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ABSTRACT

Image denoising and artefact removal are complex inverse problems admitting mul-
tiple valid solutions. Unsupervised diversity restoration, that is, obtaining a diverse
set of possible restorations given a corrupted image, is important for ambiguity
removal in many applications such as microscopy where paired data for supervised
training are often unobtainable. In real world applications, imaging noise and
artefacts are typically hard to model, leading to unsatisfactory performance of
existing unsupervised approaches. This work presents an interpretable approach
for unsupervised and diverse image restoration. To this end, we introduce a capable
architecture called HIERARCHICAL DIVNOISING (HDN) based on hierarchical
Variational Autoencoder. We show that HDN learns an interpretable multi-scale
representation of artefacts and we leverage this interpretability to remove imaging
artefacts commonly occurring in microscopy data. Our method achieves state-
of-the-art results on twelve benchmark image denoising datasets while providing
access to a whole distribution of sensibly restored solutions. Additionally, we
demonstrate on three real microscopy datasets that HDN removes artefacts without
supervision, being the first method capable of doing so while generating multiple
plausible restorations all consistent with the given corrupted image.

1 INTRODUCTION

Deep Learning (DL) based methods are currently the state-of-the-art (SOTA) for image denoising
and artefact removal with supervised methods typically showing best performance (Zhang et al.,
2017} [Weigert et al., 2017 |Chen et al.l 2018; [Delbracio et al., |2020). However, in order to be trained,
supervised methods need either paired high and low quality images (Zhang et al., 2017; Weigert et al.,
2017} |Delbracio et al.,[2020) or pairs of low quality images (Lehtinen et al.| 2018; Buchholz et al.,
2019). Both requirements are often not, or at least not efficiently satisfiable, hindering application of
these methods to many practical applications, mainly in microscopy and biomedical imaging. Hence,
unsupervised methods that can be trained on noisy images alone |[Krull et al.{(2019); |Batson & Royer
(2019); Xie et al.| (2020); |Quan et al.|(2020) present an attractive alternative. Methods additionally
using models of imaging noise have also been proposed (Krull et al., [ 2020; |Laine et al., 2019; Prakash
et al.| 2019b) and can further boost the denoising performance of unsupervised models.

Still, unsupervised methods suffer from three drawbacks: (i) they fail to account for the inherent
uncertainty present in a corrupted image and produce only a single restored solution (i.e. point
estimation)|'| (i¢) they typically show weaker overall performance than their supervised counterparts,
and (#i¢) they are, by design, limited to pixel-wise noise removal and cannot handle structured noises
or other image artefacts (spatially correlated noise).

Recently, the first of these drawbacks was addressed by DIvNOISING (DN) (Prakash et al., [2021)
which proposed a convolutional Variational Autoencoder (VAE) architecture for unsupervised de-
noising and generates diverse denoised solutions, giving users access to samples from a distribution
of sensible denoising results. But DN exhibits poor performance on harder (visually more com-
plex and varied) datasets, e.g. diverse sets of natural images. Additionally, it does not improve on

"This is also true for supervised methods.
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the performance achieved with other unsupervised denoisers on existing microscopy benchmark
datasets (Prakash et al., 2021), where supervised methods, whenever applicable, lead to best results.
Last but not least, DN does not address the problem of artefact removal (structured noise removal).

We hypothesize that the performance of methodsikeis limited by the use/AE architecture,

which can neither capture longer range dependencies, nor the full structural complexity of many
practically relevant datasets. Although more expressive hieraré¥dal(HVAE) architectures have

been known for some time in the context of image generation (Sgnderby et al., 2016; Maalge et al.,
2019; Vahdat & Kautz, 2020; Child, 2021), so far they have never been applied to image restoration
or denoising. Besides, well performit)/AE architectures are computationally very expensive,
with training times easily spanning many days or even weeks on multiple modern GPUs (Vahdat &
Kautz, 2020; Child, 2021). Hence, it remains unexplored if more expreBRMeE architectures

can indeed improve unsupervised image restoration tasks and if they can do so ef ciently enough to
justify their application in practical use-cases.

Contributions. In this paper, we rstintroduce a new architecture for unsupervised diversity denoising
calledHIERARCHICAL DIVNOISING (HDN), inspired by laddeWAEs (Sgnderby et al., 2016), but
introducing a number of important task-speci ¢ modi cations. We show thBiN is considerably
more expressive thadN (see Fig. 2), leading to much improved denoising results (see Fig. 1), while
still not being excessively computationally expensive (on a comé@B Tesla P100 GPU training

still only takes aboufl day). Most importantly thoughiIDN leads to SOTA results on natural
images and biomedical image data, outperforn@pgpular unsupervised denoising baselines and
considerably closing the gap to supervised results (see Table 1).

Additionally, we investigate the application of diversity denoising to the removal of spatially correlated
structured noise in microscopy images, an application of immense practical impact. More speci cally,
we show thaHDN, owing to its hierarchical architecture, enforces an interpretable decomposition of
learned representations and we devise an effective approach to remove structured noise in microscopy
data by taking full advantage of this interpretable hierarchical representation. We showcase this on
multiple real-world datasets from diverse microscopy modalities, demonstrating that our method is
an important step towards interpretable image restoration and is immediately applicable to many
real-world datasets as they are acquired in the life-sciences on a daily basis.

Related Work.Apart from the DL based works already discussed earlier, classical methods such as
Non-Local Means (Buades et al., 2005) and BM3D (Dabov et al., 2007) have also found widespread
use for denoising applications. A detailed review of classical denoising methods can be found
in Milanfar (2012). An interesting unsupervised DL based image restoration method is Deep Image
Prior (DIP) (Ulyanov et al., 2018) which showed that convolutional neural networks (CNNs) can
be used to restore corrupted images without supervision when training is stopped at an apriori
unknown time before convergence. Methods such as DIP (or other methods that require training
for each input image separatetyg SELF2SELF (Quan et al., 2020)) are, however, computationally
demanding when applied to entire datasets. Diversity pixel denoising baséies was introduced

by DN (Prakash et al., 2021), and a similar approach using GANs by Ohayon et al. (2021).

For structured noise removal, Broaddus et al. (2020) extended Krull et al. (2019) to speci cally
remove structured line artefacts that can arise in microscopy data. Their method needs exact apriori
knowledge about the size of artefacts, which cannot span more than some connected pixels. Dorta et al.
(2018) model structured noises as the uncertainty in/tié decoder represented by a structured
Gaussian distribution with non-diagonal covariance matrix which is learned separately by another
network. Jancsary et al. (2012) learn a structured noise model in a regression tree eld framework.
Unlike these approaches, we take an interpretability- rst perspective for artefact removal and remove
artefacts even without having/learning any structured noise model.

2 THE IMAGE RESTORATIONTASK

The task of image restoration involves the estimation of a clean and unobservablessignal

respective pixel intensities in the image domain. In general, the reconstructed image comes from
solving an inverse imaging problem giving by the forward model,

y Apq e 1)
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whereA is the forward operator (tomography, blurring, sub-sampling, etés)noise in the measure-
ments typically assumed iid, anydis the noisy measurements. An image reconstruction algorithm is
needed to recover an estimatiwrf s from the noisy measurements

Typically, the image reconstruction is obtained through an optimization formulation, where we seek a
solutionx that ts the observed values and is compatible with some image Brior

x argmin}Aps'y ¥} R g 2

wherestis the auxiliary variable for the signal being optimized for an¥ 0 s related to the level

of con dence of the prioR. There exists an extensive amount of work de ning image priors (Rudin

et al., 1992; Golub et al., 1999; Bruckstein et al., 2009; Zoran & Weiss, 2011; Romano et al., 2017;
Ulyanov et al., 2018).

Without loss of generality, we can decompose the reconstructed image as n, wheren is

the residual (noise) between the ideal image and the reconstructed one. Generatlis¢heon

the reconstruction is composed of pixel-noise (such as Poisson or Gaussian noise) and multi-pixel
artefacts or structured noise that affect groups of pixels in correlated ways. Such artefacts arise
through dependencies that are introduced by the adopted reconstruction technique and the domain-
speci c inverse probleme.g tomography, microscopy, or ISP in an optical camera). For example,
consider the case where the reconstruction is done using Tikhonov regularRasign} s}?, in the

particular case of linear operator. In this case, the solutionto Eqk2sATA | q *ATy. Thus,
x pATA 1 glATAs pATA 1 gq!ATe s n; 3)
where
n ppATA 1 q!ATA I pATA 1 qlATe 4)

The reconstructed image is affected by colored noise (term in Eq. 4 dependigao also by a
structured perturbation introduced by the reconstruction method (term in Eq. 4 depending bis
structured perturbation appears even in the case when the measurements are noiseless. Accurately
modeling the noise/artefacts on the reconstructed image is therefore challenging even in the simplest
case where the reconstruction is linear, showing that structured noise removal is non-trivial.

In Section 5, we deal with image denoising where noise conributjdo each pixek; is assumed

to be conditionally independent given the sigsali.e. ppn|sq ~ ; pmilsiq(Krull et al., 2019). In

many practical applications, including the ones presented in Section 6, this assumption does not hold
true, and the noise is referred to as structured noise/artefacts.

3 NON-HIERARCHICAL VAE BASED DIVERSITY DENOISERS

Recently, non-hierarchicMAE based architectures (Kingma & Welling, 2014; Rezende et al., 2014;
Prakash et al., 2021) were explored in the context of image denoising allowing a key advantage of
providing samples® drawn from a posterior distribution of denoised images. More formally, the
denoising operation of these modélscan be expressed iy pxq  s¢  pps|xq where are the

model parameters. In this section, we provide a brief overview of these models.

Vanilla VAEs. VAEs are generative encoder-decoder models, capable of learning a latent representa-
tion of the data and capturing a distribution over inpu{&ingma & Welling, 2019; Rezende et al.,
2014). The encoder maps inputo a conditional distributiolq z|xqin latent space. The decoder,

g rzg takes a sample from z|xgand maps it to a distributiop px|zqin image space. Encoder

and decoder are neural networks, jointly trained to minimize the loss

L. ™a Eq e’ l0gp mlzgs KLpg Eixdlpegq LT g L“xqg  (5)
with the second term being the KL-divergence between the encoder distriluigrgand prior
distributionppzq (usually a unit Normal distribution). The network parameters of the encoder and
decoder are given by and , respectively. The decoder usually factorizes over pixels as

IN
P X|zq P Xilzg (6)
i1
with p X;|zgbeing a Normal distribution predicted by the decoderepresenting the intensity of
pixeli, andN being the total number of pixels in image The encoder distribution is modeled in a
similar way, factorizing over the dimensions of the latent spadeerformance of vanill¥ AEs on
pixel-noise removal tasks is analyzed and compared to DN in Prakash et al. (2021).
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DivNoISING (DN). DN (Prakash et al., 2021) is\AE based method for unsupervised pixel noise
removal that incorporates an explicit pixel wise noise magg/px|sqin the decoder. More formally,

the generic Normal distribution over pixel intensities of Eq. 6 i replaced with a known noise model
pnm X |sqwhich factorizes as a product of pixels. pnmpx|sq ,N pnmXi|Si g and the decoder
learns a mapping frora directly to the space of restored imagies,g pzq s. Therefore,

P X|zq pnviX|9 ZAq (7

The loss of DN hence becomes
N
L; ™a Eg gxq logppxilg aq  KLpg melxqlpreaq LT pq
i1
Intuitively, the reconstruction loss in Eq. 8 measures how likely the generated image is given the noise
model, while the KL loss incentivizes the encoded distribution to be unit Noridlis the current
SOTA for many unsupervised denoising benchmarks (particularly working well for microscopy
images), but performs poorly for complex domains such as natural image denoising (Prakash et al.,
2021).

LKL

xg (8)

4 HIERARCHICAL DIVNOISING

Here we introduce a new diversity denoising setup cale&eRARCHICAL DIVNOISING (HDN)

built on the ideas of hierarchic®AEs (Sgnderby et al., 2016; Maalge et al., 2019; Vahdat & Kautz,
2020; Child, 2021).HDN splits its latent representation overj 1 hierarchically dependent
stochastic latent variables t zq;z5;:::;zou. As in (Child, 2021)z, is the bottom-most latent
variable (see Appendix Fig. 5), seeing the input essentially in unaltered form. The top-most latent
variable isz,, receivingam 1times downsampled input and starting a cascade of latent variable
conditioning back down the hierarchy. The architecture consists of two patimttan-uppath and a
top-downpath implemented by neural networks with parameteagd , respectively. Théottom-up

path extracts features from a given input at different scales, whileidownpath processes latent
variables at different scales top-to-bottom conditioned on the latent representation of the layers above.

The top-downnetwork performs a downward pass to compute a hierarchical priwq which

factorizes as
n 1

PrEq pmE.g P ElZ;ig ©)
i1
with each factop z;|z;; igbeing a learned multivariate Normal distribution with diagonal covari-
ance, and;; ; referring to allz; withj j i.

Given a noisy inpuk, the encoder distributiog pz|xqgis computed in two steps. First thettom-up
network performs a deterministic upward pass and extracts representations from noisyahpath
layer. Next, the representations extracted byttipedownnetwork during the downward pass are
merged with results from thizottom-upnetwork before inferring the conditional distribution
n 1
a Elxq qmllxq q; m®lz;ixg (10)
i

The conditional distributiop px|zgis described in Eq. 7. The generative model along with the prior
p rzgand noise modeghyw X |sgdescribes the joint distribution

P PZ;X;sq  PnmPX|sop ps|zep peq (11)
Considering Eq. 7 and 9, the denoising loss function for HDN thus becomes
n 1
L: Xq LF;{ xq KLpg e |xqllp mznqq Eq rz ixo KL P, milzy 05 xallp mzilz;; igas
i1
| (12)

with LFf pxqbeing the same as in Eq. 8. SimilarlN, the reconstruction loss in Eq. 12 measures
how likely the generated image is under the given noise model, while the KL loss is calculated
between the conditional prior and approximate posterior at each layer.

Following Vahdat & Kautz (2020); Child (2021), we use gated residual blocks in the encoder and
decoder. Additionally, as proposed in Maalge et al. (2019); Liévin et al. (2019), our generative
path uses skip connections which enforce conditioning on all layers above. We also found that
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Figure 1:Qualitative pixel-noise removal with HIERARCHICAL DivNoIsING (HDN). For a subset of the
datasets we testétbws), we show denoising results for one representative input image. Columns show, from left
to right, the input image and an interesting crop region, resul@ARE, two randomly choseRi DN samples,

a difference map between those samples, the per-pixel variad@® dfverse samples, tHdMSE estimate
derived by averaging thed®0 samples, and the ground truth image.

employing batch normalization (loffe & Szegedy, 2015) additionally boosts performance. To avoid
KL-vanishing(Bowman et al., 2015), we use the so callezk-bitsapproach (Kingma et al., 2016;
Chen et al., 2016), which de nes a threshold on the KL term in Eg. 12 and then only uses this term
if its value lies above the threshold. A schematic of our fully convolutional network architecture is
shown in Appendix A.1.

+
Noise Model.Our noise model factorizes @gmpx|sq ,N pnm Xi |Si g implying that the corrup-
tion occurs independently per pixel given the signal, which is only true for pixel-noises (such as
Gaussian and Poisson). Pixel noise model can easily be obtained from either calibration images (Krull
et al., 2020; Prakash et al., 2019b) or via bootstrapping from noisy data (Prakash et al., 2019b; 2021).
Interestingly, despite using such pixel noise models, we will later se¢tbét can also be used to
remove structured noises (see Section 6).

5 DENOISING WITHHDN

To evaluate our unsupervised diversity denoising method, wel&pdblicly available denoising
datasets from different image domains, including natural images, microscopy data, face images,
and hand-written characters. Some of these datasets are synthetically corrupted with pixel-noise
while others are intrinsically noisy. Examples of noisy images for each dataset are shown in Fig. 1.
Appendix A.1.1 describes all datasets in detail.

We comparéHDN on all datasets againgiy 7 unsupervised baseline methotds, BM3D (Dabov
et al., 2007), Deep Image Prior (DIP) (Ulyanov et al., 2088),F2SELF (S2S) (Quan et al., 2020),
Noise2Voib (N2V) (Krull et al., 2019), ProbabilistiNoise2Voibd (PN2V) (Krull et al., 2020),
NoISE2SAME (Xie et al., 2020), andDivNoIsING (DN) (Prakash et al., 2021); amqd g against
2 supervised methods, nameéyoIse2NoIse (N2N) (Lehtinen et al., 2018) anBARE (Weigert
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Non DL Single-image DL Multi-image DL Diversity DL Supervised
Dataset BM3D DIP S2S N2V N2Same PN2V HVAE DN HDN N2N CARE
Convallaria 35.45 - - 35.73 36.46 36.47 34.11 36.80.39 36.85 36.71
Confocal Mice  37.95 - - 3756 37.96 38.17 31.62 37.82.28 38.19 38.39
2 Photon Mice  33.81 - - 33.42 3358 33.67 25.96 333400 34.33 34.35
Mouse Actin 33.64 - - 33.39 3255 33.86 27.24 33.99.12 34.60 34.20
Mouse Nuclei  36.20 - - 3584 36.20 36.35 32.62 36.26.87 37.33 36.58
Flywing 23.45 24.67 - 2479 2281 24.85 2533 250359 25.67 25.79
BSD68 2856 27.96 2861 27.70 27.95 28.46 27.20 2728282 28.86 29.07
Setl2 2994 2860 2951 28.92 2935 29.61 27.81 28945 30.04 30.36
BiolD Faces 33.91 - - 32.34 34.05 33.76 31.65 333259 35.04 35.06
CelebA HQ 33.28 - - 30.80 31.82 33.01 31.45 31.8354 33.39 33.57
Kanji 20.45 - - 1995 20.28 19.40 20.44 19.420.72 20.56 20.64
MNIST 15.82 - - 19.04 18.79 13.87 20.52 19.(.87 20.29 20.43

Table 1:Quantitative evaluation of pixel-noise removal on several dataset§Ve compare results in terms

of mean Peak signal-to-noise ratio (PSNR, in dB) dveuns. Note, PSNR is a logarithmic measure. Best
performing method is indicated with underline, best performing unsupervised method is shown in bold. Diversity
methods allow to generate an arbitrary number of plausible denoised reconstructions given the single observation.
For all datasets, our HRARCHICAL Di1vNOISING (HDN) is the new unsupervised SOTA method.

#latent PSNR #res. blocks PSNR  Gating BN Gen. skips Free bits PSNR
1 2781 1 28.49 X X X 2858
2 28.46 2 28.57
X X X 28.37
3 28.63 3 28.64
X X X 28.61
4 28.75 4 28.67
X X X 28.66
5 2883 5 28.82 X X X X 2882
6 28.82 6 28.82 :
(a) Latent variables ablatior(b) Res. blocks ablation 61 (f) ,?tl)latlonSOf othslr urlzltz
(5 res. blocks/layer) (6 latent variables) (6 latent layer, 5 res. blocks/layer)

Table 2: Ablation studies on BSD68 denoising with HDNWe nd that performance usually improves with

(a) increasing the number of latent layers, (b) increasing the number of residual blocks per latent layer, (c)
incorporating gating blocks, batch norm, skip connections on bottom-up path and free-bits thus validating the
importance of each component and validating our careful design. PSNR results (in dB) are shown.

et al., 2018). Note that we are limiting the evaluation of DIP and SZ5aiod2 datasets respectively
because of their prohibitive training times on full datasets. All training parametelsXgr PN2V,

DN, N2N andCARE are as described in their respective publications (Krull et al., 2019; Prakash
et al., 2021; Krull et al., 2020; Goncharova et al., 2020QISE2SAME, SELF2SELF and DIP are
trained using the default parameters mentioned in Xie et al. (2020), Quan et al. (2020), and Ulyanov
et al. (2018), respectively.

HDN Training and Denoising ResultsAll but oneHDN networks make use @ stochastic latent

3 latent variables. For all datasets, training takes betvi@dn 24 hours on a single Nvidia P100

GPU requiring only about 6 GB GPU memory. Full training details can be found in Appendix A.1.3
and a detailed description of hardware requirement and training and inference times is reported in
Appendix A.9. All denoising results are quanti ed in terms of Peak-Signal-to-Noise Ratio (PSNR)
against available ground truth (GT) in Table 1. PSNR is a logarithmic measure and must be interpreted
as such. Given a noisy imagdDN can generate an arbitrary number of plausible denoised images.
We therefore approximated the conditional expected meanNIMSE estimate) by averagirip0
independently generated denoised samples per noisy input. Fig. 1 shows qualitative denoising results.

For datasets with higher noise and hence more ambiguity subbrasSeg Flywingthe generated
samples are more diverse, accounting for the uncertainty in the noisy input. Note also that each
generated denoised sample appears less smooth than the MMSE estimatg B8B68 or BiolD

results in Fig. 1). Most importantlyf4 DN outperforms all unsupervised baselines on all datasets and
even supersedes the supervised baselin@oarasions. A big advantage of a fully unsupervised
approach likeHDN is that it does not require any paired data for training. Additional results using
the SSIM metric con rming this trend and are given in Appendix A.5.

Practical utility of diverse denoised samples fromDN. Additional to the ability to generate
diverse denoised samples, we can aggregate these samples into point estimates such as the pixel-wise
median (Appendix A.6) oMAP estimates (Appendix A.7). Additionally, the diversity @DN
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