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Abstract

3D deconvolution is a challenging problem faced by as-
tronomers and micrsoscopists. The goal of deconvolution
algorithms is to reverse the effects of convolution on the
observed data. Convolution can be understood as a blur-
ring operation on the ground truth that results in a rel-
atively blurred/unclear observation. It is challenging to
model the exact convolution operation because of various
factors like noise, optical aberrations and the complexity
of optical setup. The Point Spread Function (PSF) is the
impulse response of the imaging system which helps us to
model a major part of the image forming process.

In this report, we look at various methods used for de-
convolution of 3D microscopy images. In particular, we
compare the performance of typical non-blind iterative al-
gorithms like Richardson-Lucy (RL) and Alternating Direc-
tion Method of Multipliers (ADMM) that require knowl-
edge of the PSF. The second set of techniques are based
on Deep Learning methods that use Convolutional Neural
Networks (CNNs) to learn a non-linear mapping from the
observed data to the ground truth. In this context, we con-
sider two network architectures and analyze the results of
all the methods.

1. Introduction

Three dimensional (3D) deconvolution is used to deblur
micrsoscopy images by eliminating the out-of-focus light.
The amount of blur in spatially variant in most optical sys-
tems because of the spatially varying PSF of the micrso-
cope. Usually the PSF doesn’t vary much in the lateral di-
rection but varies more strongly in the axial direction. This
is because most optical aberrations like spherical aberra-
tion, axial color, coma and astigmatism have a stronger ax-
ial component in typical imaging systems. Moreover, most
3D microscopes scan lateral planes at regular axial inter-
vals. This causes further under-sampling along the axial (z)
direction and leads to pooretr axial resolution. The lateral
resolution is usually determined by the numerical aperture

of the objective, effective magnification of the system, pixel
size and the wavelength of light.

Typical algorithms used for deconvolution like RL,
ADMM try to formulate the image formation process as a
linear convolution with the optical PSF which is then trans-
formed by a Poisson process. This is usually a good as-
sumption in the case when the Shot noise is the dominat-
ing term and the Gaussian noise is minimal and holds good
for most microscopes. Both the algorithms then iteratively
try to minimize the residual between the ground truth by
estimating the effects of convoltuion. ADMM is a much
more powerful proximal-operator based optimization tech-
nique that can help us model different terms like data fi-
delity, noise model and sample-specific prior. ADMM tries
to decouple these terms and optimize them separately in or-
der to minimize the cost function.

However, both the above methods do not specifically ad-
dress the issue of sub-sampling along the axial direction. In
this report, I have tried to implement two different methods
which employ CNNs and train them to perform deconvolu-
tion. The idea is to train the network to directly learn the
mapping from the observed data to the ground truth without
explicitly giving any image formulation model for noise.
However, there are certain assumptions made about the PSF
of the system. Before we discuss the methods in detail, let
us understand the image formulation models used.

1.1. Image Formation and Convolution

The 3D captured dataset, M (r), is created by recording
optical sections of the three dimensional volume at differ-
ent focal planes. Let PSF(r) be the 3D PSF associated
with the microscope system. Assuming linearity, the rela-
tionship between M (r) and the 3D sharp object, O(r), can
be represented as a convolution operation:

M) = f O(s)PSF(r — s)ds M
— O(r) @ PSF(r) @)

M(r),O(r), PSF(r) are 3D matrices written as b, x, c,
respectively, since the captured data is discrete. The convo-



lution operation can now be represented as:

b=cx*xx 3)

Now, we represent the convolution kernel c as a block-
circulant matrix A such that

b=Ax 4

We have therefore incorporated the PSF of the optical
system in this model. However, we also have noise due
to detection at the sensor and emission by the fluorescent
dyes. Both of these processes can be modelled by a possion
process. Thus we can write,

b = P(Ax) (5)

For Isonet, we consider a slightly modified version of the
image formation model which also includes a subsampling
operator along with this image formation process.

1.2. Dataset

The dataset used for all experiments is taken from Cell
Imaging Library which is an open-source repository for im-
ages of biological specimen. The dataset [2] shows mi-
crotubules in a Drosophila S2 cell. It contains a stack of
44 wide-field (WF) images and 44 structured-illumination
(SIM) images of size 1904x1900 which makes the volume
size to be 1904x1900x44. Due to limitations of computing
power and ease of iterating, the images were resized in the
lateral directions. Some basic image thresholding and cor-
rections were made with exisiting pipelines in Fiji (ImagelJ)
[5]. It is a reasonable assumption to make that the SIM im-
ages are the ground truth and the the WF images are blurred
observed data.

2. Methods for Deconvolution
2.1. Richardson-Lucy

Richardson-Lucy deconvolution is very widely used in
microscopy because of its simplicity and effectiveness for
Poisson noise. Using the same formulation as above,
the Richardson-Lucy deconvolution in 3D with a Total-
Variation (TV) prior gives us an iterative update strategy
as [3]:
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In our implementation, because of the large scale of
problem, we do not implement the total variation prior and
instead use A = 0. Richardson-Lucy algorithm usually
takes more number of iterations to converge.

2.2. Alternating Direction Method of Multipliers

ADMM is a variant of the augmented Lagrangian
scheme that uses partial updates for the dual variables which
is why it is a very popular and powerful technique for op-
timization. We can pose deconvolution [8] as an ADMM
problem by considering the following optimization prob-
lem. Proximal methods have been shown to perform better
than RL for large-scale problems by converging to a lower
residual in fewer iterations and also by being more flexible
towards the choice of prior.[6]

minimize )" gi(z:) = g1(21) + 82(22) + g3(23)
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Here the goal is to minimize the cost function which in-
cludes the negative log-likelihood of the Poissonian obser-
vations, the non-negativity constraint and the prior (if used)
respectively. D is the differential convolution operator and
depends on the regularization/prior used.

The solution to this optimization problem can be itera-
tively found using ADMM as:

Initialization: X;,; =b,v=z=u=0,p >0
for k = 1 to MaxlIter

X ¢ ProX,,,(v), v=z—u
Z < prox, ,(v), v=Kx+u
us—u+Kx—z

end

2.3. Super-Resolution Convolutional Neural Net-
work

Recently, CNNs have shown great promise in creating
super-resolved images from low-resolution input images.
This is achieved by training a neural network with many
such pairs of low resolution, high resolution images. The
idea is that the network learns a non-linear mapping be-
tween features of the low-resolution inputs and the cor-
responding features in the high-resolution space. This il-
lustration taken is taken from the Super-resolution CNN
(SRCNN) paper [4] and shows intuitively how the network
works.
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The network architecture was adapted as-is from the pa-
per with the values f1 = 9,f2 = 1,f3 = 5,nl =
64,n2 = 32 for the filters and number of layers. For this



work, I applied a naive 2D SRCNN model frame-by-frame.
Then the output was stacked together. There were two sets
of training images used. First one were natural images pro-
vided in the supplemental information of the original paper.
For the second test, I chose to train the neural network on
half of the images and used the other half as the test set. For
each layer, ReLU activation was used and the exact protocol
mentioned in the SRCNN paper was followed.

2.4. Isonet

Uptil now, we have not considered the down-sampling
in the axial (z) direction because of the stretched PSF and
also due to the mechanical scanning modality along z-axis
for most micrscopes. Both these affect the axial resolution
to decrease by a factor of 2 to 4. Recently, two new CNN
architectures were proposed for deconvolution [7] which try
to solve a super-resolution problem on sub-sampled data
and adeconvolution problem to counter the effects of the
optical PSF by exploiting the anisotropy of resolution along
the lateral and axial directions.

The Isonet protocol can be intuitively under-
stood with the help of the below illustration.
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Figure (a) shows how the lateral and axial resolution
is different. Figure (b) shows the network architecture of
Isonet-2. First, a rotated PSF is considered that is used to
convolve the lateral slices to estimate the sub-sampled axial
slice. Then such training sets are passed to the network to
train the model to quantify the anisotropy. To understand
the exact procedure, let us consider a revised image forma-
tion model as shown below.

g:P[Sg(h@Jf)] +7 Py :So(il@’gzy)

Ce4,99 —C3255 —Ci55 —Cr,1,1

L= Z —[201ogyp max gzy,n — 1010gy |gzy,n — .‘}wy,n‘z]

n

Here we assume that the ground truth (f) gets convolved
with the PSF (h) and is then sub-sampled by the slicing op-
erator S,. Pgy is the inverse map which is found by con-
volving the axial slice with a rotated PSF (ﬁ). The loss func-
tion L is then minimized to train the model which basically
tries to minimize the pixel wise PSNR. g, is the output of
the network when applied to p,,,.

The two architectures can be summa-

rized  with  conventional notation as  below:
Cup : Convolutional layer with n filters of size (w, h)
M,, : Max pooling layer with a subsample factor of (p, ¢)
U,, : Upsampling layer with a subsample factor of (p, q)
Isonet-1 : Cyo0 — Cios5 — Crss — Crix

Here, the first layer extracts features and maps the output non-linearly to resulting image estimate.

Isonet-2 : Ciory — Moy — Cyony — My — Cyq0 — Uss — Csogg = Uss — Cignr — Cia

3. Results and Discussion

Let us first take a look at the initial dataset. The below
images are the Widefield (blurred) and SIM (ground truth)
images in the focal stack. Clearly the spatial resolution is
higher in the SIM image.

(a) WF (b) SIM

The results of all the methods are given in the table be-
low.

3.1. Typical methods

Both RL and ADMM techniques work very well for
Poissonian noise which is observed in this dataset. They
also converge smoothly. The algorithms were run for 100
iterations both. The convergence plots and log of residual
plots are also shown. It can be clearly seen that ADMM
converges much faster than RL and hence use of proximal
algorithms is better than conventional algorithms for large
scale problems. Although 100 iterations of ADMM require
more time, we can see that it converges to a decent resid-
ual value in fewer iterations. p was chosen to be 0.25 for
the given dataset. Please note that these are the maximum
intensity projections of the 3D stack.

Algorithm | PSNR | Time(s)
RL 20.842 326
ADMM 22.151 418

3.2. Deep Learning based methods

Deep learning based approaches are expected to be more
flexible and robust as they try to learn the mapping from
observed data to ground truth directly and create a sample
specific prior automatically. I tried two things with the SR-
CNN model. First, I tried to see if I can directly use natural
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images for training the model and apply it for deconvolution
of WF images. However, as expected this method performs
very poorly because there is a lot of difference between nat-
ural images and microscopy data. The distribution of data
is significantly different in real world and micrsocopy . To
see the effectiveness of a naive SRCNN, I tried to train the
network using half of the dataset and then used it for decon-
volving the other half of the dataset. It is also important to
note that the training data for both the SRCNN implementa-
tions was limited and not sufficient for deep networks. Bet-
ter performance can be expected if we have more training
data.

Isonet performs better than SRCNN as expected. As per
the the paper [7], it is also clear that a Isonet-2 will give

better results than Isonet-1. However, it is still sub-optimal
because it assumes that the PSF is constant throughout the
volume and is not true for this dataset. Usually it is not true
for any microscopy setup but is not a terrible approximation.

Method PSNR | Approx. Training Time (min)
Naive SRCNN | 18.192 6
Isonet-1 23.151 13

We note that although the training process takes time,
inference is much faster.

4. Conclusion

To summarize, we saw how novel techniques like deep
learning with CNNs can be used to solve complex prob-
lems like 3D deconvolution effectively. Such methods can
also be modified for other problems like segmentation, fea-
ture extraction and custom analysis on 3D datasets. We also
show comparison of the performance of the algorithms.

5. Future work

For this project, I estimated the PSF using the
blind deconvolution algorithm used by MATLAB’s
deconvblind function to estimate the PSF [1]. However,
since we know the ground truth and the observed data, we
could have formulated it using a primal-dual problem. This
would have let us model the PSF and noise model more ef-
ficiently as blind deconvolution does not guarantee that the
resulting PSF is the actual PSF. I would also like to work on
better CNN architectures for image segmentation and de-
convolution. Also since there is no ground truth available
in microscopy, it is also interesting to try simulating sam-
ples and then training the model with the simulated samples
with different range of noise and PSF so as to make the ar-
chitecture more general and not sample specific. It would be
also interesting to see the robustness of the model by using
a model to deconvolve different datasets.



6. Hardware and Software

MATLAB 2017a was used for implementing RL and
ADMM. SRCNN and Isonet was implemented using
Python and tensorflow-gpu as the neural network frame-
work. Keras was used to wrap the tensorflow model.
System configuration - 16GB RAM, 6GB Nvidia 1060
GPU, Intel(R) Core(TM) i7-7700HQ CPU @ 2.80GHz
processor. OS - Linux Ubuntu 16.04 LTS 4.13.0.27
generic - Xenial Xerus. All the codes have been uploaded
to github (https://github.com/abhijit-15/Deconvolution3D).
Some operations like image thresholding, image correction
wer done with the open source ImageJ software (also known
as Fiji). Please feel free to reach out to me in case of any
issues.
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