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Úvod

Prvý semester magisterského štúdia, začiatok, rady sú v́ıtané!

Práca nadväzuje na bakalársku, ktorou bol nástroj na manuálne spracovanie.
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Dáta

Sńımky z PhoXi 3D Scanner (light-structured scanner), rôzny šum.
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Štandard

Filtrácia klasickým algoritmom, využ́ıvajú sa prekryvy medzi skenmi.

Nevýhoda: potreba vel’kého množstva skenov.

Iné: PassThrough filter, Median filter, K-nearest neighbor mean distance...

Nevýhody: kladú na šum podmienky, potrebná analýza/vstup použ́ıvatel’a.
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Problém

Vstup: usporiadané mračno bodov v mriežke vel’kosti w × h (single-view). Vzdialenost’

medzi bunkami je daná a o existujúcom bode vieme:

h́lbku (z súradnica, x , y sú implicitné)

intenzitu i ∈ [0, 1]

normálu

Výstup: Mračno bodov bez šumu - per point, per region?...

Dáta

Z jednej sńımky vieme źıskat’ vel’a vstupov, ako výseky posuvného okna. Pretože na
trénovanie ich potrebujeme vel’ké množstvo...
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PointNet: Deep Learning for 3D Classification and Segmentation I
Priame spracovanie mračna bodov, bez konverzie do voxelov/obrázkov.

Dôležité vlastnosti: invariantnost’ poradia, transformácíı, lokálne štruktúry

Nie je konvolučnou siet’ou, jednoduchá architektúra kombinujúca viacero MLP.

Táto siet’ pracuje s neusporiadaným mračnom - dôraz na invariantnost’ od
vstupnej permutácie bodov pomocou max poolingu.
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PointNet: Deep Learning for 3D Classification and Segmentation II
Myšlienka je aproximovat’ funkciu f : {{x1, ..., xn} | xi ∈ Rm} → R; f ({x1, ..., xn})
pomocou g : Rkn → R, h : Rm → Rk ; g(h(xi ), ..., h(xn))

Vrstvy budujú funkciu g , pomocou rôznych h možno aproximovat’ rôzne f .
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Figure 2. PointNet Architecture. The classification network takes n points as input, applies input and feature transformations, and then
aggregates point features by max pooling. The output is classification scores for k classes. The segmentation network is an extension to the
classification net. It concatenates global and local features and outputs per point scores. “mlp” stands for multi-layer perceptron, numbers
in bracket are layer sizes. Batchnorm is used for all layers with ReLU. Dropout layers are used for the last mlp in classification net.

4. Deep Learning on Point Sets
The architecture of our network (Sec 4.2) is inspired by

the properties of point sets in Rn (Sec 4.1).

4.1. Properties of Point Sets in Rn

Our input is a subset of points from an Euclidean space.
It has three main properties:

• Unordered. Unlike pixel arrays in images or voxel
arrays in volumetric grids, point cloud is a set of points
without specific order. In other words, a network that
consumes N 3D point sets needs to be invariant to N !
permutations of the input set in data feeding order.

• Interaction among points. The points are from a space
with a distance metric. It means that points are not
isolated, and neighboring points form a meaningful
subset. Therefore, the model needs to be able to
capture local structures from nearby points, and the
combinatorial interactions among local structures.

• Invariance under transformations. As a geometric
object, the learned representation of the point set
should be invariant to certain transformations. For
example, rotating and translating points all together
should not modify the global point cloud category nor
the segmentation of the points.

4.2. PointNet Architecture

Our full network architecture is visualized in Fig 2,
where the classification network and the segmentation
network share a great portion of structures. Please read the
caption of Fig 2 for the pipeline.

Our network has three key modules: the max pooling
layer as a symmetric function to aggregate information from

all the points, a local and global information combination
structure, and two joint alignment networks that align both
input points and point features.

We will discuss our reason behind these design choices
in separate paragraphs below.

Symmetry Function for Unordered Input In order
to make a model invariant to input permutation, three
strategies exist: 1) sort input into a canonical order; 2) treat
the input as a sequence to train an RNN, but augment the
training data by all kinds of permutations; 3) use a simple
symmetric function to aggregate the information from each
point. Here, a symmetric function takes n vectors as input
and outputs a new vector that is invariant to the input
order. For example, + and ∗ operators are symmetric binary
functions.

While sorting sounds like a simple solution, in high
dimensional space there in fact does not exist an ordering
that is stable w.r.t. point perturbations in the general
sense. This can be easily shown by contradiction. If
such an ordering strategy exists, it defines a bijection map
between a high-dimensional space and a 1d real line. It
is not hard to see, to require an ordering to be stable w.r.t
point perturbations is equivalent to requiring that this map
preserves spatial proximity as the dimension reduces, a task
that cannot be achieved in the general case. Therefore,
sorting does not fully resolve the ordering issue, and it’s
hard for a network to learn a consistent mapping from
input to output as the ordering issue persists. As shown in
experiments (Fig 5), we find that applying a MLP directly
on the sorted point set performs poorly, though slightly
better than directly processing an unsorted input.

The idea to use RNN considers the point set as a
sequential signal and hopes that by training the RNN
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U-Net: Convolutional Networks for Biomedical Image Segmentation I
Potreba natrénovat’ siet’ bez maśıvneho objemu trénovaćıch dát.

”The architecture consists of a contracting path to capture context and a
symmetric expanding path that enables precise localization.”

Spomenutý d’aľśı od Ciresan et al., kde siet’ dostávala výseky obrázka.

Takýchto výsekov môžeme dostat’ omnoho viac, ako je trénovaćıch dát.

Techniky augmentácie dát. 3

Fig. 2. Overlap-tile strategy for seamless segmentation of arbitrary large images (here
segmentation of neuronal structures in EM stacks). Prediction of the segmentation in
the yellow area, requires image data within the blue area as input. Missing input data
is extrapolated by mirroring

output. A successive convolution layer can then learn to assemble a more precise
output based on this information.

One important modification in our architecture is that in the upsampling
part we have also a large number of feature channels, which allow the network
to propagate context information to higher resolution layers. As a consequence,
the expansive path is more or less symmetric to the contracting path, and yields
a u-shaped architecture. The network does not have any fully connected layers
and only uses the valid part of each convolution, i.e., the segmentation map only
contains the pixels, for which the full context is available in the input image.
This strategy allows the seamless segmentation of arbitrarily large images by an
overlap-tile strategy (see Figure 2). To predict the pixels in the border region
of the image, the missing context is extrapolated by mirroring the input image.
This tiling strategy is important to apply the network to large images, since
otherwise the resolution would be limited by the GPU memory.

As for our tasks there is very little training data available, we use excessive
data augmentation by applying elastic deformations to the available training im-
ages. This allows the network to learn invariance to such deformations, without
the need to see these transformations in the annotated image corpus. This is
particularly important in biomedical segmentation, since deformation used to
be the most common variation in tissue and realistic deformations can be simu-
lated efficiently. The value of data augmentation for learning invariance has been
shown in Dosovitskiy et al. [2] in the scope of unsupervised feature learning.

Another challenge in many cell segmentation tasks is the separation of touch-
ing objects of the same class; see Figure 3. To this end, we propose the use of
a weighted loss, where the separating background labels between touching cells
obtain a large weight in the loss function.

The resulting network is applicable to various biomedical segmentation prob-
lems. In this paper, we show results on the segmentation of neuronal structures
in EM stacks (an ongoing competition started at ISBI 2012), where we out-
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U-Net: Convolutional Networks for Biomedical Image Segmentation I2
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Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue
box corresponds to a multi-channel feature map. The number of channels is denoted
on top of the box. The x-y-size is provided at the lower left edge of the box. White
boxes represent copied feature maps. The arrows denote the different operations.

as input. First, this network can localize. Secondly, the training data in terms
of patches is much larger than the number of training images. The resulting
network won the EM segmentation challenge at ISBI 2012 by a large margin.

Obviously, the strategy in Ciresan et al. [1] has two drawbacks. First, it
is quite slow because the network must be run separately for each patch, and
there is a lot of redundancy due to overlapping patches. Secondly, there is a
trade-off between localization accuracy and the use of context. Larger patches
require more max-pooling layers that reduce the localization accuracy, while
small patches allow the network to see only little context. More recent approaches
[11,4] proposed a classifier output that takes into account the features from
multiple layers. Good localization and the use of context are possible at the
same time.

In this paper, we build upon a more elegant architecture, the so-called “fully
convolutional network” [9]. We modify and extend this architecture such that it
works with very few training images and yields more precise segmentations; see
Figure 1. The main idea in [9] is to supplement a usual contracting network by
successive layers, where pooling operators are replaced by upsampling operators.
Hence, these layers increase the resolution of the output. In order to localize, high
resolution features from the contracting path are combined with the upsampled
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Rôzne články určené pre obrazové dáta

Niekol’ko siet́ı, ktoré berú na vstupe mračno prevedené do obrázka.

”Deep Learning for Image Denoising: A Survey”

6 DLIDS: Chunwei Tian, Yong Xu, Lunke Fei, Ke Yan

Fig.3, performance of FFDNet outperforms the CBM3D [19] method in image
denoising. IRCNN [47] fuses the model-based optimization method and CNN to
address image denoising problem, which can deal with different inverse problems
and multiple tasks with one single mode. In addition, it adds dilated convolution
into network, which improves the per-formance for denoising. Its architecture is
shown as Fig. 4.

Fig. 4. The architecture of IRCNN

In addition, many other methods also obtain well performance for image
denoising. For example, fusion of the dilated convolution and ResNet is used for
image denoising [37]. It is a good choice for combing disparate sources of experts
for image denosing [8]. Universal denoising networks [22] for image denoising and
deep CNN denoiser prior to eliminate multicative noise [34] are also effective for
image denoising. As shown in Table 1, deep learning methods are superior to the
converntional methods. And the DnCNN method obtains excellent performance
for image denoising.

Table 1. Comparisons of different methods with σ = 25 for image denoising.

Methods PSNR Dataset

BM3D [9] 28.57 BSD68

WNNM [14] 28.83 BSD68

TNRD [7] 28.92 BSD68

DnCNN [45] 29.23 BSD68

FFDNet [46] 29.19 BSD68

IRCNN [47] 29.15 BSD68

DDRN [37] 29.18 BSD68

Peak signal-to-noise ratio: PSNR = 10 ∗ log(
MAX 2

I
MSEI ,K

)
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Dáta

Okolie vel’kosti n × n; n ∈ 13, 15, 17.

Máme stredný bod c a všetky jeho okolité body
o i ; 0 ≤ i ≤ n × n; o i 6= c

Pre každý bod o i zoberieme
|cdepth−o idepth|, |cintensity−o iintensity |, dist(cnormal , o

i
normal)

Máme maticu s n × n − 1 riadkami a 3 st́lpcami.

Pre jednoduchost’ rozrolujeme do jedného
(n × n − 1)× 3 vektora.
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Vlastnosti

Bol výber vlastnost́ı/features (rozdiel’ h́lbky, normály a intenzity) správny?

Predpoklad, že rozdiel’ týchto hodnôt je dôležitý pri rozlǐsovańı šumu.

Považujem to za vhodný feature extraction, zjednodušenie problému pre siet’.

Vel’kost’ okolia som menil, ako aj samotné vlastnosti.

Napŕıklad pre zoznam {o idepth, o inormal , o
i
intensity | o i ; 0 ≤ i ≤ n × n; o i 6= c}

nenašla siet’ nič rozumné - neporozumela významu rozdiel’ov?

Navrhnuté riešenie zabezpečuje invariantnost’ od transformácíı.
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Siet’

pd_1

nd_1

id_1

pd_n

nd_n

id_n

hn_1

hn_2

hn_k

is_noise

Schválne jednoduchý (MLP) model s jednou
(dvoma) skrytými plne prepojenými vrstvami.

k ∈ [16, 32], GDC, optimizer = Adam, learning
rate = 0.001, activation function = RELU

Na výstupe binárny klasifikátor (zaokrúhlenie).

Natrénované na výsekoch dát jedného typu
objektov (glazúrovaná keramika).
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Výsledky I

Viditel’ný rozdiel’ v normálach.

⇒
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Výsledky II

Problém s väčšimi zhlukmi - stredný bod má homogénne okolie.

⇒
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Výsledky III

Osamotená čast’ geometrie na skene vyhodnotená ako šum.

⇒
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Problémy

Berieme do úvahy iba obmedzený kontext, v závislosti od hodnoty n

Riešenie nemuśı byt’ invariantné k poradiu bodov.

Vel’mi pomalé - MLP muśı byt’ spustený na každom výseku (bode) zvlást’.

...
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