variance, and use histogram match-
ing to cope with intensity variations. To increase the variation
of the considered small datasets, we perform data augmenta-
tion by applying random affine transformations in every iter-
ation with an execution probability of 0.3.

3. EXPERIMENTAL RESULTS

Data. Dataset A consists of two 2D microscopy image se-
quences of U2OS cell nuclei with an image size of 532×532
pixels and a sequence length of 25 (A1) and 38 (A2) frames
[18]. Dataset B comprises four 2D image sequences of HeLa
cells with an image size of about 400×300 pixels and se-
quence lengths between 30 and 42 frames [18]. Dataset C
consists of nine 3D image sequences which shows replication
foci of HeLa cell nuclei during S-phase [19]. The sequences
have a length between 5 and 13 frames and the image size is
about 27×200×175 voxels. All datasets were acquired with a
confocal microscope. Datasets A and B have been randomly
split into 80% for training, 10% for validation and 10% for
testing. Since Dataset C is small, we used all images for train-
ing. Note that we do not use ground truth transformations
for training but only the original images. Thus, our approach
is unsupervised. To select the best model from training, the
geometric registration error using key points between corre-
sponding image pairs in the validation set is employed.
Evaluation. For evaluation we use manually annotated key
points of image structures in datasets A and B. We determine
the geometric registration error as the Euclidean distance be-
tween each point pi,t at time point t and its initial position pi,1
at the first time point:

ei,t = ||pi,1 − pi,t||2, (5)

where i denotes the i-th key point. For dataset C we show
only qualitative results, since defining consistent key points
for evaluation is difficult.

Quantitative results for Dataset A are presented in Table 1.
DenoiseReg always yields much better results than deep affine
registration without denoising [9] and outperforms sequen-
tial deep denoising and deep affine registration (Deep De-
noise + Deep Affine), see the average values. For Dataset B

(Table 2), DenoiseReg performs better than deep affine regis-
tration without denoising and better than sequential deep de-
noising and deep affine registration (according to the contour
points and the interior points). This confirms that denosing is
important and that using a single network for both tasks (i.e.
using shared parameters) improves the generalizability. By
combining DenoiseReg with deep non-rigid registration (Vox-
elMorph (VM) [10]), we outperform classical state-of-the-art
non-rigid registration methods [6], [7] for both datasets (ex-
cept for Dataset B with interior points, for which we obtain
very similar results as [7]). Directly using VM (without prior
denoising and affine registration) yields much worse results.
This shows that denoising and pre-alignment are important
for deep learning-based non-rigid registration of live cell mi-
croscopy images in order to cope with the strong noise and the
movement of the cell nucleus. To further demonstrate the im-
portance of denoising, we performed affine registration of the
original images using the transformation parameters obtained
by DenoiseReg and trained VM using the original images (de-
noted as DenoiseReg* + VM). This improves the result com-
pared to only using DenoiseReg, however, the best result is
obtained by combining DenoiseReg with VM.

Sequence A1 A2
Annotator H1 H2 H3 Avg. H1 H2 H3 Avg.

Unregistered 30.17 30.75 31.29 30.74 49.42 50.20 49.05 49.55
Cont. based [6] 5.71 7.18 5.78 6.22 7.95 9.10 8.78 8.61

Opt. flow based [7] 5.69 6.47 4.26 5.47 6.45 6.78 7.86 7.03
Deep Affine [9] 35.84 34.74 36.25 35.61 27.14 26.94 26.99 27.03

VM [10] 30.32 30.92 31.52 30.92 49.22 50.04 48.95 49.40
Deep Denoise + Deep Affine 7.98 8.74 7.56 8.09 8.71 10.43 11.16 10.10

DenoiseReg (Ours) 6.90 7.86 7.22 7.33 9.53 10.10 10.47 10.03
DenoiseReg* + VM 6.79 7.81 7.08 7.23 9.39 9.98 10.52 9.96

DenoiseReg (Ours) + VM 4.05 5.14 4.45 4.55 6.14 6.85 7.27 6.75

Table 1. Registration error for Dataset A.

Contour Points
Sequence B1 B2 B3 B4 Avg.

Unregistered 18.15 6.40 9.30 8.13 10.50
Cont. based [6] 3.69 2.02 2.17 2.43 2.58

Opt. flow based [7] 3.36 1.42 1.82 1.86 2.12
Deep Affine [9] 4.68 3.15 3.11 2.07 3.25

VM [10] 10.02 2.73 4.60 3.21 5.14
Deep Denoise + Deep Affine 4.86 3.03 3.13 2.01 3.26

DenoiseReg (Ours) 4.76 3.07 3.05 2.05 3.23
DenoiseReg* + VM 3.18 2.11 2.31 1.62 2.31

DenoiseReg (Ours) + VM 2.87 1.85 1.77 1.52 2.00
Interior Points

Sequence B1 B2 B3 B4 Avg.
Unregistered 11.30 5.71 8.00 6.79 7.95

Cont. based [6] 7.92 5.22 2.76 3.04 4.73
Opt. flow based [7] 6.71 4.99 2.35 2.85 4.22

Deep Affine [9] 7.42 5.56 3.03 3.31 4.83
VM [10] 7.83 4.84 5.44 3.23 5.34

Deep Denoise + Deep Affine 7.32 5.55 3.02 3.33 4.81
DenoiseReg (Ours) 7.46 5.39 2.94 3.18 4.74
DenoiseReg* + VM 6.95 5.02 2.78 3.04 4.45

DenoiseReg (Ours) + VM 6.77 4.74 2.37 3.02 4.23

Table 2. Registration error for Dataset B.
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Qualitative results for Dataset B are shown in Fig. 2. De-
noiseReg reduces the noise while retaining the content of the
image. The contour lines and the marked key points indicate
that DenoiseReg registers the images reasonably well. The
results for Dataset C in Fig. 3 show that DenoiseReg can suc-
cessfully register 3D images.

(a) 1st frame (b) Unregistered
last frame

(c) DenoiseReg
last frame

(d) DenoiseReg +
VM last frame

Fig. 2. Registration results of DenoiseReg for dataset B (red:
contour and key points of first frame, yellow: key points of
last frame).

(a) 1st frame (b) Unregistered
last frame

(c) DenoiseReg
last frame

Fig. 3. Registration results of DenoiseReg for dataset C (slice
of a 3D image). The red lines show contours of the first frame.
Note that due to 3D registration, the slices in (b) and (c) do
not correspond.

4. CONCLUSION

We introduced DenoiseReg, a novel deep learning method for
joint denoising and affine image registration. We evaluated
our method on 2D and 3D temporal microscopy images and
showed that the proposed network performs better than deep
affine registration without denoising and better than sequen-
tial deep denoising and deep registration. In combination
with deep non-rigid registration, we outperformed state-of-
the-art non-rigid registration methods.
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