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Povzetek ROSUS 2020 — Racunalniska obdelava slik in njena
uporaba v Sloveniji 2020 je strokovna racunalni$ka konferenca,
ki jo od leta 2006 naprej vsako leto organizira Institut za
racunalni$tvo iz Fakultete za elektrotehniko, racunalni$tvo in
informatiko, Univerze v Mariboru. Konferenca povezuje
strokovnjake in raziskovalce s podrocij digitalne obdelave slik in
strojnega vida z uporabniki tega znanja, pri Cemer uporabniki
prihajajo iz raznovrstnih industrijskih okolij, biomedicine, $porta,
zabavni$tva in sorodnih podrodij. Zbornik konference ROSUS
2020 zdruzuje strokovne prispevke vec deset avtorjev, od tega
dva vabljena predavanje ter ve¢ demonstracijskih prispevkov.
Prispevki podajajo najnovejse dosezke slovenskih strokovnjakov
s podrocdij digitalne obdelave slik in strojnega vida, osvetljujejo
pa tudi trende in novosti na omenjenih strokovnih podro¢jih.
Velik poudarek prispevkov je na promoviranju ekonomske
koristnosti aplikacij racunalniSke obdelave slik in vida v
slovenskem prostoru. Tak$ne racunalniske aplikacije zaradi

visoke natanc¢nosti, robustnosti in izjemnih hitrosti pri

obdelovanju informacij nudijo namre¢ nove priloznosti za

uveljavitev na trgu visokih tehnologij.
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ROSUS 2020 - COMPUTER IMAGE PROCESSING
AND ITS APPLICATION IN SLOVENIA 2020

BOZIDAR POTOCNIK

University of Maribor, Faculty of Computer Science and Informatics, Maribor Slovenia,

e-mail: bozidar.potocnik@um.si
Abstract ROSUS 2020-Computer image processing and its
application in Slovenia 2020 is a professional conference that,
since 2006, has been organised every year by the Institute of
Computer Science of the Faculty of Electrical Engineering and
Computer Science, University of Maribor. The conference
connects researchers in the fields of Image Processing and
Machine Vision with users of this knowledge, whereby users are
coming from diverse industrial environments, such as
Biomedicine, Sport, Entertainment, and related fields. The
proceedings of ROSUS 2020 combine scientific articles by
dozens of authors, including two invited lectures and several
demonstration articles. Contributions trepresent the latest
achievements of Slovenian experts in the fields of Image
Processing and Vision, and also highlight trends and novelties in
these areas. Great emphasis is on promotion of the economic
usefulness of Image Processing and Vision applications in the
Slovenian region. Namely, such software, due to high precision,
robustness, and exceptional speed in information processing,
provides new opportunities for penetration on the high

technologies market.
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Spostovani!

Po stirinajstih konferencah ROSUS 2006-2019 Zelimo tudi s konferenco ROSUS
2020 nadaljevati s promoviranjem pomembnosti ekonomske koristi ra¢unalniske
obdelave slik na podrocjih industrije, biomedicine in drugih poslovnih procesov.
Vezi, ki smo jih na prejsnjih konferencah stkali med raziskovalci, razvijalci,
ponudniki resitev ter uporabniki racunalniske obdelave slik v slovenskem prostoru,
zelimo Se dodatno okrepiti, ob tem pa nuditi tudi moznosti sklepanja novih
sodelovanj in svetovanja pri razreSevanju konkretnih poslovnih oziroma

raziskovalnih problemov.

Tudi letos namenjamo glavni poudarek aplikacijam s podroc¢ja racunalniske obdelave
slik, ki so ze integrirane oziroma pripravljene za integracijo v poslovne procese. Na
tej konferenci nadaljujemo globalni trend na podroc¢ju racunalniskega vida s
popoldansko sekcijo z naslovom »Globoko ucenje: Prakti¢ni nasveti strokovnjakove,
ki smo jo organizirali v sodelovanju s podjetjem Kolektor. Demonstrirali bomo, da
avtomatska obdelava v industriji lahko zaradi svoje natancnosti in hitrosti prinasa
velike ekonomske koristi, hkrati pa nakazali, da aplikacije racunalniske obdelave slik
nudijo nove priloznosti za uveljavitev na trgu visokih tehnologij. Seveda ne smemo

pozabiti na moznost diskusije ter predstavitev konkretnih problemov in potreb, ki
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se porajajo pri uporabnikih, s katerimi bomo racunalnisko obdelavo slik in njeno

koristnost $e bolj priblizali avditoriju.

Naj sklenemo uvodne misli Se s prist¢no zahvalo Javnemu skladu Republike
Slovenije za podjetni$tvo, ki je v okviru konference ROSUS 2020 predstavil
zanimive financne instrumente za spodbujanje prenosa tehnoloskih resitev v
podjetnisko sfero. Izpostaviti zelimo Se medijskega pokrovitelja revijo IRT3000, ki
je intenzivno promoviral konferenco ROSUS 2020 ter pomen strojnega vida v
slovenskem prostoru.

Bozidar Potoc¢nik
predsednik konference
ROSUS 2020

er za obdelavo
medicinskih signalov in slik
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SLIKOVNA BIOMETRIJA NA POHODU

PETER PEER

Univerza v Ljubljani, Fakulteta za racunalnistvo in informatiko, Ljubljana, Slovenija,
e-posta: peter.peer@fti.uni-lj.si

Povzetek V zadnjih petih leth se je v Laboratoriju za
racunalniski vid na FRI UL oblikovala mo¢na skupina, ki dela na
podro¢ju biometrije. Prvi kljucni koraki so bili narejeni v okviru
kompetenc¢nih centrov, kjer smo v oblaku naredili fuzijo dveh
modalnosti, obrazov in prstih odtisov. Vzporedno s tem se je
odvijalo takrat tudi delo na razpoznavanju ljudi iz nacina gibanja.
Nato pa je delo na podrocju biometrije dobilo Se dodaten zagon,
posvetili smo se povsem novi modalnosti uhljev, zaceli delati na
izzivu fotorealisticne deidentifikacije, dodali belo¢nico, Sarenico
ter obocesno regijo kot naslednje tri sveze modalnosti. Na drugi
stopnji Studija smo uvedli tudi nov izbirni predmet Slikovna
biometrija. Ta ima letos kar 80 slusateljev. Stevilo ¢lanov skupine
trenutno raste iz leta v leto, temu primerno tudi publikacije na
kljuénih konferencah ter v revijah, nenazadnje pa se vpliv
skupine pozna tudi pri organizaciji tekmovanj na teh klju¢nih
konferencah ter tudi zmagah na sorodnih tekmovanjih.
Predavanje bo osvetlilo prehojeno pot skozi kljuéne raziskovalne

vsebine.

R
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TOWARDS VISUAL ANOMALY DETECTION IN
DOMAINS WITH LIMITED AMOUNT OF
LABELED DATA

DrjAN STEPEC & DANTJEL SKOCA]J
XILAB Research, XLLAB d.o.o., Ljubljana, Slovenia, e-mail: dejan.stepec@sxlab.si

University of Ljubljana, Faculty of Computer and Information Science, Ljubljana,
Slovenia, e-mail: danijel.skocaj@fti.uni-lj.si

Abstract Anomaly detection in visual data refers to the problem
of differentiating abnormal appearances from normal cases.
Supervised approaches have been successfully applied to
different domains, but require abundance of labeled data. Due to
the nature of how anomalies occur and their underlying
generating processes, it is hard to characterize and label them.
Recent advances in deep generative based models have sparked
interest towards applying such methods for unsupervised
anomaly detection and have shown promising results in medical

and industrial inspection domains.
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1 Introduction

Anomaly detection represents an important process of determining instances that
stand out from the rest of the data. Detecting such occurrences in different data
modalities is widely applicable in different domains such as fraud detection, cyber-
intrusion, industrial inspection and medical imaging [1]. Detecting anomalies in high-
dimensional data (e.g. images) is a particularly challenging problem that has recently

seen a particular rise of interest, due to prevalence of deep-learning based methods.

Success of current deep-learning based methods has mostly relied on abundance of
available data. Anomalies generally occur rarely, in different shapes and forms and
are thus extremely hard or even impossible to label. Supervised deep-learning
approaches have seen great success in different domains, including in anomaly
detection [2]-[4]. Success of such methods is the most evident in the domains with
well-known characterization of the anomalies and abundance of labeled data.
Specific to the visual anomaly detection domain, we usually also want to localize the
actual anomalous region in the image. Obtaining such detailed labels to learn
supervised models is a costly process and in many cases also impossible. Weakly-
supervised approaches address such problems by requiring only image-level labels
and are thus able to infer anomalous regions solely from weakly labeled data [5]-[7].
In an unsupervised setting, only normal samples are available, which are usually
available in abundance. Such methods represent the most general case and are the
most widely applicable. Deep generative methods have been recently applied to the
problem of unsupervised anomaly detection (UAD) and have shown promising
results [8], [9]. Current methods are usually developed for a particular domain or on
synthetic datasets which limits their generality, as well applicability to real-world
applications. They are also not really unsupervised, requiring only normal samples,
with significant drops in performance with the presence of small amount of

contaminated training data [10], [11].

In this work we focus on anomaly detection from images, which was just briefly
mentioned in one of the most significant papers on general anomaly detection [1].
This clearly shows the state of this domain before the era of deep-learning. There
have been a lot of advancements in recent years in the visual anomaly detection
domain, but there is no survey work that clearly summarizes them. Most of the

existing survey papers are addressing the wider scope of anomaly detection problem,
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lacking the focus on visual anomaly detection and its recent advancements [1]. Some
survey papers ate addressing recently popular deep-learning based anomaly
detection approaches [2], but are describing applications to the broader field of
anomaly detection and ate not focusing on particular methods and application
domains related to visual anomaly detection. Similarly, there are survey papers that
are focusing on a particular set of methods [12]. Our work is addressing some of this
limitations, by providing a general overview and at the same time limiting the focus
to a few application domains and representative state-of-the-art methods. We also
explore and present open research problems, from methodological point of view, as

well as novel challenging application domains, untapped by existing UAD methods.
2 Taxonomy of Learning Approaches
2.1 General Anomaly Detection

The general problem of anomaly detection, as well as domain specific applications
have been a topic of a number of surveys and review articles [1], [2], [12]. In this
work we emphasize survey paper [1], which provides an extensive overview,
spanning multiple research areas and application domains. This survey paper is
particularly interesting as it captures all the relevant research and application
domains before the era of deep-learning and clearly shows the state of research

interest towards visual anomaly detection.

Anomaly detection refers to the problem of differentiating abnormal appearances
from normal cases. These abnormal appearances are in the literature known as
anomalies, outliers, discordant observations, exceptions, aberrations, surprises,
peculiarities or contaminants, depending on the application domain [1]. Applications
of anomaly detection can be found in fraud detection systems for credit cards and
insurances, intrusion detection systems for cyber-security, industrial inspection and
medical imaging. According to [1], anomalies can be categorized as point anomalies,
contextual anomalies and collective anomalies. Point anomaly represents an
individual data instance, that deviates from the rest the data and represents the
simplest type of anomaly and is also the focus of research on anomaly detection.
Point anomaly can be represented as a contextual anomaly, if it is not conforming

to the expected behaviour in a specific context (e.g. a low temperature in summer).
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Collective anomalies, on the other hand, represent a set of data points, which

together represent a deviation from a normal behaviour.

Anomaly detection methods can also be used for novelty detection, as they offer
capabilities to detect unseen patterns in data, that could translate to new actionable
insights. The difference is that the novel patterns are usually used alongside the
previously known patterns, after being detected.

2.2 Availability of Labeled Data

Availability of large scale datasets [13] with labeled data and proliferation of deep-
learning based methods has brought tremendous improvements particulatrly to
computer vision domain [14]. Obtaining labeled data is often very expensive, as it is
usually done manually by a human expert. Obtaining labeled data for anomaly
detection is even harder, or even impossible, due to the nature of anomaly
occurrences and unknown underlying processes, that generate them. Important
factor is also the level of details, that are provided with the labels. This is especially
important for visual anomaly detection, where labels can be on the image level (i.e.
contains anomaly or not) or at the pixel level, delineating location and the extent of

anomalies.

Anomaly detection methods are categorized to the bellow presented modes, based

on the extent, to which the labels are available [1].

1) Supervised anomaly detection: Methods trained in a supervised fashion require labeled
data for normal, as well as anomalous cases. There is usually much more labeled data
for normal instances, which makes this an extremely imbalanced classification
problem. Generalization performance of such methods is usually worse, due to
limited availability and fixed vocabulary of representative labels and can also vary by

the application domain.

2) Semi-supervised anomaly detection: According to [1], semi-supervised anomaly
detection methods require labeled data only for normal instances and are as such
more widely applicable. Such classification is often interchangeably also used for
current unsupervised anomaly detection approaches, where normal instances are

usually implicitly labeled as normal. A more common and widely used semi-
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supervised setting is when there is a combination of large set of unlabeled samples

and a small pool of labeled ones [15].

3) Weakly-supervised anomaly detection: Weakly-supervised anomaly detection has not
been considered in [1], mostly due to recent advancements and applications of such
methods in the domain of visual anomaly detection [5]-[7]. In the context of
industrial inspection or anomaly detection in medical imagery, we want to detect the
anomaly, as well as localize it. Detailed ground-truth localized annotations are
expensive or impossible to obtain in many cases. Weakly-supervised anomaly
detection approaches utilize only image-level labels (i.e. contains anomaly or not)
and are able to localize anomalous regions, without pixel-level annotations in the

case of visual anomaly detection.

4) Unsupervised anomaly detection: Unsupervised methods do not require any labeled
data and are as such the most widely applicable. They are usually trained with normal
samples only in order to learn the distribution and are later on capable of capturing
out-of-distribution samples. These methods run on the assumption that normal
samples are far more frequent than anomalous ones. With recently presented deep
generative based methods, accurate detection and localization of anomalous regions
is possible, without any supetvision [8], [16]. In the literature most of these methods
are treated as unsupervised, despite weak implicit supervision, which is introduced
by selecting only normal samples for training. In real-life scenarios one should expect
that there will be some small percentage of contaminated data in training samples

[10], [11].
3 Visual Anomaly Detection

Visual anomaly detection is dealing with detecting and localizing anomalous regions
in imagery data. We have seen great success in computer vision domain since the
introduction of deep-learning based methods and consequently, visual anomaly
detection has also seen increasing interest and success [2]. The primary benefit of
deep-learning based methods is the data driven approach, which eliminates the need
for the expert-level feature engineering, which has shown sub-optimal performance
[14], [17]. Despite the proliferation of deep-learning based methods, there is
relatively small amount of methods that are truly addressing anomaly detection

problem, especially in a real-world setting.
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In the next sections we discuss these recent improvements in the context of
industrial inspection and medical domain. We first briefly present a few application
domains and associated data, with the focus on two recently presented large-scale
datasets. Later on we categorize the methods based on the availability of data and

present the main representatives.
3.1 Datasets

Large-scale labeled datasets have been one of the main contributing factors to the
recent success of deep-learning based methods [13], [14]. Due to the nature and
frequency of anomaly occurrence in real-world application domains, it is difficult to

obtain such large-scale datasets for anomaly detection.

Most of the initial work on visual anomaly detection has been performed on existing
classification datasets [13], [18], [19], by considering a subset of the existing classes
as anomalous samples and the rest of them as normal. With this approach one gets
access to large-scale datasets to develop anomaly detection methods, but the
anomalous samples differ significantly from the normal ones and are as such not
representing real-world conditions. Manufacturing defects in industrial inspection
domain or lesions in medical imagery are usually hard to detect and do not alter the
resultant image, to differ significantly from normal samples. Equally important in
visual anomaly detection domain is also the ability to segment anomalous regions,

which is especially vital for industrial inspection and medical domain.

Real-world datasets for anomaly detection are rare, due to difficulties to create them,
as well as due to confidential and privacy concerns. Industrial inspection is
performed with industrial grade cameras [4] and specialized devices, such as X-Ray
CT scans [20], which can reveal the details of the manufacturing process. Similarly,
medical imagery can contain personal information and needs to be reviewed by
medical boards and in some cases, patients’ consents are needed [3]. Despite
confidential and privacy concerns, there are some datasets, that have been made
publicly available and two representative datasets, that will be used in our research

work are presented next.
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1) MV 'Tec AD - A Comprebensive Real-World Dataset for Unsupervised Anomaly Detection:
The dataset presented in [21] represents the first comprehensive, multi-object, multi-
defect dataset for anomaly detection in a real world scenario of an industrial
inspection. In comparison with other works [22]-[24], that evaluate anomaly
detection methods on existing classification datasets, this represents a much more
realistic scenario, with anomalies manifesting in less significant differences from the
training data. MVTec Anomaly Detection dataset consists out of 15 categories of
different objects and textures. 3629 images are provided for training and validation
and another 1725 for testing. The training data does not contain defects. Altogether,
73 different types of defects are encountered, with provided pixel-wise annotations
for all the test examples. Example data, together with anomalies and pixel-wise
annotations ate presented in Figure 1. The captured dataset represents close-to real-
world conditions, with some of the objects being rigid, while others deformable or
with natural variations. Some of the objects are captured in aligned poses and some
in random rotations. All images were acquired using 2048 x 2048 industrial grade
RGB camera and resultant images were cropped to different resolutions between
700 x 700 and 1024 x 1024 pixels. Some of the images were intentionally provided
in gray-scale and under different (uncontrolled) illumination conditions, to increase
variability.

A thorough evaluation of multiple state-of-the-art unsupervised anomaly detection
methods was performed. AnoGAN [16] method, based on generative adversarial
networks (GANSs), as well as a method based on auto-encoders and structural
similarity [25] were evaluated. Both of the methods are described in section 4.3.
Additionally, they evaluate a classical Convolutional Neural Network (CNN) feature
extraction approach [20], as well as traditional non deep-learning methods based on
Gaussian Mixture Model (GMM) [27] and a simple variational model approach [28].

Results were reported based on the classification, as well as anomaly segmentation
performance, across different object and texture categories. None of the evaluated
methods performed consistently across different object and texture classes. Object
categories were best classified using autoencoders [25], with L2 loss. Similarly, this
method performed the best on the segmentation task, but with the structured
similarity (SSIM) [25] as the reconstruction loss. This benchmark also nicely
represents the level of the generalization performance, especially with the AnoGAN
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method [16] and its non-competitive results in comparison with the state-of-the-art

results in medical domain.

Figure 1: Samples from MVTec AD dataset [21]. First row represents normal samples from

the training set (bottle, cable, capsule, carpet, hazelnut, metal nut), second row the same
objects with various defects and the third row presents pixel-wise annotations for defective
samples. Image adapted from [21].

2) Detection of Lymph Node Metastases in Women with Breast Cancer: Advances in tissue
digitalization and in slide scanning technology have opened the possibilities for
computer-aided diagnostics to detect cancerous metastases in stained tissue sections.
Digital pathology is a new emerging field, utilizing computerized analysis of
histopathological images. Breast cancer is just one of the many cancers, where the
extent of it is measured by histopathological analysis. Detecting metastases in such
gigapixel imagery is prone to error and a time consuming process, where pathologists

would benefit greatly by recent advances in computer vision domain.

A competition was organized in 2015 [3] in order to evaluate the machine learning
based methods against pathologists. In the challenge setting, some deep-learning
based methods achieved better results than a panel of 11 pathologists. 399 whole-
slide images were collected from 399 patients at 2 hospitals in the Netherlands. All
metastases in the slides where annotated by trained pathologists on the slide level
(contains metastases or not - for the slide level classification), as well as separate

metastases (for segmentation purposes). The set of images was randomly divided
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into train (n = 270) and test set (n = 129). All the data is publicly available on the
competition websites!'2 The first task was designed to evaluate the detection of
separate metastases and evaluate the performance against the reference annotations,
provided by the pathologists. Free-response Receiver Operator Characteristics curve
(FROC) was used to evaluate the performance, at 6 predefined false positive rates.
FROC curve shows the true-positive fraction vs. the mean number of false-positive
detections in metastasis-free slides only. The goal of the second task was to evaluate
the discrimination performance on the whole-slide level. Area Under Curve (AUC)

was used for evaluation against pathologists, with and without any time-constraint.

Out of 32 submitted methods, 25 used deep convolutional neural networks (CNNs)
and overall performed significantly better compared to traditional approaches.
However, preprocessing (e.g. standardizing stain variations, different sampling
strategies - class imbalance problem) and augmentation procedures proved to play
an important role, compared to the selection of the CNN architecture. After the
competition, another approach was presented [29], which improves the competition
results significantly and is presented in detail in the next section. All the solutions
approached the problem in a supervised fashion, as a patch classification problem.
We will approach this problem as an unsupervised visual anomaly detection problem
instead. Same data was already utilized in a weakly-supervised fashion using Multiple
Instance Learning (MIL) approach [6], utilizing only whole-slide level annotations,

presented in section 4.2.

(a) Original WSI (b) Filtered WSI (c) Patches from WSI

Figure 2: Preprocessing of original WSI presented in a) consists out of filtering tissue
sections b) and extracting patches c), based on tissue percentage (green = 90%, red < 10%

and yellow in-between). Best viewed in digital version with zoom.

! https://camelyon16.grand-challenge.org/
2 https://camelyon17.grand-challenge.org/
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4 Methods

In this section we review representative methods for anomaly detection, based on
availability of the data. We focus on the medical domain, specifically on metastases
detection from histopathological images. This particular domain represents a
challenging task, that has not been considered directly as an anomaly detection
problem. This particular problem has been considered in a supervised setting, as well
as recently in a weakly-supervised fashion. Unsupervised approaches have not been
considered yet. We present these existing approaches, as well as describe current
state-of-the-art UAD approaches and present initial results, that demonstrate
feasibility to apply them to the domain of metastases detection. The same methods
are also applicable to other domains, especially industrial domain, which was
presented in this paper; and representative methods for UAD described in this

section have also been applied to that domain.
4.1 Supervised Anomaly Detection Methods

Winners of the Camelyon Grand Challenge 2016 [3] on detection of lymph node
metastases presented their winning supervised based approach in a technical report
[30]. Majority of digitized Whole Slide Image (WSI) consists of background white
space, which needs to be segmented, to reduce computational time. Winners first
utilized Otsu's algorithm [31] in HSV color space in order to generate segmentation
masks. A simple filtering based on the green channel value can also be used, due to
the purple and pink tones, resulting from H&E staining. Morphological operators
are also applied to remove small objects and artifacts. Results of tissue filtering and
patch extraction are presented in Figure 2. We color-coded extracted patches based
on the tissue percentage, in order to extract only the patches with sufficient amount
of tissue. Metastasis detection framework was then proposed, consisting of patch-
based classification part, which produces heatmaps, that are later on processed to
obtain WSI-level and lesion-level labels.

Authors utilized Googl.eNet [32] as their best performing CNN architecture.
Positive and negative 256 x 256 pixel patches were extracted, according to the
provided lesion level labels and used to train the binary classification model. An
additional model was learned on hard-negative examples, based on the initial model.

The best results were obtained with the highest 40x WSI magnification. Learned
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models were applied in a sliding window fashion (overlapping patches), to obtain
tumour probability maps. For lesion based detection, connected components were
identified using the first model, which results were later averaged with the model
learned on hard negative examples. For slide-level classification, 28 different
geometrical and morphological features were extracted from heatmaps (e.g.
percentage of tumour region over whole tissue region). Random Forest classifier was
used to discriminate the WSIs with metastases from negative examples. Authors
obtained an AUC score of 0.925 for WSI classification and an average FROC score
of 0.705. These results showed that close to pathologist-level performance (AUC of
0.966 and FROC of 0.733) can be achieved with supervised deep-learning based

models.

Above presented winning solution of the Camelyon 2016 challenge was later further
improved by Google [29], by utilizing newer Inception architecture [33], careful
image patch sampling and extensive image augmentations. They improved FROC
sensitivity score for lesion based detection to 0.885 and AUC score for slide level
classification to 0.9806, though the evaluation protocol seems not to be exactly the
same. They also show that statistically the same slide level classification performance
can be achieved solely by using maximum value from the heatmap, instead of
handcrafted features and Random Forest classifier.

Normal Abnormal / normal sample

x Z x
2 R @ Z Lo=1x-G(z)
Ly = 1(x) - Gz |
Generated
Generator G g G(z) Discriminator D Zn
win gV (D, ) = By o) log D) + B log(1 ~ D(G(=)]]) AR =(1-NLy(z)+ AL, (z)
(@) AnoGAN GAN training (b) AnoGAN anomaly detection

Figure 3: AnoGAN method [16] consisting of DCGAN training a) and iterative
optimization procedure b) to find an optimal latent vector for anomaly detection. Image
adapted from [16] for digital pathology.
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4.2 Weakly-supervised Anomaly Detection Methods

Supervised approaches require abundance of labeled data, which is particularly
severe in digital pathology, where digitization of glass slides is expensive, and pixel-
level manual labels are time-consuming to obtain, due to gigapixel large pathology
imagery. In [0] the authors present a weakly supervised approach, that only utilizes
image level reported diagnosis as labels for training, omitting the need for expert
pixel-wise annotations. Such a procedure can capture a much wider variance of
clinical samples that is not captured in small supervised datasets. They collect large-
scale pathology imagery (WSIs) from 1) prostate cancer (prostatic carcinoma), 2)
skin cancer (basal cell carcinoma) and 3) breast cancer (axillary lymph nodes),

together with slide-level diagnosis, obtained from electronic health records.

With negative slide-level diagnosis, one can be sure, that all the tiles within a negative
WSI are negative, not containing the metastases or tumor. On the other hand, with
a positive slide-level diagnosis, we know, that at least one tile is positive. This kind
of classification problem is a classical formulation of Multiple Instance Learning
(MIL), where training instances are arranged in sets, called bags, and a label is
provided for the entire bag [34]. Solving MIL task induces the learning of a tile-level
representation that can lineatly separate the discriminative tiles in positive slides
from all other tiles [6]. This is implemented on a tile-level using standard CNN based
architectures (e.g. Resnet34) and probability is obtained for each of the tiles of being
positive. The top ranked tile (or K top ranked) are selected and compared with slide-
level ground truth labels, used in cross-entropy loss. In this way, weakly supervised
tile-level classifier is learned, that is applied in a similar fashion as in [3]. They used
handcrafted features from the obtained heatmaps and learned a Random Forest
classifier for slide-level classification, similarly as in [13]. Additionally, they noticed
the drawback of such handcrafted aggregation methods for slide-level classification
and proposed a new Recurrent Neural Network (RNN) based model that uses

features, learned during tile-level classification training.

The performance of the proposed weakly supervised method was evaluated on in-
house data, that is not publicly available. They also compared the method with fully
supervised approach on Camelyon 2016 challenge data [3]. They implemented a
modified supervised winning approach from [30], trained on Camelyon data and

evaluated the approach on their in-house data, to evaluate the generalization
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performance. They noticed a 20% drop in AUC score (from test results on
Camelyon data). In comparison, they evaluated their proposed weakly supervised
MIL-RCNN method, trained on large-scale in-house data, on Camelyon test set and
noticed only 7% drop in AUC score (from test results on in-house data).
Unfortunately, they do not report the results of their proposed method, when
trained only on Camelyon data.

(a) Original samples (b) Generated samples

Figure 4: a) Original patches, extracted from histology image and b) generated artificial
patches from DCGAN [35] based GAN network, as used in AnoGAN method [16].

4.3 Unsupetvised Anomaly Detection Methods

In comparison with supervised and weakly-supervised approaches, unsupervised
approaches omit the need for expertly labeled data. UAD is a relatively new domain
and has seen particular improvements and rise of interest with the introduction of
deep generative methods. In this section we introduce two main approaches, one
based on GANs [30] and the other one based on autoencoders [37]. None of the
approaches has been applied to challenging digital pathology imagery. Besides
introduction to the methods, we also present preliminary results, that demonstrate
feasibility to apply presented methods for detection of cancerous regions in histology

imagery.
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1) GAN based UAD methods: AnoGAN method [16], presented in Figure 3,
represents the first work, where GANs are used for anomaly detection in medical
domain. A rich generative model is constructed on healthy examples of optical
coherence tomography images of the retina and a methodology is presented for
image mapping into the latent space, to generate the closest example to the presented
query image, to be able to detect and segment the anomalies in an unsupervised
fashion. Given a set of healthy images, smaller patches were extracted and used to
train a generative model, based on the DCGAN |[35] architecture, in order to learn
the manifold of healthy examples. In this way, the model captures the variability of
the training examples in an unsupervised fashion. Labels are only given during the

testing, to evaluate the detection performance.

GAN:Ss consists of generator (G) and discriminator part (D). The generator G learns
a mapping G(3), where g represents a sampled 1D vector from the uniformly
distributed input noise, sampled from the latent space - consisting of healthy
examples. Discriminator on the other hand, maps an input 2D image to a scalar
value, representing the probability of the input being a real image, sampled from the
training data, or a generated one - produced by G(3). G and D are trained in an
alternating fashion, using a two-player minimax game. The discriminator D is trained
to maximize the probability to discriminate the real image, from the generated one.
Generator (G) is on the other hand trained to fool the discriminator. After the
adversarial training is completed, the generator learns how to generate realistically
looking healthy examples, captured in the training set. When query image x is
presented, to detect the anomaly, the goal is to find the closest point g in the latent
manifold of healthy examples. This is done in an iterative fashion from a randomly
sampled initial latent vector z1, which is updated back using backpropagation in
i=1,2,..,n steps, via residual (Lr) and discrimination loss (Lp), to obtain the optimal
latent vector z, (only the coefficients of 7 are modified, G and D parameters are kept
tixed). Residual loss captures similarity of the query image to the generated one G(g),
while discrimination loss ensures that the generated image G(g;) lies on the learned
manifold of healthy training examples. The mapping and corresponding losses are
inspired by the work of semantic image inpainting using GANs [38], which poses a
similar problem setup. The combined residual and discrimination loss for z, can be
directly used as an anomaly score A(x) and the resultant residual image between
G(zn) and query image, for pixel-wise anomalous region segmentation. The whole

process of training AnoGAN method [16] is visually presented in Figure 3.
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Iterative optimization approach to find the optimal latent vector is time-consuming
and not applicable for real-time anomaly detection. Recently presented f~AnoGAN
method [8] greatly improves inference times, at a similar performance rate, by
replacing iterative optimization approach with a trained encoder mapping from
images to corresponding location in the learned latent space. Besides, training GANs
can be a very unstable process and mostly smaller resolution images are used.
AnoGAN and f~AnoGAN methods utilize baseline DCGAN [35] and Wasserstein
GAN (WGAN) [39] architectures and do not consider recent works, that are able to
generate higher resolution images in a more stable way [40], [41]. Capability to
generate realistically looking histology imagery is crucial, in order to generate
accurate cellular structure. We present baseline results of the DCGAN [35]
architecture in Figure 4. These initial results with a baseline method, that was also
used in AnoGAN method, demonstrate the applicability of such methods to digital
pathology domain.

2) AE based UAD methods: Above presented UAD methods are modelling normal
samples with GANs. Autoencoder (AE) based methods are one of the simplest and
first approaches, that are also used for visual anomaly detection, by learning how to
reconstruct the input image through a bottleneck, via encoder (E) and decoder (D)
networks. Generative AEs (i.e. variational autoencoders [37]) were also introduced
and used in a recent UAD work for lesion detection in brain MR images [9]. AE
based method are trained in a self-supervised way, such that they learn how to
reconstruct input training images. This is achieved by mapping an input to a
bottleneck, which can in fact be a distribution or a direct mapping. When introduced
with normal samples only, they learn how to reconstruct such normal samples and
in the case of VAE, they are also able to generate them, similarly to GANs. When
we introduce anomalous sample, the method is able to reconstruct it, the way that
the normal sample should look like. We are then able to threshold the reconstruction
errot, in order to detect the anomaly, as well to segment them, by computing a
residual image. This process is visually presented in Figure 5, the way, that the
method would be used in digital pathology setting.

GANSs are known to produce very sharp images, due to adversarial training, but are
having issues with stable training and mode collapses, which results in learning to
generate just a few examples [35]. GAN and VAE concepts have been recently
combined into VAEGAN framework [42], combining the best of the two
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approaches. Adding an adversarial loss and discriminator to the AE/VAE
framework forces the decoder to generate better reconstructions, that will fool a
discriminator. In [9] they also used spatial VAEs, replacing the mapping to dense
1D bottleneck g with a fully convolutional encoder-decoder network, resulting in a
higher dimensional spatial bottleneck g, omitting the loss of the spatial information
in the bottleneck encoder function. The presented AnoVAEGAN UAD method
was compared against AnoGAN [16] method and vatriations of AE/VAE
architectures with different types of bottlenecks (i.e. dense vs. spatial) and their
dimensions. Similar to GAN approaches, no AE based approach has been utilized

for anomaly detection in gigapixel histology imagery.

LV ml .
N
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Nermal samples only

(a) AE based UAD method training (b) AE based anomaly detection

Figure 5: Basic architecture of AE based method for anomaly detection, consisting of AE
training a) and AE inference b), resulting to residual image, used for anomaly detection
and segmentation. Image adapted from [9] for digital pathology.

5 Conclusion

Visual anomaly detection is an important process in many domains and recent
advancements in deep generative based methods have shown promising results
towards applying them in an unsupervised fashion. This has sparked research in
many domains, that did not benefit much from traditional supervised deep-learning
based approaches.

Most of the existing methods are applied to medical domain, where vast amount of
imagery data is available, but without any detailed labels to learn state-of-the-art
supervised models. All the appearances of anomalies in real-world applications are
usually also not known in advance and are as such impossible to label. Benefits of
such methods have recently also been recognized in industrial inspection domain,
where the need for rapid product development is making the existing supervised

approaches inappropriate to use, due to time constraints to collect anomalous
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samples, as well as wide-range of potential anomalies that can occur and are
unknown in advance. The presented UAD methods have been developed and
evaluated on particular limited real-world domains or even on existing classification
datasets and significant performance drops are visible when applied to other
domains. This has been seen through several presented works, that evaluated the
existing UAD methods, along with the newly presented ones, on new application
domains. Another important issue is the robustness of existing UAD methods to
contaminated training data. Existing UAD methods are not really unsupervised due
to the requirement that completely anomaly-free data is available for training the
methods, therefore implicitly implying the need for weak labelling.

UAD in visual data is a relatively new domain, that has seen particular improvements
with the introduction of generative based methods. Unprecedented amount of visual
data that is captured every day in different domains represents an untapped potential
for unsupervised based methods, that will be able to leverage this data as it is.
Addressing the issues of current UAD approaches will enable their wider usage,
especially in data-heavy domains. Dual-use of UAD approaches that enables novelty
detection can also represent a major diagnostic tool for early cancer detection and
rare disease detection, thereby support the development and evaluation of

personalized medicine, and thus address a much wider societal challenge.
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Povzetek Za mikrokirurski nacin zdravljenja anevrizme je 3D
predstavitev patologije in njene okolice lahko v veliko pomo¢ pri
nacrtovanju operacije. Slike mozganov in ozilja lahko pridobimo
z neinvazivnim MR slikanjem. Obic¢ajno se v kliniki uporabi tudi
CT slikanje, ki pri pripravi 3D modela omogoca Se prikaz
lobanje. Obdelava slik se za¢ne s poravnavo posameznih 3D slik
na T1 strukturno sliko. Nato vsako posamezno 3D sliko
segmentiramo na nacin, da iz nje pridobimo Zeleno strukturo.
Naslednji korak je pretvorba posameznih segmentiranih slik oz.
zelenih 3D volumenskih struktur v ploskovne modele.
Pripravljene ploskovne modele vseh izbranih struktur nato
zdruzimo in jih dodatno obdelamo, ter po Zelji obarvamo, da ¢im
bolje predstavimo patologijo oz. podro¢je zanimanja. Ceprav je
ze 3D predstavitev z moznostjo rotacije na racunalniku v veliko
pomoc¢ pri predstavi struktur, je v primerih nacrtovanja operacij
zelo uporabna tudi fizi¢na predstavitev modela, ki jo dobimo s
3D tiskanjem.
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1 Uvod

Anevrizma je izraz za izbocenje Zilne stene na razcepiscih arterij, ki nastane zaradi
njene oslabelosti. Zilna stena ob prevelikem raztezanju pod, kar povro¢i mozgansko
krvavitev. Ob ugotovitvi take patologije je zato nujno zdravljenje oz. operacija.
Seveda je nujnost odvisna od velikosti in lokacije anevrizme. Prav tako je pristop
zdravljenja odvisen od velikosti anevrizme. Pri vecjih anevrizmah se uporabi
mikrokirursko izkljucevanje anevrizme iz krvnega obtoka s kirursko sponko. Manjse
anevrizme lahko zdravimo z endovaskularnim nacinom, ki je manj invaziven.
Mikrokirurski pristop pomeni, da nevrokirurg odpre lobanjo ter mozgansko
ovojnico ter previdno pristopa do anevrizme, ocisti okolico anevtizme in namesti
kirursko sponko. Glede na lokacijo anevrizme in preplet zil v okolici, je lahko
operacija zelo zahtevna, ze za izkuSene kaj Sele za neizkusene nevrokirurge. Z
nevrokirurskim oddelkom na UKC v Ljubljani smo ugotovili, da v zahtevnejsih
primerih mozganskih patologij kot je anevrizma, predstavlja 3D vizualizacija in
tizicna predstavitev dejanskega stanja veliko dodano vrednost pri nacrtovanju
operacije. Na 3D modelu se lahko bolje predvidi pristop do mesta patologije kot tudi

uporaba primernega kirurskega orodja in sponk.
2 PREDSTAVITEV PROBLEMA IN PRICAKOVANE RESITVE
2.1 Zajem slik

Za slikanje zil uporabimo neinvazivno brezkontrastno MR TOF sekvenco (#hree-
dimensional  high-resolution time-of-flight MR  angiography acquisition); na Philips MR
tomografu z imenom s3DI_MC_HR. Ta sekvenca omogoca vizualizacijo pretoka
krvi po arterijskih Zilah in posredno s tem dobimo potek arterijskih Zil. Parametri
TOF sekvence so: velikost rekonstruiranih vokslov 0,34mm x 0,34mm x 0,5mm pri
velikosti matrike 560 x 560 x 210 (zajemanje je bilo s pol manjSo resolucijo in s
presledkom -0,5mm). Cas trajanja zajema sekvence je 4,5min. Za bolj natanéen
prikaz mozganskih struktur moramo posneti tudi T1 in T2 obtezeno strukturno sliko
mozganov. (tipi¢ni raziskovalni sekvenci: 236 sagitalnih rezin, matrika = 336X336,
dimenzija vokslov = 0,7mm X 0,7mm X 0,7mm; T1: TE = 5,7 ms; TR = 12 ms; flip
angle = 8°; ¢as snemanja ~6min ; T2: TE = 414 ms; TR = 2500 ms; flip angle =

90°; ¢as snemanja ~3min). Ce Zelimo ob moZganih in Zilah prikazati tudi lobanjo,
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moramo uporabiti CT slikanje. CT slikanje lahko zaradi invazivnosti omejimo le na

rezine okoli moznih pristopov za operacijo (Cas snemanja ~1min).
2.2 Obdelava slik

Med uporabniki - raziskovalci na podroc¢ju nevro znanosti se za obdelavo slik
najveckrat uporabljajo odprtokodni paketi kot so FSL /7], AFNI /2], Freesurfer [3],
ter 3DSYicer [4]. V nadaljevanju bodo iz omenjenih paketov predstavljeni programi

za posamezne korake.

Za poravnavo 3D slik obstaja veliko orodij, ki so obi¢ajno del ve¢jih programskih
paketov. Ker med sabo poravnavamo slike istega preiskovanca, zadostuje uporaba
linearne poravnave, imenovane tudi rigidna (6 DOF) transformacija, obic¢ajno z
uporabo MMI matrike (Mattes Mutual Information cost matrix) ali lokalne
korelacijske funkcije; prikazano na sliki 1. V programu 3DS/icer lahko za tovrstno
poravnavo uporabimo modul General Registration (BRAINS), v FSL paketu to
omogoca funkcija flirt, v programskem paketu AFNI za to uporabimo
align_epi_anat.py program. Seveda tudi v Matlabu in v Pythomu, ki sta bolj splosni orodji
za najrazli¢nejse obdelave podatkov, najdemo knjiznice za poravnave oz. registracije
slik.

Slika 1: Levo poravnana TOF slika na T1 obteZeno strukturno sliko, na desni poravnana CT
slika na T1 sliko.
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Glede na preferenco uporabe programskih orodij za slikovno obdelavo, je
segmentacija mozganov ze med paketi razdeljena na metode z uporabo standardnih
mozganov ali brez teh predlog. Ce obdelujemo mozgane brez prevelikih patologij,
daje metoda z uporabo standardnih mozganov kot jo uporablja paket Freesurfer
najboljse rezultate. MoZzgane na ta nacin lahko segmentiramo ne samo na belino in
sivino, ampak na Se podrobnejse strukture. Segmentacija s Freesurferjem sicer traja
vec¢ kot 10ur. Procesorsko manj zahtevne variante segmentacije vsebujeta paketa

AFNI (3dSeg) in FSL (FAST).

TOF in CT slike lahko, zaradi dovolj poudatjenih specifi¢nih struktur Ze z metodo
zajemanja slike, segmentiramo z enostavno “threshold metodo” - doloc¢anje praga
sivin. Pred tem je smiselno dolociti obmocje opazovanja (ROI — region of interest),
da se izognemo kasnejSemu filtriranju nekoristnih informacij na prevelikem
podro¢ju. Ena od moznosti filtriranja nekoristnih, kar najveckrat pomeni
premajhnih regij, po dolo¢anju praga sivin, je uporaba grucenja (clustering). Na ta
nacin lahko izlo¢imo premajhna podrocja, ki so v primeru segmentacije lobanje ali
ozilja, kot v nasem primeru, neka nepovezana in najverjetneje nekoristna podrocja

oz. strukture.

Pred pretvorbo segmentiranih podrocij v ploskovni model, moramo preveriti in
odpraviti morebitna prekrivanja segmentiranih struktur, kar sicer lahko kasneje
storimo tudi v ploskovnem modelu, vendar z uporabo surovih anatomskih slik, ki
jih lahko nalozimo nad segmentirane, bolj to¢no dolo¢imo katera struktura je v

spornem podrocju pravilna, kot je prikazano na sliki 2.
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Slika 2: Prikaz prektivanja Zil (z rdeco) ter kosti (turkizno). To se zgodi zaradi ob&utljivosti

CT slikanja tudi na Zilne strukture.

Nadaljni korak pred pretvorbo volumskih struktur v ploskve je glajenje zunanjih
vokslov (najmanjsi prostorski element). Zaradi lepSe pretvorbe je potrebno preveriti,
da se zunanji/robni voksli stikajo s ploskvami in ne samo z robovi ali vogali (v
Freesurferju to storimo z ukazom mri_pretess). Samo pretvorbo izvedemo z
ukazom mri_tessellate (v Freesutferju). V. AFNI paketu izvedemo pretvorbo v
ploskovni model z ukazom 3dVol2Surf. Algoritmi za pretvorbo iz 3D volumetricne
slike v 3D ploskovni model izhajajo iz matemati¢nega algoritma Marching cubes [5]

in se seveda najdejo tudi med knjiznicami Pythona in Matlaba.

V program Blender [6] lahko nato uvozimo vse modele in jih popravimo, ce je to
potrebno. Tu lahko posamezne dele tudi razlicno obarvamo in razrezemo, da
dobimo ¢m boljgo predstavo o kirurskem pristopu do patologije. Ceprav so v
Blenderju prikazane tudi Zile s premerom manj kot 0,5mm, moramo razmisliti s
kaksno metodo bomo izvedli 3D tiskanje. V primeru tiskanja z
nalagalno/ekstruzijsko metodo je bolje omejiti prikaz Zil, ki so manjse od 0.7mm ali
celo Imm, oz. glede na podrobnosti, ki nas zanimajo; drugace imamo preve¢ dela s

c¢iscenjem in locevanjem podpornega materiala od tankih struktur.
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Slika 3: Na levi je v Blenderju predstavljeno arterijsko oZilje z anevrizmo spodaj-levo,
omejeno na Zile zadostne debeline za 3D tiskanje. Na desni strani je prikazan izsek podrocja

zanimanja z anevrizmo v sredini, ki se nahaja skrita za temporalnim reZnjem.

Za 3D tiskanje modelov, prikazanih na sliki 3, smo uporabili tiskalnik sigma BCN3D
z natancnostjo printanja 0.08mm ter z dvema brizgalnima $obama, kar omogoca
dvobarvno tiskanje oz. ob primernem razrezu lahko prikazemo v koncénem
sestavljenem modelu tudi ve¢ barv. V prikazanem primeru, smo razdelili model na
dva kosa, tako da je v enem kosu lobanja natisnjena z belo in del mozganov natisnjen
s sivo, v drugem kosu so natisnjeni mozgani s sivo, ter zile z rdeco; prikazano na
sliki 4. Tiskanje obeh kosov je trajalo skoraj 40 ur in pri tem je bilo porabljenega
skupaj 94g PLA filamenta (20€/kg).

Slika 4: Slika natisnjenega 3D modela obmoc¢ja anevrizme z mozZgani. Model je sestavljen iz

dveh delov, tako da z odstranitvijo dela temporalnega reZnja, vidimo bolj natan¢no tudi

anevrizmo.
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Ker je pri 3D tiskanju previsnih predelov potrebno uporabiti podporni material, je
zaradi kompleksnih struktur ciscenje dolgotrajno in natanéno opravilo (seveda
odvisno od zahtevane estetike koncnega modela) min 2 uri. Pri tem je glavno orodje

skalpel.
3 Zakljucek

Naj za zakljucek povzamem Se vse stroske izdelave 3D modela anevrizme za
nacrtovanje kirurskega posega. Glede na to, da so slikanja s CT in MR tomografom
ze del klini¢nih preiskav, lahko re¢emo, da sama slikanja ne predstavljajo dodatnih
stroskov. Po trenutnih cenah na samopla¢niskem trgu, moramo za MR slikanje glave
odsteti okoli 220€ in za CT slikanje okoli 150€.

Za 3D tisk je cena porablienega materiala za predstavljeni model okoli 2€. Ce pri
tem upostevamo Se porabo elektrike (40ur x 300W x 0,17€/kWh cca 2€), skupaj za
3D tiskanje porabimo 4€.

Racunalnisko delo segmentiranja, ter priprava in razrez modela za 3D printanje
lahko ¢asovno ocenimo na priblizno 10ur (seveda odvisno od izkusenj, ter od

zahtevane kvalitete modela).

Z boljsimi metodami slikanja bi lahko zajeli tudi manjse zile z MR slikanjem [7],
seveda bi za tehniko tiskanja morali nato izbrati 3D tiskanje z laserskim topljenjem

materiala v prahu.
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Abstract The Heterogeneous Face Recognition (HFR) consists
of matching face images captured in different imaging domains,
for example, visible light (VIS) images to near-infrared (NIR)
images. In comparison to face recognition with VIS images only,
attempting recognition with NIR images using common
pretrained deep convolutional neural networks (IDCNNs) usually
results in suboptimal performance, since most DCNNs are
trained solely on VIS image data. In this paper we investigate
whether it is possible to improve HFR with existing DCNN
models trained explicitly for VIS-image recognition through
simple preprocessing techniques. The idea here is to reduce the
difference in visual appearance of the two types of images caused
by imaging faces in different modalities through preprocessing.
To this end, we evaluate nine different preprocessing techniques
ranging from simple contrast enhancement methods and
photometric normalization approaches to gradient operators and
texture descriptors and assess their impact on HFR performance
in conjunction with the popular VGGFace DCNN.
Preprocessing techniques are evaluated on public datasets CARL
and NIVL. Results show that it is possible to achieve
performance improvements through preprocessing. Our

findings suggest that there is ample room for further research.
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1 Introduction

Heterogeneous face recognition (HFR) refers to the problem of matching faces
across different visual domains [1]. The main challenge involved in HFR is to
overcome the semantic gap between face images captured with different imaging
devices (e.g., visual light (VIS), near-infrared (NIR) or 3D devices), in different
quality settings (e.g., high-resolution, low-resolution images), or between images
produced by an artist or generated automatically by an imaging sensor (e.g., forensic
sketches ss. digital images). HFR has seen increased interest in recent years mainly
due to the vast number of potential applications in security and law enforcement.
For example, VIS-NIR matching is important in biometric security control, where
enrollment images are commonly captured in controlled conditions under visual
light, whereas probes are typically taken by security cameras in the infrared spectrum.
Sketch-based recognition, on the other hand, is crucial for law-enforcement, where
eyewitness sketches need to be matched against mugshot datasets to identify
suspects [1].

VIS

. \
Different —
- Performance
Preprocessing < .
. Q evaluation
techniques O
"

NIR

Figure 1: In this paper we investigate whether simple preprocessing techniques can help
improve performance for VIS-NIR heterogeneous face recognition (HFR) in an experimental
setup, where an existing DCNN pretrained for recognition on VIS images only is used for
recognition on VIS images only is used for descriptor computation. To explore this issue, we
study the impact of 9 different preprocessing techniques in conjunction with the VGGFace
model.

There are three main families of solutions to the HFR problem. The first is the use
of features that are invariant to the change in modality [2] [3] [4]. The second is
translating images of one modality to the other artificially [5] [6] [7] and the third is
projection of both modalities of face images to a common subspace [8] [9]. A large
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amount of work focuses on the first solution, i.e., the use of invariant features. These
features can be either hand-crafted or learned from data, as seen with most recent
deep learning methodologies. Despite substantial progress in the field of HFR, the
performance is not yet comparable to face recognition performance reported with
only VIS images, where DCNNs are currently dominating the field. Since DCNNs
require a large amount of data for training, it is challenging to train these on HFR
datasets, which typically are of rather modest size in comparison to datasets for VIS-
based face recognition. Researchers, thus, have to resort to alternative solutions,

including transfer learning, domain adaptation, image synthesis and others.

A straightforward alternative to the outlined methods is to use simple image
preprocessing to reduce the modality induced appearance gap and feed the
preprocessed images to a powerful pretrained DCNN designed for VIS image face
recognition. Such an approach is reminiscent of synthesis (or translation-based)
techniques mentioned above but is computationally much simpler as no training is
involved. In this paper we are interested whether such preprocessing techniques can
in fact be used to improve HFR with an off-the-shelf DCNN trained for face
recognition with VIS images. The preprocessing techniques considered mainly
follow a typically assumption made in the literature for VIS-NIR matching problems,
i.e., that the high-frequency part of the data is similar in both domains. Specifically,
nine different techniques are investigated, including contrast enhancement
techniques, gradient operators, photometric normalization techniques and texture
descriptors, and tested in conjunction with the popular VGGFace model [10].
Verification experiments are performed on original and preprocessed images of two
datasets: the CARL and NIVL datasets.

The results of the experiments show that HFR with off-the-shelf DCNN can be
improved to some extent, with the use of proper preprocessing techniques,
especially contrast enhancement techniques, which seem to be particulatly suited for
use with pretrained DCNNs.
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Figure 2: The proposed method in this paper: VIS and NIR images are preprocessed with 9

different preprocessing techniques. For every preprocessing, its output image is inserted in

VGGFace DCNN for feature extraction. For verification experiment, Euclidean distance is

used between pairs of images. Every pair consists of VIS image and NIR image. The goal is
to find out how CLAHE, DOG, LBP, SSR, etc. affect HFR with VGGFace DCNN.

2 Related work

This section discusses prior work relevant to our study. The first part reviews
existing models and solutions for heterogeneous face recognition and the second
part elaborates on existing DCNN-based approaches to face recognition in the

visible spectrum.
2.1 Heterogeneous face recognition

Methods for heterogeneous face recognition (HFR) mainly focus on three strategies
to alleviate the modality gap [11].

The first, most common strategy, is designing features that are invariant to the
modalities considered, while simultaneously being discriminative for person identity.
Gong et al. [12], for example, proposed a new feature descriptor called common
encoding model for heterogeneous face recognition, which is able to capture
common discriminant information, such that the large modality gap can be reduced
at the feature extraction stage. More recently, several feature learning methods were
proposed, where features are automatically learned from raw data. These methods
different paradigms including coupled subspace learning [13] [14] [3], dictionary
learning [4] [15] and deep learning [14] [2] [16].
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The second strategy focuses on synthesizing one modality into the other in such
way, that they can be compared directly. For instance, Tang and Wang proposed
synthesizing face images from pseudo-sketches using an eigen-transformation [0]
and multi-scale Markov random fields [1]. Liu et al. [17] proposed to generate
sketches from photos using local linear embedding. Gao et al. [7] utilized embedded
hidden Markov model to learn the nonlinear relationship between face sketches and
photos. The advantage of second strategy is that the synthesized images can be used
directly for recognition with VIS images, which by itself gives better performances
due to much bigger datasets being available in the VIS domain.

The third strategy aims to project both modalities of face images to a common
subspace in which they are more comparable than in the original representation. Lin
and Tang [8] propose a new algorithm called Common Discriminant Feature
Extraction that relies on eigen-decomposition of a discriminant space common to
two domains. Liu et al. [9] propose a new feature set called the Light Source Invariant
Features in order to extract invariant representations from near-infrared (NIR) and

VIS images.

Preprocessing techniques that we explore in this study are most closely related to
synthesis strategies discussed above, but different from existing methods they do
not try to synthesize images in the opposite domain. Instead they aim to minimize

the difference in appearance by modifying images in both domains.
2.1 Deep neural networks for face recognition

Recently, face recognition has achieved significant progress thanks to the great
success of DCNN-based approaches. The defining characteristic of such methods
is the use of DCNNEs as feature extractors. Implementations of DCNNSs differ from
each other mostly by architecture of DCNN and loss functions used for training.
Taigman et al. [18], for example, presented DeepFace, which is a representative
system of this class of methods. In DeepFace, face recognition is treated as a multi-
class classification problem. The network's architecture consists of 9 layers and
several locally connected layers. The model is trained with a K-way softmax with
standard gradient descent. Schroff et al. [19] presented the FaceNet DCNN model,
which directly learns an embedding into an Euclidean space for face verification.

Parkhi et al. [10] presented a more systematic approach to face recognition using
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deep learning, with a semi-automatically collected dataset of millions of images and
a principled model architecture consisting of 16 convolutional layers, deeper than
was previously believes to be required for large-scale face recognition. More recently,
He et al. [20] proposed a residual learning framework to train very deep networks
(up to 152 layers). In recent studies, the problem of lack of power of discrimination
in loss functions was addressed. Wen et al. [21] proposed the so-called center loss to
learn centers for deep features of each identity and used the centers to reduce intra-
class variance. Liu et al. [22] proposed a large margin softmax (L-Softmax) by adding
angular constraints to each identity to improve feature discrimination. Deng et al.
[23] propose an Additive Angular Margin Loss function to further improve the
discriminative power of the face recognition model and to stabilize the training

process.
3 Methodology

We now present the methodology used for your study including the selected
preprocessing techniques and DCNN model considered.

31 Overview

Figure 2 shows an overview of the methodology used in this study. We use the Viola-
Jones detector to detect faces in the input images and crop them to a standard size
after detection. The cropped faces are then preprocessed with 9 different methods,
which results in 10 sets of images for the experiments when also considering the
original images. For every set of preprocessed images, feature extraction is
performed using a DCNN model pretrained for recognition on VIS images. For
verification experiment the Euclidean distance measure is used. An overview of the

overall methodology is shown on Figure 2.
3.2 Preprocessing techniques

The aim of preprocessing the images is to reduce the visual differences between both
modalities, while still preserving the intrinsic features so that the inter-subject
variation is not compromised. In this study we consider 9 preprocessing techniques

for this purpose and describe them in more detail below.
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Figure 3: Output images of all preprocessing techniques on VIS and NIR

— Red channel: We extract the red channels from the VIS (RGB) image and
compare it to the NIR images. The motivation behind this technique is to
select the color channel closest in wavelength to infrared - the red channel
corresponds to light wavelengths of 620-740nm, whereas the near-infrared
spectrum covers the wavelength range of 740-7400mm.

— Canny edge detector: The Canny edge detection algorithm is applied to
all the images, to extract edges of faces. The algorithm consists of 5 steps:
noise reduction, gradient calculation, non-maximum suppression, double
thresholding and edge tracking by hysteresis and is described in [24].

— Laplacian: The Laplacian of an image is a 2-D isotropic measure of the 2nd
spatial derivative of an image. It highlights regions of rapid intensity change.
The Laplacian Ly, (x,y) of an image with pixel intensity values I(X,y) is
given by

0’1 921
Ly(x,y) = F1%l + 97

%2

and can in practice be calculated by a convolutional filter [25].

— Local Binary Patterns (LBPs): The LBP operator replaces the value of
the pixels of an image with vectors of binary values, which are called LBP
codes, that encode the local structure around each pixel [26] [27]. Each
central pixel f; is compared with its P neighbors f,on radius R. The
neighbors with a smaller value than the central pixel are assigned a value of
0, and the remaining neighbors are assigned a value of 1. For each central

pixel, one can generate a binary number that is obtained by concatenating
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all these binary bits in a clockwise manner, starting in top-left neighbor. The
resulting vector of binary numbers, interpreted as a decimal value of the

generated binary number, replaces the central pixel value, and can be

calculated by
P-1
LBPor (oY) = ) s(fy = £)2°
p=0
Lv=>0
s) = {o; v <0

Single Scale Retinex (SSR): The SSR algorithm, proposed by Jobson et
al. in [28], is based on the retinex theory. The theory models an image as a
product of two components, i.e. illumination L and reflection component
R. The key of SSR is to estimate the illumination of an image, and to restore
the reflection component. The result of the SSR transformation is the
reflecion R, which can be computed by subtracting the estimated
illumination L from the original image in the logarithm domain. The
illumination is typically estimated by filtering the original image with a
Gaussian filter G. Mathematically, SSR is described by

R(x,y) = log(I(x,y)) —log(L(x,7))
Lx,y) =1(x,y) ® G(x,y)

Single scale self-quotient Image (SQI): The SQI algorithm was
introduced to the field of face recognition by Wang et al. in [29]. The
technique exhibits similarities to the single scale retinex technique, but
unlike the SSR technique uses an anisotropic filter for the smoothing
operation. It has been proposed for synthesizing an illumination normalized
image from the given face image. The SQI output Q is defined by image

intensity value I and a smoothed image S, as

_ 1(x,y) _ 1(x,y)
Sx,y) 1(xy) ® F(x,y)

Q(x,y)
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— Difference of Gaussians (DOG): The DOG technique relies on the
difference of Gaussian filters to produce a normalized image. It effectively
applies a band-pass filter to the input image and produces a normalized
version. Before the filtering, gamma correction is applied. DOG filtering
typically removes the-low frequency components of an image.

— Histogram equalization (HE): The HE algorithm [29] is a method of
contrast adjustment using the image's histogram. It usually increases the
global contrast of images. Through this adjustment, the intensities can be
better distributed over the full dynamic range of the image. This allows for
areas of lower local contrast to gain a higher contrast. Histogram
equalization accomplishes this by effectively spreading out the most
frequent intensity values. In our case it normalizes the images toward the
same contrast distribution.

— Contrast limited adaptive histogram equalization (CLAHE): The
CLAHE method [30] examines a histogram of intensities in a contextual
region centered at each pixel and sets the displayed intensity at the pixel as
the rank of that pixel's intensity in its histogram. CLAHE algorithm differs
from standard HE in the respect that CLAHE operates on small regions in
the image, called tiles, and computes several histograms, each
corresponding to a distinct section of the image and uses these to

redistribute the pixel values of the image.

Example results of the preprocessing with all considered preprocessing techniques

are shown in Figure 3.
33 Off-the-shelf DCNN

For feature extraction, the VGGFace model [10] is used. It consists of a very deep
CNN, in the sense that the network comprises a long sequence of convolutional
layers, specifically 16 layers. Convolutional layers have small kernels and are followed
by RelLU activations and max pooling layers. The model is pretrained on a very large
dataset of $2.6% million faces. A softmax activation function in the output layer is
used for training, and a triplet loss function for fine-tuning. To extract a feature

vector x from an input image with the VGGFace model, the softmax (classification)
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layer is discarded and activations of the last densely connected layers are used as the

feature representation of the input face image.
3.4 Similarity comparison

For the similarity comparison of two feature vectors, extracted with the VGGFace
model, the Euclidean distance is used. The Euclidean is the straight-line distance
between two points in Euclidean space. If X1 and X; are feature vectors in Euclidean
space extracted with VGGFace model the Euclidean distance is then defined as

d(xq,x2) = |lxg — x22.
4 Experiments

In this section the datasets, experimental protocol and metrics used for the

evaluation are presented.
4.1 Datasets

For testing different preprocessing techniques, two datasets are used, CARL and
NIVL. Example images from the datasets are shown in in Figure 4 and Figure 5,

respectively.

CARL: The CARL dataset [31] [32] consists of a total of 7380 images in the visual
spectrum, near-infrared (NIR) spectrum and thermal spectrum. It consists of 41
people, 32 males and 9 females. In each recording session the images were captured
under three different illumination conditions. First natural illumination with sunlight
entering through windows. Obviously, this illumination is not constant along days
and a function of the different hours of the day. Second, infrared Illumination with
circuit board around the webcam. And third artificial illumination with cool white
fluorescence. All faces are frontally posed and are not tilted. There are also no
occlusions. Each user was recorded in four different acquisition sessions over a
period of one year. In this sense, there are distinctive changes in the haircut and/or
facial hair in some of the subjects. Each individual contributed in four acquisition
sessions and provided five different snapshots in three different illumination

conditions and under three image sensors. For our experiments only images in the
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visual and near-infrared spectra are used, which means 60 images per person in one
modality - in total, 4920 images.

VIS

NIR

Figure 4: Example images from the CARL dataset. In first rtow presents VIS images and in
second row presents NIR images. In each column image from the same person are shown. a)
images taken with natural illumination with sunlight entering through windows, b) images

taken under infrared illumination, and c) images taken under artificial VIS illumination.

NIVL: The NIVL dataset [33] contains 574 subjects. There are a total of 2341 VIS
images and 22 264 NIR images from the 574 subjects. 402 subjects had both VIS
and NIR images acquired during at least one session. Both VIS and NIR images
were acquired in the same session, although not simultaneously. One VIS image and
around 10 NIR images were acquired per subject per session. All faces are frontal
and not tilted. Faces in NIR are taken close-up and consequently the top of the head
and the bottom of the chin are cut off, while faces in VIS are visible completely. The
NIR images have a resolution of 4770x3177 and the visible light images have a
resolution of 4288x2848. Originally this dataset was designed and released by the
University of Notre Dame with the intention of evaluate error rates of commercial
face recognition matchers in the VIS-NIR task under different image processing
algorithms. Since there is no need to train background models for commercial

matchers, the original dataset evaluation protocol does not have a training set.
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VIS NIR

Figure 5: Example images from the NIVL dataset. In first three columns show VIS images
and in last three columns show NIR images. For each of six people shown, there is one VIS
and one NIR image.

4.2 Experimental setup

In most HEFR problems, there is an image in NIR, called the probe image, that needs
to be matched to one of the identities with corresponding images in the VIS dataset,
called the gallery set. Accordingly, our datasets are divided into a gallery set of VIS
images, and a probe set of NIR images.

The VGGFace model requires an 224x224 pixel image of a face at the input.
Therefore, face detection is first applied using the Viola-Jones algorithm [34]. Faces
are then cropped and resized to 224x224 pixels. All preprocessing is done on
cropped and resized images of faces.

A verification experiment is carried out, where for every NIR image, a verification
tests with all VIS images are conducted. Tests are of two types. Genuine attempts -
when a pair consisting of a NIR image and a VIS image both belong to the same
identity, and impostor attempts - when images in the pair belong to different
identities. There are 147 600 genuine attempts and 5 904 000 impostor attempts for
the CARL dataset, and 2 414 genuine attempts and 601 086 imposture attempts for
the NIVL dataset in our experimental setup. Verification experiments are repeated
for all preprocessing techniques.

4.3 Metrics

To evaluate the performance of HFR with different preprocessing techniques, the

following metrics are used.
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Results are graphically presented with Receiver Operating Characteristic (ROC)
cutves [35]. The ROC curve is created by plotting the true positive rate (TPR) against
the false positive rate (FPR) at various threshold settings. TPR measutes the quantity
of positives that are correctly identified as such. FPR measures the quantity of
negatives that are wrongly identified as positive. On ROC random classification is
presented with straight line between the points (0,0) and (1,1). Classification better
than random is presented with line above the random line, the closer it is to point

(0,1), the better the performance.

The quantitative measures that relate to ROC are the area under the ROC curve
(AUC) and the equal error rate (EER). AUC is equal to the probability that a
classifier will rank a randomly chosen positive instance higher than a randomly
chosen negative one. For random classification, AUC equals 0.5, and for perfect
classification, AUC equals 1. EER represents the value where 1-TPR equals FPR,
i.e., the point where the false positive and false negative rates are equal. Smaller EER

implies better verification performance.
4.4 Experimental results
Impact of preprocessing on HFR: Evaluation is done using verification

experiment on both datasets separately. ROC curves for the verification experiments

on both datasets are shown in Figure 6.
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Figure 6: ROC results on the CARL (left) and NIVL (right) datasets.
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Table 1: Quantitative metrics of our ROC experiments.
CARL NIVL CARL
VIS-VIS
AUC EER AUC EER AUC

Original 97.4% 7.5% 93.5% 13.8% 99.7%
Red 97.1% 8.4% 94.4% 12.3% 99.5%
Edge 57.1% 45.0% 51.3% 49.3% 66.1%
Laplacian 55.0% 46.8% 57.6% 44.5% 62.1%
LBP 57.2% 45.1% 67.7% 37.7% 59.2%
SSR 92.7% 15.2% 95.8% 10.2% 99.5%
SQI 86.4% 19.9% 97.6% 7.0% 88.4%
DoG 77.8% 28.1% 94.1% 14.1% 83.3%
HE 98.5% 6.4% 98.4% 5.5% 99.9%
CLAHE 97.3% 8.5% 96.6% 8.7% 99.2%

AUC and EER values to corresponding ROC curves are listed in Table 1. ROC
curves that belong to verification experiments on CARL dataset using only VIS

images and VIS-VIS matching are shown on Figure 7.
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Figure 7: ROC results for the CARL dataset VIS-VIS matching experiment
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As can be seen, the preprocessing techniques that transform input images pixels to
binary values, i.e., the LBP transformation and Edge detection show the poorest
results. This is likely because the VIS-trained DCNN networks expect natural-
looking images as inputs as opposed to binarized ones. The preprocessing with
Laplacian image derivative also shows uncompetitive results. With all those
techniques verification performance drops in comparison to no preprocessing on

both datasets % their AUC values show barely above random recognition.

Normalizing images using the DOG technique also decreases verification
performance on the CARL dataset. The EER value of this technique on the NIVL
dataset is also higher, which means lower performance than on the original images.
However, the AUC wvalue is slightly higher pointing to a somewhat better
performance overall. The CLAHE, SSR, SQI and red channel techniques show an
increase in recognition performance on the NIVL dataset, and a slight decrease in
performance on the CARL dataset. The success of preprocessing techniques varies
considerably from dataset to dataset. For example, the SQI method gives much
better results on NIVL dataset than on CARL dataset. The most successful
preprocessing technique, with the highest AUC value and the lowest EER value on
both datasets is histogram equalization, which appears to be beneficial in bringing
the visual appearance of images of both domains closer together, but also produces
images well suited for the VGG model.

Impact of preprocessing on VIS: The differences in verification performance due
to the preprocessing technique is not only a consequence of the decrease of the
appearance gap between modalities, but also because the VGG model is not trained
on images preprocessed with such techniques. Another verification experiment was,
therefore, performed on the CARL dataset with only VIS images and VIS to VIS
matching to explore the effect of different preprocessing techniques on recognition
of VIS images with the same DCNN model. ROC curves of this experiments are
shown in Figure 7. The comparison of all experiments on the CARL dataset can be

seen more clearly on Figure 8 where AUC values of all preprocessing techniques
and with both NIR-VIS and VIS-VIS matching are presented on a bar chart.
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Figure 8: AUC values of ROC curves that correspond to experiments on the CARL dataset.
The blue bars show AUC values of NIR-VIS matching for every preprocessing technique,
and the blue line presents AUC value for original images. The red bars show AUC values of
VIS-VIS matching for every preprocessing technique, and the red line presents AUC value

for original images.

5 Conclusions

In this paper we investigated how different preprocessing techniques applied on VIS
and NIR images affect HFR performance with DCNN pretrained for recognition
of VIS images. VGGFace was used for feature extraction. Performance was tested
on two datasets, CARL and NIVL. The preprocessing techniques were applied on
all images in both VIS and NIR spectra. After feature extraction, a verification
experiment with all VIS - NIR couples was carried out. We observed that
performance of such systems can increase only by comparing NIR images to red
channel of VIS. The best results of all tested preprocessing techniques was achieved
with the HE method, which increased performance of HFR on both datasets.
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Abstract In this paper we present the practical application of
numerical coordinate regression with convolutional neural
network for pupillary distance measurement. In case of applying
deep learning to a specific domain, it is difficult to construct a
large-scale dataset, which limits the end-to-end learning potential
of complex network architectures. Therefore, the problem has to
be addressed either by applying transfer learning or design an
architecture with a complexity level much lower than state of the
art models. For pupillary distance measurement, the latter

approach has led to satisfactory results.
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1 Introduction

Pupillary distance (PD) is the distance measured in millimiters between the centers
of the pupils of the eyes. For people who need to wear prescription glasses, PD
measurement, usually measured by the optician helps to ensure that the lenses are
located in the optimum position. Prior to image processing-based approaches,
pupillometer [1] has been patented and it has been widely adopted up to date. In
recent years, deep convolutional neural networks (CNNs) have proven to be highly
effective general models for various computer vision problems [2]-[4]. One such
problem is coordinate regression, where the goal is to predict a fixed number of

location coordinates, corresponding to points of interest in an input image.

By detecting the edge coordinates of an object of known size, it is possible to
determine the pixel per unit of size ratio. Consequently, it is possible to calculate the

absolute distance between the arbitrary coordinates pair on an image of interest.

To achieve satisfactory precision of the measurements, however, it is necessary to
construct large enough dataset that contains images with both size reference object

and landmarks between which the distance has to be measured.

In case of having a small dataset, the available options to address the limitation is
cither to apply transfer learning [5] or define the network architecture with lower

complexity, compared to the complexities of the most commonly used backbones,
such as VGG [6], ResNet [7], and InceptionNet [8].

For PD measurement, we used a standard card of dimensions 85.60 X 53.98 mm;
the most common shape of credit cards, personal identification cards, and loyalty
cards. The number of images collected for this task was relatively small, and
therefore, we first applied transfer learning and later constructed a fully-
convolutional neural network [3] with a small number of layers. For transfer learning,
we tried to use several VGG, ResNet and InceptionNet architecture, pre-trained on
ImageNet [9] and fine-tune custom head. As none of the transfer learning attempts
provided promising results, we used fully convolutional network for semantic

segmentation with output transformation.
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2 Related work

In [10], Sun etal. applies a three-level convolutional neural network to obtain
landmark estimation. In [4], Newell et. al. proposed a stacked hourglass network
architecture to capture various spatial relationships associated with the body. In [11],
Yang et. al proposed stacked hourglass architecture for facial landmark localisation.
In [12], Nibali etal. proposes differentiable spatial to numerical transform to

calculate landmark coordinates from heatmaps.

3 Pupillary distance measurement

In this chapter, we present a network architecture and the transformations, applied
to coordinate labels to get the heatmaps and network output to calculate coordinates

from heatmaps.

3.1 Network architecture

InputLayer Conv2D Conv2D MaxPooling2D

input: | output. —— input ‘ output: f—m input: l output - input: | output: —
1B, 200, 200, 3)] I 1(B. 200, 200, 3)] (B, 200, 200, 3) ‘ (B, 200, 200, 64) (B, 200, 200, 64) | (B, 200, 200, 64) (B, 200, 200, 64) J (B, 100, 100, 64)

L Conv2D Conv2D MaxPooling2D Conv2D
input: I output b inpur: [ output: = input: l output: e input: [ output: —
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Conv2D Conv2D Transpose Reshape
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(8 50, 50, 160) [ (8 50, 50, 160) (850, 50, 160) [ (8200, 200, 6) (8200, 200, 6) [ (8 240000, 1)

Figure 1: Our Fully Convolutional Network

Similar to human pose estimation [1], we implemented a stacked hourglass network
[4] to detect card corner and pupil landmarks. Input images have been resized to 200
x 200px and passed in the batch of size B through several convolutions, max pooling
and deconvolution layers as displayed on Figure 1. The output is a 6-channel layer
that represents 200 x 200px masks for left and right pupils and top-left, top-right,
bottom-left, and bottom-right card corner. The transformation from masks to
points is described in section 3.3.
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3.2 Coordinates to heatmaps transformation

On the images there are at most six landmarks visible: pupils and card corners.
Therefore, every image has been initially labelled with a 12-dimensional vector that
contains x and y value for every landmark. In case the landmark is not visible, the x

and y value for the expected landmark has been set to null.

For every potentially visible landmark, a black image (zero values) array of size 200
x 200 px has been created. After, for every visible landmark, a Gaussian kernel with
a selected standard deviation [ around the x and y coordinate on the black image

has been added according to equation (1).

2
f(x' y) - 20_2
3.3 Heatmaps to coordinates transformation

In order to determine the predicted coordinates, each of 6 heatmaps, representing a
potential landmark, is processed as follows. The pixel coordinates are sorted by
brightness h in descending order. Then, a subset of top n brightest coordinates is
selected to calculate the mean coordinate values and mean brightness. If the
calculated brightness value is above the defined threshold, it is assumed that the

heatmap contains a valid landmark.

n
oy he

= —‘;1136}‘1" )
i=1'

_ syl 3
i=1'

The calculation procedure is described in a simplified example. Figure 2 represent a
heatmap of size 6 x 6 px with values in range (0, 255). In case of selecting top 5
brightest pixels, the following array indices (1, 5), (3, 2), (5, 3), and (3, 3) are selected
with belonging values 205, 206, 212, 218, 233. According to equations (2), (3), the
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calculated x and y coordinate values are 2.6 and 2.19, respectively, and the calculated
brightness is 214.8.

X A
175.00 212.00 202.00 34.00
194.00 195.00
127.00 2 0 00 141.00 191.00
143.00 170.00
Figure 2: Heatmap example
34 Loss function

As the output heatmaps are transformed to coordinates, it is possible to calculate
directly two-dimensional Euclidean distance between the prediction ¥ and ground
truth y. According to this fact, the loss function is formulated as (4).

L@y) =y =7l )
4 Results
41 Dataset

To train and evaluate the model, we have collected 560 images. Major percentage of
the images were collected by peers who were instructed to hold the card in front of
the mouth. Additionally, we have added a smaller number of images collected from
the internet. that contain a person's face and a card. Each image has been annotated

with a 12-dimensional vector that represents 6 landmarks: left (LP), right (RP) pupil,
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top-left (CTL), top-right (CTR), bottom-right (CBR), and bottom-left (CBL) card

corner.

X ‘ y

LP

RP

CTL

CTR

CBR

CBL

Figure 3: Original label representing a vector of x and y coordinated for left pupil (LP), right
pupil (RP), top-left (CTL), top-right (CTR), bottom-right (CBR) and bottom-left (CBL) card
corner.

In order to artificially increase the number of images, the dataset has been
augmented by applying affine transformations (padding, rotation, translation,
horizontal flipping, brightness and contrast adjustment). 80% of images have been

used for training and the remaining 20% for evaluation.

4.2 Qualitative results

Figure 4: Comparing predictions (bottom row) with ground truth (top row)

Figure 4 shows the comparison of predicted landmarks in the bottom row with
ground truth in the top row. Due to image augmentations, the images are randomly
padded, rotated, cropped, and translated. In case of correct predictions (second,
third, and fourth image from the left), the distance between the predicted and ground
truth landmark is negligible. In some instances, however, the landmarks are not

detected (first image from the left). As the position of the catd relative to pupils in
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the dataset doesn't vary significanly (instances of peers holding the catrd in front of
the mouth), one possible reason for detection failure might be a lack of variations in

the training set and consequently ovetfitting of the model to expected card position.

4.3 Loss convergence
II
2.5e-4 | 2e-4
2e-4 \ 1.6e-4 \
1.5e-4 11. L2ed
les \ ge-5 J“
¢ \-\‘_d 4e5 \’L biid
0 SRR S W
0
0 400 800 12k 16k 0 400 800 12k 16k

Figure 5: Training (left) and test (right) loss values (y) axis throughout epochs (x) axis.

Figure 5 shows the loss values according to equation (4) for normalized values y and
¥ throughout the training of 1800 epochs. The batch size has been set to 64 and the
training on NVIDIA RTX 2080Ti took approximately 12 hours. By comparing the

training and test loss, we assumed that the trained model does not overfit.
5 Conclusion

In this paper, we proposed a fully convolutional neural network for PD
measurement. We demonstrated how output heatmaps are transformed to

coordinate values, which are compared to ground truth values.

There are several hyperparameters to be explored which impact the model
performance. Currently, we just implemented a fully convolutional network and
trained it from scratch. In the future, we plan to examine additional models with
different number of layers and perform quantitative analysis. Additionally, we plan
to determine the reasons for detection failures and improve the robustness of the
model in order to correctly detect the landmarks for arbitrary card position relative

to pupils.
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1 Uvod

Sozaris¢na mikroskopija je mikroskopska tehnika, ki se od klasicne (presevne)
mikroskopije razlikuje v tem, da naenkrat osvetli le eno rezino vzorca. Z
zdruzevanjem rezin na razlicnih globinah ustvari kopico slik, ki se jih lahko pretvori
v trirazsezne modele. Z dodajanjem fluorescentnih oznacevalcev se lahko dodatno

izrazi podrobnosti bioloskih vzorcev, ki s klasiéno mikroskopijo niso vidne [1].

Slika 1: Tridimenzionalna projekcija vzorca Zivénega tkiva z obarvanim GFP (zelena barva)

in nevronskimi jedri (rdec¢a barva) v programu Fiji.

Za ogled vzorcev sozarid¢ne mikroskopije znanstveniki pogosto uporabljajo
program Fiji ali Fiji is Just Image], ki predstavlja distribucijsko razli¢ico programa
Image]. Image] je odprto kodni program namenjen analizi znanstvenih slik [2]. Fiji
v okviru svojih funkcionalnosti uporabniku ponuja ogled posameznega sloja vzorca

ter ogled celotne kopice vzorcev v obliki tridimenzionalnega modela.

Fiji in njemu podobna programska oprema omogoca iztis in ogled tridimenzionalnih
slik na dvodimenzionalnih zaslonih, kjer so uporabniki primorani rotirati sliko, da
odkrijejo celotno tridimenzionalno strukturo. S tehnologijo navidezne in izboljSane
resnicnosti se znanstvenikom ponuja boljsi nacin ogleda tovrstnih struktur, kjer se

vzorce prikazuje v trirazseznem prostoru, ki je cloveku bolj naraven in intuitiven.



K. Babuder, L. Gantar, B. Batagelj in F. Solina:
Viznalizacija vzorca sofaristne mikroskopije s tehnologijo obogatene resnithosti

65

Podjetje Immersive Science LLC je v preteklem letu predstavilo aplikacijo
Confocal VR, ki omogoca ogled vzorcev sozaris¢ne mikroskopije v okolju navidezne
resnicnosti (angl. virtual reality). Aplikacija je bila predstavljena v okviru strokovno
pregledanega clanka z naslovom »ConfocalVR: Immersive Visualization for

Confocal Microscopy« [3].

Ogled in interakcija z vzorci v trirazseznem prostoru navidezne realnosti pomaga
znanstvenikom priti do novih odkritji na podrocju zdravstva in dodaja znanosti novo
dimenzijo [4, 5].

Ext Light Thrahid

iofilm-scaled-1024x1024.nii

rating in VR Room: tis

Slika 2: Slika prikazuje navidezni model soZari§¢nega vzorca in uporabniski vmesnik v

aplikaciji [6].
2 Aplikacija za pametna o¢ala Microsoft HoloLens

Nadgradnja izkusnje ogledovanja vzorcev sozariséne mikroskopije iz tradicionalnega
nacina na ogledovanje v navidezni resnicnosti prinasa znanosti veliko koristi.
Smiselno je predpostaviti, da bi podobno, nadgradnja na ogledovanje v obogateni
resni¢nosti tudi koristila znanosti. Poleg tega, pa bi tehnologija zaradi svojih
sposobnosti prelivanja resnicnega in navideznega sveta prispevala $e nekoliko

drugacen pogled ali celo dodala povsem novo dimenzijo.
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2.1 Izdelana reSitev

Na sliki 3 je predstavljen prikaz vzorca in vmesnika, ki se ob zagonu aplikacije
pojavita v prostoru. Ce vzorec kadarkoli zapusti uporabnikovo vidno polie, se
uporabniku pojavi rdeca puscica, ki kaze v smeri modela. S tem je uporabniku

olajsano lociranje modela.

o GONTROL PANEL Fed

Slika 3: Vzorec in vmesnik prikazana v simuliranem okolju urejevalnika Unity.

Uporabniku je na desni strani vedno na voljo uporabniski vmesnik poimenovan
nadzorna plosc¢a (angl. Control Panel). Vmesnik uporabniku neprestano sledi po
prostoru in mu tako ostaja na dosegu roke. Ozadje vmesnika sestavljajo temne batve,
saj se hologrami gumbov, drsnikov in ostalih elementov vmesnika v prostoru

najbolje opazijo, ¢e so postavljeni pred ¢rnim ozadjem.

V glavi uporabniskega vmesnika se nahajata dva gumba in ime vmesnika. Prvi
omogoca izklop ali vklop mejne skatle in z njo moznosti premikanja objekta po
prostoru. Drugi uporabniku omogoca, da vmesnik pripne na mesto, saj lahko

neprestano sledenje vmesnika uporabnika ovira pri ogledovanju vzorca.
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V telesu uporabniskega vmesnika se nahajajo $titje drsniki in dva seta gumbov. Prvi
drsnik omogoca natan¢no prilagajanje velikosti vzorca. Drugi in tretji dresnik
omogocata spreminjanje prosojnosti posameznega kanala vzorca. S tem uporabniku
omogoca, da bolj izpostavi en ali drugi kanal. Sledita dva seta gumbov, ki sta
namenjena spreminjanju barve posameznega kanala vzorca. S spreminjanjem barve
vzorca se lahko v vzorcu bolje izrazijo podrobnosti posameznega kanala, z klikom

na najbolj desni gumb, pa se lahko katerega koli od kanalov tudi povsem izklopi.

Zadnji drsnik omogoc¢a uporabniku prilagajanje Stevila poligonov, ki izrisujejo
model. Glede na izbrano vrednost drsnika se v aplikaciji model iztisuje z razli¢nim
stevilom trikotnikov. Visje Stevilo trikotnikov pomeni vecjo kompleksnost modela

ter posledi¢no vedji nivo podrobnosti in vecjo procesorsko obremenitev za napravo.
3 Zakljucek

V prispevku je opisana resitev, ki omogoca vizualizacijo vzorca sozaris¢ne
mikroskopije s tehnologijo obogatene resni¢nosti na ocalih Microsoft HoloLens.
Uporaba aplikacije ni omejena samo na sozaris¢no mikroskopijo, saj omogoca prikaz
vzorcev katerekoli tehnike, ki je sposobna generirati tridimenzionalne vzorce.
Aplikacija se trenutno zanasa na razli¢ne programe za pretvorbo vzorcev v primerno
obliko za ogled v obogateni resni¢nosti. Smiselna nadgradnja bi bila torej podporna
storitev, ki bi uporabniku omogocala samodejno pretvorbo in uvoz vzorcev zajetih

s sozarisc¢no mikroskopijo v aplikacijo.
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1 Uvod

Podrocje prepoznavanja aktivnosti osebe je med raziskovalci vzbudilo interes ze v
80. letih prejsnjega stoletja, saj ima veliko uporabnost na stevilnih drugih podrog¢jih,
kot so medicina, interakcija ¢clovek-racunalnik, nadzor in sociologija. Kljub $tevilnim
naporom in izjemnim uspehom trenutno Se vedno ne dosega visokih standardov
natancnosti. Prav tako je pravilna realizacija tega podro¢ja v nekaterih nalogah, kot

je na primer videonadzor, Se vedno odprt raziskovalni problem [1].

V tej raziskavi smo za reSevanje problema prepoznavanja aktivnosti osebe iz
zaporedja slik uporabili povratne nevronske mreze. Omejili smo se na
prepoznavanje naslednjih aktivnosti: oseba ni v ravnovesju, se pripogiba, stoji, sedi,
lezi, hitro hodi, pocasi hodi in pada. Omejeni smo bili z majhno uc¢no mnozico, ki je
vkljucevala le 25 razli¢nih video posnetkov, na katerih so osebe izvajale prej nastete

aktivnosti.
2 Algoritem

Algoritem, ki smo ga uporabili za prepoznavanje aktivnosti osebe iz zaporedja slik
je bil sestavljen iz petih korakov, in sicer iz i) izlocevanja oseb iz slik, ii) generiranja
zaporedij, iii) obogatitve slik, iv) izloCevanja znacilnic iz posameznih slik in v)

prepoznavanja aktivnosti osebe iz zaporedja slik.
21 IzloCevanje osebe

1z vsake slike v vsakem videoposnetku smo izlo¢ili osebo, ki se je na njem nahajala.
Za izvedbo tega koraka smo uporabili predhodno naucen model
ssd_resnet_50_fpn_coco iz Tensorflow-ove zbirke modelov za detekcijo objektov
[2], ki smo ga izbrali na podlagi dobrega razmerja med natanc¢nostjo in hitrostjo.
Model na vseh slikah ni zaznal osebe. Prav tako smo ro¢no pregledali vse preostale

slike in odstranili tiste, ki so prikazovale manj kot 75 % osebe.

Rezultati so pokazali, da je bila natancnost zaznave manjsa od 90 % le pri dveh
razredih, tj. lezanje in padec. Na sliki 1 je prikazan graf deleza uporabnih slik glede

na vse slike pri izlo¢anju oseb.
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Slika 1: DeleZ uporabnih slik glede na vse slike pri izloCanju oseb

2.2 Generiranje zaporedij

Za prepoznavanje aktivnosti oseb smo uporabili zaporedja slik. Pridobljene
oklepajoce slike oseb smo zato zdruzili v zaporedja. Zaporedja smo pridobili s
postopkom drsecega okna velikosti 90, ki smo ga na zacetku polozili na prvih 30 slik
in ga nato premikali po 10 slik naprej. S postopkom smo prenehali, ko je bilo pod
drsecim oknom manj kot 30 slicic.

2.3 Obogatitev slik

Slike v nasi podatkovni zbirki smo tudi obogatili. S tem smo umetno povecali
velikost nase podatkovne zbirke, pri cemer smo obogatili le slike v u¢ni mnozici.
Uporabili smo naslednje transformacije: zasuk okoli osi y, gaussova zameglitev,
normalizacija kontrasta, aditiven gaussov Sum, posvetlitev in potemnitev slike,

skaliranje po x in y osi, translacija in rotacija.
2.4 Izlo¢evanje znacilnic iz posameznih slik

Znacilnice bi lahko izlocili direktno z uporabo povratnih nevronskih mrez, vendar
te niso uspes$ne pri procesiranju prostorskih informacij, ki se nahajajo v slikah.
Odlocili smo se za vmesen korak izlo¢evanja znacilnic z uporabo konvolucijske
nevronske mreze. Uporabili smo predhodno nauc¢en model imenovan Inception v3

[3], kateremu smo odstranili zadnje tri plasti.
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Za lazjo in verodostojnejso primerjavo uspesnosti razli¢nih detekcijskih metod smo
modelu Inception v3 za zadnjo povpre¢no zdruzevalno plastjo dodali plast Softmax
in jo ucili na nadi uéni mnozici. Pri ucenju smo zamrznili vse ostale plasti modela.
Na sliki 2 vidimo graf povpre¢ne natan¢nosti prepoznave posamezne aktivnosti po
ucenju zadnje plasti Softmax modela Inception v3, in sicer na osnovi zgolj ene slike.
Konéna povprecéna natancnost nasega modela za prepoznavo aktivnosti na osnovi
zgolj ene slike je bila tako 69,4 %.
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Slika 2: Povpretne natanénosti prepoznave posamezne aktivnosti osebe po ucenju zadnje

plasti Softmax modela Inception v3 na osnovi zgolj ene slike

2.5 Prepoznavanje aktivnosti iz zaporedja slik

Preizkusili smo dva tipa povratnih nevronskih mrez, in sicer i) tip zaporedje v vektor,
ki vrne eno zaznano aktivnost za vsako zaporedje in ii) tip zaporedje v zaporedje, ki
vine zaznano aktivnost za vsako sliko v zaporedju. Zaradi hitrosti ucenja in
primerljivih rezultatov glede na pomnilno celico LSTM, smo se odlocili za uporabo
pomnilne celice GRU [4]. Vhod v nevronsko mrezo so sestavljala zaporedja, ki so

vsebovala izhod zadnje povpre¢ne zdruzevalne plasti originalnega modela Inception
v3.
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3 Rezultati

V nadaljevanju predstavljamo dobljene rezultate. Eksperimente smo izvajali na
podatkovni zbirki, ki je bila sestavljena iz 25 Ze oznacenih videoposnetkov, ki so
prikazovali razlicne osebe pri izvajanju razlicnih aktivnosti. Ozadje se med
videoposnetki ni bistveno spreminjalo in na vsakem videoposnetku je bila prisotna
le ena oseba hkrati. Videoposnetki so vsebovali sledece aktivnosti, kjer je v oklepajih

zapisano $tevilo slik, ki so vsebovale dano aktivnost:

— pripogibanje (14815) — pocasna hoja (15045)
—  padec (1074) —  hitra hoja (15854)

— neravnovesje (6529) —  stanje pri miru (13421)
— lezanje (13465 — sedenje (13975)

Za ucenje nevronskih mrez smo uporabili 5-kratno krizno validacijo. Najprej smo
vse videoposnetke razlicnih oseb, ki jih je bilo skupaj 25, razdelili na 5 delov. Vsak
del v tem koraku je tako imel 20 videoposnetkov v u¢ni mnozici in 5 videoposnetkov
v testni mnozici. Med temi 20 videoposnetki smo nato naklju¢no izbrali se 5

videoposnetkov, ki smo jih uporabili kot validacijsko mnozico.
3.1 Povratna nevronska mreZa tipa zaporedje v vektor

Po ucenju te nevronske mreze smo jo ovrednotili na testni mnozici in dobili 83,2 %
povpre¢no natancnost. Za primetjavo rezultatov smo uporabili zaporedja, ki so
vsebovala izhod zadnje plasti Softmax modela Inception v3, ki smo ga udili v
prejsnjem koraku. Na vsakem tako generiranem zaporedju smo nato uporabili
vecinsko glasovanje. Izracunali smo 77,4 % povprecno natan¢nost prepoznave. Graf
na sliki 3 prikazuje povprecne natanénosti prepoznave posamezne aktivnosti pri

uporabi zaporedij slik.
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Slika 3: Povprecna natancnost prepoznavanja posamezne aktivnosti osebe pri uporabi
zaporedij slik
3.2 Povratna nevronska mreZa tipa zaporedje v zaporedje

Povpreéna natancnost prepoznavanja aktivnosti osebe s povratno nevronsko mrezo
tega tipa je bila 75,5 %. Primerjavo rezultatov smo izvedli z drsnim oknom, ki smo
ga premikali po zaporedijih, ki so vsebovala izhod zadnje plasti Softmax modela
Inception v3, ki smo ga ucili v prejsnjih korakih. Za dolocitev zaznane aktivnosti
smo ob vsakem premiku drsnega okna uporabili vecinsko glasovanje. Odlo¢ili smo
se za uporabo drsnega okna velikosti 5. Dosegli smo 71,5 % povprecno natanénost
prepoznavanja aktivnosti osebe. Graf na sliki 4 prikazuje povprecne natancénosti
prepoznavanja posamezne aktivnosti osebe pri uporabi povratne nevronske mreze
tipa zaporedje v zaporedje in drsecega okna velikosti 5.
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Slika 4: Povprecna natancnost prepoznave posamezne aktivnosti osebe z uporabo povratne
nevronske mreZe tipa zaporedje v zaporedje in drseCega okna velikosti 5
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V nadaljevanju prikazujemo grafe, kjer smo primerjali delovanje razli¢nih nacinov
zaznavanja aktivnosti osebe na vsaki sliki zaporedja. Na sliki 5 vidimo graf, ki
prikazuje zaznano aktivnost na vsaki sliki zaporedja ptri uporabi zadnje plasti
Softmax modela Inception v3, ki smo ga ucili prej. Na slikah 6 in 7 pa lahko vidimo
rezultate, ki jih je dosegla povratna nevronska mreza tipa zaporedje v zaporedje in
drsno okno velikosti 5. Vsi trije nacini so zaznavali na identicnem zaporedju, ki je

vsebovalo 90 zaporednih slik aktivnosti hitra hoja.

podasna hoja |seseeees oo esese esccssses o o ees sssess oo o see o
hitra hoja eee sesese see  seseseessese e o e se 0 se ses seee

stanje pri miru
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Slika 5: Primer zaznave aktivnosti hitra hoja za vsako sliko zaporedja pri uporabi izhoda

zadnje plasti Softmax modela Inception v3

Najmanj uspesno je po pri¢akovanjih bilo zaznavanje z uporabo zadnje plasti
Softmax modela Inception v3. Vidimo, da je zaznana aktivnost vec¢inoma oscilirala

med hitro in pocasno hojo.
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Slika 6: Primer zaznave aktivnosti hitra hoja za vsako sliko zaporedja pri uporabi povratne

nevronske mreZe tipa zaporedje v zaporedje

Pristop s povratno nevronsko mrezo se je izkazal za uspe$nega, saj je po nekaj

zacetnih slikah, v nadaljevanju pravilno klasificiral vse slike kot aktivnost hitra hoja.
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Slika 7: Primer zaznave aktivnosti hitra hoja za vsako sliko zaporedja pri uporabi drsnega

okna velikosti 5

Drsno okno je doseglo slabse rezultate od povratne nevronske mreze. Opazimo, da

je to vec¢inoma osciliralo med aktivhostma pocasna in hitra hoja.
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4 Zakljucek

V tem prispevku smo se ukvarjali s problemom prepoznavanja aktivnosti osebe iz
zaporedja slik s pomod&jo globokih nevronskih mrez. Ceprav smo eksperimentalno
pokazali, da smo s pomocjo povratne nevronske mreze v povpreéju natancneje
prepoznavali aktivnosti osebe, menimo, da taksen pristop ni nujno najboljsi za vse
naloge. Zaradi manj$e racunske zahtevnosti so za dolocene naloge v¢asih primernejsi
drugi nacini razvr$céanja. V dolocenih primerih je zato smiselno kombinirati razlicne
razvrscevalnike ali pa celo uporabiti razvrséevalnik, ki uporablja zgolj informacijo
ene same slike. Zaradi opaznih razlik v natancénosti prepoznavanja posameznih
aktivnostih osebe je tako pred konéno odlocitvijo o izbiri razvrséevalnika smiselno
identificirati aktivnosti, ki jih dejansko Zelimo prepoznavati. Sele na tej osnovi lahko

argumentirano izberemo tip razvrscevalnika.
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1 Uvod

Racunalniski vmesniki predstavljajo tocko komunikacije med clovekom in
racunalniskim sistemom. Uporabljamo jih za opravljanje vseh interakcij z moderno
tehnologijo. Ti obstajajo v razli¢nih oblikah in vpeljejo nivo posredovanja informacij
in ukazov. Mozganski vmesniki omogocajo neposredno interakcijo med cloveskimi
mozgani in racunalniskimi sistemi. Z njimi lahko uporabnik upravlja sisteme zgolj s
svojimi mislimi. Vmesnik meri mozgansko aktivnost ter signale nato poslje

racunalniskemu sistemu. Ta jih nadaljnje procesira in ovrednoti.

Trenutno smo v ¢asu velikega napredka na podrocju razvoja in uporabe mozganskih
vmesnikov. Raziskave na tem podrocju so zaceli nevroznanstveniki ze v zacetkih
sedemdesetih let dvajsetega stoletja [1]. Vse do zacetka enaindvajsetega stoletja so ti
omogocali zgolj osnovne racunalniske operacije kot je premikanje miskinega
kurzorja. Danes je mozno z njimi opravljati veliko bolj kompleksna opravila. V
zadnjem desetletju je tehnologija strojnega ucenja mocno napredovala. Ta
predstavlja eno izmet kljuénih komponent za nadaljnji razvoj programske opreme
povezane z mozganskimi vmesniki [2]. Zaradi taksnega napredka, uporaba te
tehnologije ni omejena samo na podrodje medicine in nevroznanosti, ampak

vkljucuje tudi uporabniske aplikacije, zabavno industrijo in umetnost.
2 Mozganski vmesniki

Mozganski vmesniki so vhodne naprave, ki povezujejo mozgane z racunalniskim
sistemom. S specializiranimi senzorji merijo mozgansko delovanje in pridobljene
podatke posredujejo racunalniku, ki jih obi¢ajno $e nadaljnje obdela. Najpogosteje
merijo elektromagnetno valovanje, ki se tvori ob aktivnosti specificnih predelov

Mozganov.

Vmesniki so lahko invazivni ali neinvazivni. Neinvazivni vmesniki uporabljajo
senzotje v obliki EEG (elektroencefalografskih) tipal, ki se pritrdijo na dolocene
predele cloveske glave. Ti merijo elektromagnetno valovanje s povrsine lobanje. Ta
metoda je veliko bolj primerna za vecino uporabnikov. Cenovno je bolj dostopna in
omogoca enostavno prenasanje vmesnika med uporabniki. Glavna slabost pri tem
pristopu je bistven vpliv $uma. Signal je na povrsju Sibkejsi kot v notranjosti. Nanj

pa prav tako vplivajo zunanje motnje iz okolja. Za uporabo invazivnih vmesnikov je
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potrebno opraviti medicinsko operacijo, pti kateri kirurg vsadi senzor neposredno v
mozgane. Direktna izpostavljenost senzotja omogoca bolj natan¢ne meritve. Odziv
na koristno mozgansko valovanje je veliko moc¢nejsi od vpliva Suma. Z vgrajenim
vmesnikom, lahko tudi stimuliramo posamezne predele mozganov. Na taksen nacin

dosezemo dvosmerno komunikacijo.

Proces delovanja mozganskih vmesnikov je razdeljen na ve¢ korakov. V prvem
koraku vmesnik zajame mozgansko aktivnost z uporabo specializiranih senzotjev.
Zagotoviti mora, da ima signal dovolj visoko ¢asovno in prostorsko locljivost. Prav
tako je pomembno minimizirati koli¢ino Suma, da izboljsamo natancnost metjenja.
Naslednji korak obsega procesiranje zajetega signala. S filtriranjem posameznih
frekvenc lahko nadaljnje odstranimo morebiten zunanji Sum. Prav tako pa lahko
izoliramo signal le na specificne spektre mozganskih valov. V tretjem koraku je zajet
signal potrebno klasificirati. Z uporabo modelov strojnega ucenja, klasificiramo
pomen zajetih signalov glede na problemsko domeno. Za to je potrebna zadostna
kolicina ucnih podatkov. V zadnjem koraku klasificirani vhod uporabimo za

opravljanje doloc¢ene akcije definirane v aplikaciji.

Zaznavanje mozganske aktivnosti je bolj enostavno, ko merimo odziv na znan
drazljaj. Ena izmed tehnik, ki uporablja to lastnost je zaznavanje vala P300. Ta se
pojavi pri cloveskem odzivu na doloc¢en drazljaj. Na EEG signalu se pojavi kot skok

amplitude v pozitivni smeri. Tako ga je mozno preprosto zaznati in ovrednotiti. [3]

Mozganski vmesniki se danes uporabljajo na Stevilnih podrocjih. Pogosto se
uporabljajo za raziskovanje delovanja ¢loveskih mozganov. Z njimi je mozno meriti
odzive dolocenih predelov, glede na specificne mentalne aktivnosti subjekta. Prav
tako imajo pomembno vlogo kot rac¢unalniski vmesnik za invalide, ki ne morejo
uporabljati tradicionalnih vmesnikov. Z napredkom na podrocju strojnega ucenja se
je razdirilo tudi obmocje uporabe mozganskih vmesnikov na podrocjih izven
raziskav in medicine. V zabavni industriji tak$na tehnologija omogoca personalno
prilagajanje virtualnih izku$enj. V povezavi s pametnimi napravami lahko prilagodi
uporabo glede na uporabnikove preference, ne da bi ta sam aktivno skrbel za to.
Taksna uporaba lahko obsega samodejno nastavljanje termostata ali svetlobe v

pametni hisi, izbiro glasbe v avtomobilu ipd.
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Trenutno mozganski vmesniki niso $e namenjeni potro$nikom. Primarno se
uporabljajo v raziskovalnih ustanovah. Razvijalci se z njimi lahko srecajo v obliki
razvojnih paketov, ki jih je mozno naroditi od dolocenih proizvajalcev. Prav tako jih

je pa mozno zaslediti na specializiranih dogodkih, konferencah in hekatonih.
3 BR4IN.IO

BR41IN.IO je hekaton, ki ga organizira avstrijsko podjetje g.tec v sodelovanju z
organizacijo IEEE Brain. Podjetje se ukvarja z razvojem tehnologije na podrocju
nevroznanosti. Primarno razvijajo mozganske vmesnike. Ponujajo tako invazivne
kot neinvazivne metode [4]. Poleg tega ponujajo tudi izobrazevanja in delavnice za

razumevanje, uporabo in razvoj aplikacij z mozganskimi vmesniki.
31 Hekaton

V okviru izobrazevalne iniciative so pri podjetju g.tec razvili tekmovanje BR41N.IO.
Ustanovili so ga leta 2017. Izvajajo ga veckrat letno po celem svetu [2]. Do sedaj so
ga organizirali v Grciji, Nem¢iji, Sloveniji, ZDA, na Japonskem in stevilnih drugih
drzavah. Dogodek je specializitan za razvoj projektov in uporabo tehnologije
povezane z mozganskimi vmesniki. UdeleZzencem zagotovijo razvojni paket, ki
vklju¢uje mozganski vmesnik in vso potrebno programsko opremo za razvoj
aplikacij. Dogodek je namenjen razvijalcem, oblikovalcem in umetnikom. Zaradi
tega projekti vkljucujejo naloge iz inzenirskega in umetniskega podrocja. Te obsegajo
uporabo tehnologije mozganskih vmesnikov v povezavi z upravljanjem robotov,
integracijo s pametnimi napravami, aplikacijami za rehabilitacijo, racunalniskimi
igrami, 3D tiskanjem, izrisovanjem sanj ipd. Tekmovalci izberejo eno izmed njih ali
si zamislijo svojo. Nato v $tiriindvajsetih urah razvijejo projekt, ki obi¢ajno vkljucuje
koncept in prototip aplikacije. Predstavijo ga mednarodni ziriji. Ta izbere najbol;j

izviren, inovativen in kakovostno izpeljan projekt.
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3.2 BR4IN.IO Trbovlje

Oktobra 2019 sem se udelezil BR41N.IO hekatona v Trbovljah. Dogodek se je
odvijal v delavskem domu v okviru festivala Speculum Artium. Poleg hekatona je
bila organizirana tudi razstava novomedijske umetnosti. Razstavljeni so bili
umetniski projekti povezani s sodobno tehnologijo kot je navidezna resnicnost,

robotika, napredna senzorika in mozganski vmesniki.

Tekmovanje sta vodila strokovnjaka s podjetja g.tec. Dogodek se je pricel ob desetih
dopoldan s predavanjem o tehnologiji mozganskih vmesnikov. Sledila je
demonstracija njihovega razvojnega paketa Unicorn Hybrid Black. Tekmovanje se
je uradno zacelo ob trinajstih, ko je vsaka skupina prejela svoj razvojni paket. V
naslednjih Stiriindvajsetth urah so ekipe razvile projekte in ustvarile krajse
predstavitve. Med tem sta strokovnjaka s podjetja g.tec udelezencem ponujala
podporo pri uporabi vmesnika in njegovi implementaciji. Predstavitve je ocenjevala
mednarodna zirija akademikov in strokovnjakov iz razlicnih podjetij visoke
tehnologije. Med njimi je bila dr. Maryam Alimardanis z univerze v Tilburgu na
Nizozemskem, Erika Mondria iz avstrijskega instituta Ars Electronica ter minister

za kulturo Zoran Poznié.
4 Vmesnik Unicorn Hybrid Black

Na tekmovanju smo pti razvoju projektov uporabljali mozganski vmesnik Unicorn
Hybrid Black (Slika 1). To je neinvazivni mozganski vmesnik, ki meri mozgansko
aktivnost z uporabo tehnologije EEG. Naprava je pritrjena na lahko kapo. Ta
vsebuje luknje, ki so namenjene apliciranju tipal na ustrezna mesta na uporabnikovi
lobanji. Dve tipali je potrebno dodatno zalepiti na celjust. Vmesnik se poveze na
racunalnik s standardom bluetooth in brezzi¢no prenasa zajete signale. Naprava
deluje dve uri preden jo je potrebno ponovno napolniti. Kakovost merjenja je
mozno izboljsati z uporabo prilozenega gela, ki se ga nanese na posamezno EEG
elektrodo. To izboljsa prevodnost in zmanjsa vpliv Suma. Naprava zajema signal s
24 biti pri 250 Hz. Signal nadvzorci 4096 krat in na takSen nacin zagotovi boljse

razmerje med signalom in Sumom [5].
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Razvojni paket vsebuje tudi programsko opremo za upravljanje z napravo in
uporabo zajetih podatkov. Ta omogoca prikaz zajema signala v realnem ¢asu. Orodje
vsebuje tudi sistem za dolocanje kakovosti signala za posamezne elektrode. Ta
grafi¢no prikaze stanje elektrod glede na njihovo lokacijo. Z zeleno oznadi elektrode,
ki ustrezno zaznavajo mozgansko aktivnost. Meritve so najbolj kakovostne, ko je
uporabnik zbran in se ne ozira na zunanje dejavnike. Prav tako mora biti ¢im bolj

miren, ker s premikanjem uvaja dodaten $um.

Slika 1: MozZganski vmesnik Unicorn Hybrid Black
Vit: https:/ /www.unicorn-bi.com/product/unicorn-hybtid-black/

Drugi nacin uporabe vmesnika je z orodjem P300 speller. Ta omogoca pisanje
besedila z mislimi. To doseze z ustvarjanjem drazljajev, ki jih nato zazna z
analiziranjem uporabnikovih pri¢akovanih valov P300. Na zaslonu izriSe tipkovnico.
Uporabnik zbrano opazuje izbran gumb na zaslonu. Priporocljivo je, da v mislih
Steje, ker na takSen nacin odpravi ostale misli, ki bi potencialno vplivale na ustrezno
zaznavanje. Med tem na virtualni tipkovnici utripajo posamezne vrstice in stolpci na
mestu tipk in za kratek moment prikazejo alternativno sliko. Vsaki¢ ko utripa
element, ki ga opazuje uporabnik, se sprozi val P300. Sistem izmeri ¢asovno
yjemanje med utripanjem posameznih elementov in uporabnikovih odzivov. Na
taksen nacin poisce element z najmanjsim odstopanjem. Mozganski odzivi se med
uporabniki razlikujejo. Zaradi tega je potrebno kalibrirati napravo pred uporabo. Ta
deluje v obratni smeri kot zaznavanje. Uporabnik izbere sekvenco elementov in jih

opazuje. Vecje kot je Stevilo elementov pri kalibraciji, bolj ustrezno se naprava
kalibrira.



M. Krajinovié, B. Batagelj in F. Solina:
Upravljanje ralunalniske igre 3 mislimi

85

Programska oprema razvojnega paketa omogoca tudi integracijo naprave s stevilnimi
programskimi jeziki. Na GitHub repozitoriju razvojnega paketa so na voljo
odprtokodni API+ji za C, C++, Python, MATLAB-ov Simulink in NET API za C#
[6]. Ti omogocajo neposredno uporabo signalov zajetih v zivo. V programsko
opremo je mozno tudi integrirati orodje P300 speller. Razvijalec lahko na tipkovnici
nastavi elemente po meri. Prav tako lahko spreminja ¢as zaznavanja posameznega

elementa ter frekvenco utripanja.
5 Projekt Imagination Solution

Pri uporabi novih vmesnikov, se razvijalci pogosto ujamejo v past. Z novo

tehnologijo skusajo opravljati interakcije, ki so bolj primerne za obstojec¢e vmesnike.

Za kakovostno rabo novih vmesnikov je potrebno uporabiti njihove unikatne
znacilnosti. V okviru tekmovanja v Trbovljah sem s taksnim pristopom ustvaril
interaktivno 3D igro. Ta uporablja mozganski vmesnik zgolj za interakcije, ki so
intuitivho povezane z miselnimi procesi. Ostale interakcije uporabnik vrsi s klasi¢no

uporabo tipkovnice in miske.

V okviru hekatona sem skupaj z Jonom Tavéarjem, dijakom srednje tehniske Sole v
Trbovljah, razvil projekt Imagination Solution. Glavna vizija projekta je interaktivna
virtualni avatar v igralnem okolju. Aplikacija mu zastavi doloceno nalogo ali cilj.
Uporabnikov avatar tega ne more doseci sam po sebi. Mora si pomagati z razli¢nimi
pripomocki. Te si uporabnik zamisli. Aplikacija to razbere s pomocjo mozganskega
vmesnika in jih ustvari v virtualno okolje. Naloge nimajo fiksnih resitev. Vsak
uporabnik jih lahko razresi na unikaten nacin s pripomocki, ki si jih sam zamisli. Na

taksen nacin igra krepi kreativno misljenje in razmisljanje izven zadanih okvirjev.

V idealni situaciji, bi aplikacija uporabila mozganski vmesnik za dinami¢no
generiranje unikatnih pripomockov, glede na uporabnikovo zamisel. Virtualno
okolje bi zgolj dolocilo okvirje ontologije in fizike. S kompleksnim model strojnega

ucenja, bi klasificirali uporabnikove zamisli na domeni pripomockov.
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Bolj enostaven pristop bi obsegal implementacijo Stevilnih, v naprej dolocenih,
pripomockov. Tem bi fiksno definirali njihove funkcije. Uporabnikove zamisli bi
nato klasificiral in poiskal najboljsi priblizek iz obstojecega nabora ustvarjenih
elementov. Dolocene parametre bi bilo mozno dinamicno prilagoditi in tako bolj
to¢no predstaviti uporabnikovo idejo. To bi lahko vklju¢evalo spreminjanje estetike

posameznega elementa ali nastavljanje njegovih parametrov.

V okviru tekmovanja sem razvil prototip. Aplikacijo sem ustvaril v pogonu Unity
3D. Za povezavo z mozganskim vmesnik sem uporabil integracijo orodja P300
speller. Ta pristop je omogocil implementacijo mozganskega vmesnika v kratkem
casu, ki je bil na razpolago. Prototip vsebuje tri fiksno dolocene pripomocke, med
katerimi izbira uporabnik. Ti vklju¢ujejo most, stopnice in odsko¢no ploscad. Ko jih
uporabnik z mislimi izbere v orodju P300 speller, se pojavijo v virtualnem okolju
(Slika 2). Nato jih uporabnik lahko premika z misko in uporabi za reSevanje naloge.
Zadan cilj v prototipu je pripeljati svojega avatarja do cilja 2D poligona. To je mozno
dose¢i na razlicne nacine z uporabo implementiranih pripomockov. Prototip
predstavlja osnovno razli¢ico vizije projekta in demonstrira njegov potencial.
Komisija je projektu dodelila glavno nagrado, IEEE Brain Award.

Slika 2: Vmesnik igre z mozZnostjo izbire pripomockov z mislimi

Vir: svoj.
5 Zakljucek

Mozganski vmesniki predstavljajo inovativho povezavo med clovekom in
racunalniskimi sistemi. V zadnjem desetletju je njihov razvoj mocno napredoval z

uporabo tehnik strojnega ucenja. Ceprav $e niso komercialno dostopni, je njihova
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uporaba vse bolj prisotna na podro¢jih izven okvitjev raziskav in medicine. Trenutno

smo v obdobju odkrivanja njihovega potenciala v uporabniski tehnologiji, kot so

pametne naprave in zabavne aplikacije. Pri njihovi implementaciji se je pomembno

osredotociti na ustrezno uporabo, ki vkljucuje intuitivne miselne interakcije.
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podlagi sarenice z nevronskimi mrezami. Ideja je, da na sliki
ocesa pravilno detektiramo obmodje Sarenice, s katerega nato s
primernimi metodami pridobimo tako imenovan vektor znacilk.
Vektor znacilk predstavlja kratek in unikaten opis posamezne
slike. Za nevronske mreze smo uporabili klasicne nevronske
mreze, ki smo jim kot vhod podali vektorje znacilk. Na koncu
smo preizkusili $e konvolucijske nevronske mreze, kjer smo kot
vhod podali originalno sliko. Pri klasi¢nih nevronskih mrezah
smo testirali vecje Stevilo kombinacij metod izboljsave slike,
metod izbire znacilk ter nevronskih mrez. Izkazalo se je, da
mreze za prepoznavanje vzorcev v kombinaciji z Gaborjevimi
filtri dosegajo to¢nost 95,7 procenta. Pri konvolucijskih
nevronskih mrezah pa se je najbolje izkazala mreza ResNet50 s

tocnostjo 96,4 procenta.
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1 Uvod

Za razvijanje in primerjanje smo uporabili podatkovno bazo CASIA Iris Image
Database Version 1.0 (CASIA-IrisV1) [1], katero sestavlja 756 slik, ki predstavljajo
108 razlicnih oces. Za vsako oko je bilo zajetih 7 primerov v dveh sejah. Prvo sejo
sestavljajo 3 primeri, drugo pa 4. Vsaka slika je shranjena kot format BMP dimenzije
320 x 280 slikovnih elementov.

Pogledali smo si dva pristopa prepoznavanja na podlagi sarenice. Prvi obsega
klasi¢cne nevronske mreze, kjer smo definirali metode segmentacije, normalizacije ter
izbire znacilk, katere smo nato podali kot vhod razlicnim nevronskim mrezam.
Zadniji pristop pa uporabi konvolucijske nevronske mreze, kjer kot vhod podamo

originalno neobdelano sliko iz podatkovne baze.
2 Klasi¢ne nevronske mreZe
2.1 Segmentacija in normalizacija

Ker je zenica popolnoma ¢rn predel ocesa, saj se svetloba na tem delu popolnoma
absorbira, lahko na sliki ocesa is¢emo temne predele, kar nam omogoca metoda
upragovanja. Ko imamo upragovano sliko, kar $e ne pomeni da smo odstranili vse
druge predele, lahko nadaljujemo z binarnimi morfoloskimi operacijami, ki nam
pomagajo odstraniti manjse zaznane regije. S tem dobimo sliko le ve¢jih regij, katere
pa nato s pomocjo algoritmov oznacevanja regij lo¢imo in opisemo. Med lo¢enimi
regijami izberemo povréinsko najvedjo, saj le-ta najverjetneje predstavlja zenico. Ce
zenica ni najvedja regija, lahko sklepamo, da slika ne predstavlja ocesa oziroma da je

slika popacena, saj poleg zenice, obrvi ter trepalnic zelo temnih regij naj ne bi bilo.

Za metodo segmentacije smo uporabili algoritem Paula Eduarda Merlotija [2], ki
predstavi nov nacin iskanja robov Sarenice. Metoda predpostavi, da je med Sarenico
in belo¢nico dovolj razlike v odtenku barve, katero z linearnim kontrastnim filtrom
$e bolj poudarimo. Ker je mogoce, da so nekateri slikovni elementi znotraj Sarenice
zelo svetli ali zelo temni, uporabimo povpreéja manjsih segmentov in Sele potem
primerjamo spremembe Vv intenziteti tona. Ko je inteziteta med dvema

povprecenima segmentoma dovolj velika, lahko to tocko smatramo kot rob.



U. Polanc in B. Batagelj:

e v . . 91
Prepoznavanje Sarenice s pomodjo nevronskih mreg

Metoda normalizacije katero smo uporabili je poenostavljena razlicica algoritma. V
nasem primeru dimenzijo matrike znacilk takoj zmanjsamo in se osredoto¢imo samo
na predele, ki uc¢inkovito identificirajo posameznika. Prav tako omejimo mapiranje

Sarenice na obmogje stranic, za katera je znano, da so pod manjsim vplivom trepalnic

in vek (glej Slika 1).

Pri nasi poenostavitvi vzamemo prvih # slikovnih elementov vrstice in jih direktno
shranimo v matriko stranice. To lahko storimo, saj imamo fiksno podatkovno bazo,

za katero smo izracunali najmanjso $irino predela $arenice.

Slika 1: Normalizirana slika (desno) z metodami P. E. Metrlotija [2]

2.2 Metode izboljSave kvalitete slike in izbire znacilk

Pred izbiro znacilk lahko izboljsamo kvaliteto slike z razlicnimi metodami, katerih
cilj je sprememba podatkov, tako da le-ti izboljsajo uspesnost algorimov obdelave
slike, ki sledijo. Metode lahko razdelimo v dve skupini: (1) metode prostorskih
domen ter (2) metode domenskih frekvenc.

V metodah prostorskih domen (angl. spatial domain methods) se ukvarjamo
neposredno s slikovnimi elementi. Vrednosti teh elementov se manipulirajo tako, da
se doseze izboljSava. Pogosti sta metodi izravnave histograma (angl. histogram
equalization) ter Gaborjevih filtrov (angl. Gabor filter).

Pri metodah domenskih frekvenc (angl. frequency domain methods) se slika najprej
prenese v frekvencno domeno, ponavadi s Fourierjevo transformacijo (angl. Fourier
transformation), nad katero se nato izvede izboljsava, in z inverzno Fourierjevo

transformacijo se dobi koncna izboljsana slika. Popularni metodi domenskih
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frekvenc sta uporaba Gaborjeve valéne transformacije (angl. Gabor wavelet

transform) in diskretne valéne transformacije (angl. discrete wavelet transform).

Velik problem Gabotjevih filtrov je, da imamo zelo velike dimenzije izhodnih
podatkov, zato imajo tu tudi klju¢no vlogo metode za zmanjsevanje dimenzije
vektorja znacilk. To lahko storimo s filtriranjem, kar je tudi razlog za ime metode
Gaborjevi filtri, med katere uvrS¢éamo vzorcenje (angl. sampling), povprecno
vzorcenje (angl. average filtering), ter dekimacija (angl. downsampling). Eden izmed

nacinov je tudi zmanjsanje dimenzije originalne slike.

Metode kot sta Gabortjevi filtri in diskretna valovna transformacija (angl. discrete
wavelet transform) imata kot izhod vektor znacilk visoke dimenzije. Da zmanjsamo
stevilo dimenzij lahko uporabimo metodi kot sta analiza neodvisnih komponent
(angl. independent component analysis) [3] ter linearna diskriminantna analiza (ang].

linear discriminant analysis) [4].
2.3 Nevronske mreZe

Za nevronske mreze smo uporabili mrezo za prepoznavanje vzorcev (angl. pattern
recognition network), kaskadno usmerjeno nevronsko mrezo (angl. cascade-forward

network) ter mrezo ucenja vektorskih kvantizacij (angl. learning vector quantization).

Pri testiranju smo uporabili £-kratno krizno validacijo (angl. k-fold cross validation),
kjer smo poleg razlicnih nevronskih mrez uporabili tudi razlicne kombinacije izbire

znacilk in metod izboljsave slike, kar prikazuje Slika 2.
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Methods Hetwork Type Feature Size Accuracy Train Accuracy Test

'Gabor" '"PatternNet’' 480 9g8.428 95.761
'Gabor + PCL' 'PatternNet' 50 98.104 93.658
'DWNT + PCA' 'PatternNet' 30 97.031 92.589
'Gabor + PCL' "PatterniNet' 40 87.678 92.1%8
'DWT" "PatternNet' 368 97.222 91.54z2
'Gabor + PCA' 'CascadeNet' 50 96.5681 88.502
'DWT + PCA' 'CascadeNet' 50 85.371 87.432
'Gabor + FastICLA' 'Ca=scadeNet' 50 95.914 £6.905
'Gabor + PCR' 'LVQNet ! 50 27.022 26.221
'Gabor + FastICh' "CazscadeNet' 40 94,313 85.854
'Gabor + PCA' "CascadeNet"' 40 94.812 84.791
'Gabor + PCL' "LVQNet " 30 87.301 83.487
'HistEgq + FastICA' "LVQNet " 30 86.627 83.472
'HistEg + FastICA' "LVQNet ' 40 86.067 83.231
'Gabor + PCA' "LVQNet' 40 86.742 82.551

Slika 2: Najbolj$ih pet rezultatov na posamezni nevronski mreZi razvr§¢enih po tocnosti

testne mnoZice, padajoce
3 Konvolucijske nevronske mreZe

Pogledali smo tudi konvolucijski nevronski mrezi AlexNet in ResNet50. Testirali
smo ju na dva nacina. Pri prvem smo kot vhodne podatke podali originalno sliko,

pti drugem pa smo sliko segmentirali in normalizirali.

Mrezi sta po sami sestavi razli¢ni in temu primerno imata razli¢no $tevilo plasti. Zato
smo se odlocili tudi pogledati to¢nosti na vsaki plasti posebej, da bi ugotovili, ali pri
vecjem Stevilu plasti lahko pride do slabsih ali boljsih rezultatov.

1z Slika 3 vidimo, da z vecjim Stevilom plasti pride do vecjega nihanja to¢nosti na
posamezni plasti. To smo storili tako, da smo na vsaki plasti posebej pobrali vektor
znacilk za uc¢no, testno in validacijsko mnozico. Z uéno mnozico smo naucili nov
model, ki uporablja metodo podpornih vektorjev (angl. support vector machine), s
pomocjo katerega smo nato napovedali pricakovane razrede testne in validacijske
mnozice. S tem smo pridobili informacijo kako posamezna plast vpliva na to¢nost
in kako se ta to¢nost spremeni v primerjavi s predhodnimi plastmi. Potrebno je
omeniti, da sta sliki zgrajeni s prenaucenima konvolucijskima mrezama, kjer le-ti
klasificirata 1000 razredov. Podatkovna baza, ki jo uporabljamo, pa vsebuje 108
razredov, zato smo pri obeh mrezah popravili zadnjo plast, tako da le-ta pravilno

klasificira naso podatkovno bazo.
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Slika 3: Graf to¢nosti testne mnoZice na posamezni plasti konvolucijske mreZe AlexNet (levi
graf) in ResNet50 (desni graf)

Kot vidimo optimalna plast ni zadnja, ampak je pri mrezi AlexNet Sesta, pri mrezi
ResNet50 pa 42. plast. To pomeni, da teoreticno boljse rezultate dobimo na teh
plasteh, zato smo se odlocili tudi testirati tocnost optimalne plasti, kjer kot vhodne
podatke uporabimo originalno sliko, saj le-ta prinasa boljse rezultate. Rezultati

to¢nosti s pomocdjo konvolucijskih mrez so prikazani na sliki 4.

Netowrk Type Method Accuracy Train Accuracy Valid Accuracy Test
"ResNet50" 'Original Image' 100 95.278 96.425
"RlexNet' '"Cptimal Layer' 100 85.141 94,309
"RlexNet' '"Criginal Image"' 99.848 91.147 92.07%9
"Rlexlet’ '"Hormalized Image' 93.1 93.137 89.57
"ResNet50" '"Hormalized Image' 100 79.444 77.382

Slika 4: Najboljsi rezultati s pomocjo konvolucijskih nevronskih mreZ
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1 Introduction

GauGAN models is build in three parts. These are encoder, generator and

discriminator.

While learning, input data is sent to encoder. Input data consists of input image
(256x250x3). Encoder passes images through deep neural network and generates
latent vector of length 256. Output vector is also called latent space of the image. Its
values are usually distributed as a Gaussian (or Normal) distribution and normalized
between 0 and 1.

Latent vector is then send to generator, where new image is generated. The generator
contains a series of the SPADE (SPatially Adaptive (DE)normalization) residual
blocks with upsampling layers. At every step of upsampling image, a mask of original

image is also send into the generator.

( pix2pixHD _ . i
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Figure 1: Generator architecture [1]

During training, a discriminator is connected to generator and it is used to predict

whether generated image is similar to original. [1], [2], [3]
11 Related works

Similar to our project, a group of researches from University of Hong Kong [4]
analyzed latent space and tried to manipulate generated images. They used different
GAN model called InterFaceGAN and support vector machine (SVM) to
understand how attributes impact latent space. According to the results presented in
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their article, they managed to change attributes in latent space and generated images

that have different attributes from input.

An important difference between GauGAN and InterFFaceGAN is that in GauGAN
each image is generated using an additional mask, representing spatial context, based
on input image. While InterFaceGAN is able to change the gender of the person in
the output image with a different length/shape of hair, GauGAN can not change
the mask of the image, however it is supposed to be more robust when facial shape
has to be preserved. InterFaceGAN also allowed the authors to change persons pose
and whether it has glasses or not, while GauGAN is able to synthesize the glasses if

they are annotated as a specific category inside provided mask.
2.1 Dataset

Our GauGAN model was build on CelebAMask-HQ dataset [5]. It was build in
python with library PyTorch [6]. CelebFaces Attributes Dataset (CelebA) [7] is a
large-scale face attributes dataset with 30000 images, each with 40 attribute
annotations. Some of most important attributes for this project were attributes of
hair colour (blonde_hair, black_ hair, brown_hair), gender, lipstick and age. All of
these attributes are binary. The images in this dataset cover large pose variations and

background clutter.
2 Methodology and results

We have set two goals for the seminar paper. First one was the analysis of attributes
and latent space, and the second was the analysis of the GauGAN algorithm using
k-nearest neighbor algorithm, to demonstrate, whether it is possible to modify our

generative model to utilize k-anonymity mechanisms for face synthesis.

For easier explanation of latent space and its correlation with image attributes we
used visualization with PCA. PCA (Principal component analysis) is an algorithm
that reduces the dimension of the latent space to smaller dimensions. We reduced
the latent space (vector of length 2506) into a two-dimensional vector(to be able to
visualise it on 2d plane) and searched for relationships between different attributes.
Using python's PyPlot library, we constructed graphs to visualize if and how certain
attributes impact values of latent space. The most interesting relationship among the
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attributes was between the different hair colors. There are attributes for black,

brown, gray, blond hair and even an attribute for baldness.

Black_Hair 8 - Blond_Hair
Blond_Hair ° Male
Brown_Hair 6
Gray_Hair
Bald

Figure 2: PCA visualization of different attributes

The Figure 2 shows different colours of hair and relation between males and blonde
hair in 2d space modeled by PCA. On first graph, the biggest difference is between
black and blonde hair meanwhile other hair colours are placed somewhere in
between (we can notice color gradient ranging from dark to bright color tones --
covering black to blonde hair with brown tones in the middle). On second graph we
can see that people with blonde hair are separated from males. Since the vizualization
in Figure 2 was compressed using PCA, the attribute mapping does not represent
actual attribute distribution in original space (it is only one of the possible

interpretations) .

By changing the values of vectors in latent space, it is possible to change attributes
of generated images. In the case of age, hair colour and lipstick, we tried to modify
latent vectors to change the attributes of generated image. We used a method of

modifying latent vector in multidimensional space and in 2D space generated by
PCA.

In doing so, the first step was to determine how latent vectors represent each
attribute. We generated latent vectors for each image in dataset and then calculated
mean values of latent vectors for each and every attribute. After that, we used those

mean values to calculate new value of latent vector which should represent different
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attributes for generated image. Some of the sample experiments were made on
attributes for age and gender. To change the attribute of gender (from male to
female), we have subtracted the average vector for people that were male (Male = 1)
and added average vector for attribute female (Male = -1). In other words, we added
difference between average male and average female vector to latent vector of the

image.

n(attr) = number of images with given attribute

n(male)

i=0 latent_space_male

average_male =
8¢ n(male)

n(female)

i=0 latent_space_female

average_female = n(female)

female_vector = average female — average_male
new_vector = original_vector + female_vector

We also tried to change hair between original and generated images. This problem
was more complex, since there were multiple attributes for hair colors. To change
hair from blonde on original image to black on generated image we first subtracted
the difference of average blonde and non-blonde vector (with that, the latent vector
represented a non-blonde person). Then we added the average vector for black hair
and generated a face. Results of the following approach on attributes of age, hair

colour and lipstick are shown on Figure 3.
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Changed Attribute Original image Generated image Changed image

Age

Hair color
(blonde to black)

Lipstick

Figure 3: Changed attributes of generated images. In the last row, we subtracted lipstick

attribute (since it was already present in the original image).

We can observe that some attributes of generated images have been changed. In
attribute of age, shape of face generated stayed almost same but the colour of hair
changed to light gray. In second row blonde hair became black and in third row we

can see that lipstick was removed on last image.

Generated image with changed | Generated image with changed

Image Original image attributes in 2D space attributes in original space

Image1

Image 2

Figure 4: Difference between changing attributes of hair (from blonde to black) in 2d space

and in original vector space of size 256.
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In the Figure 4 are the results of described method to change the attributes when
changing the 2D space (generated by PCA) and when changing the original

multidimensional space.

It is noticeable that changing original space changes attributes better than PCA.
This is most likely because the PCA generalizes multidimensional space while losing
a lot of information. These results could be improved by opting for higher
dimensions, but with that we would lose the ability to make simple visualizations
(these are simple in 2D space).

The second objective of the seminar paper was to analyze the to analyze the
possibility of incorporating k-same algorithm into our generative model. We were
interested in how the model would generate faces if we used the average latent space
of the k-nearest neighbors (IKNN) instead of the latent space of only one image. We
compared faces that were generated at k = 1, 2 and 10.

Image Original image Generated image (k = 1) | Generated image (k = 2) |Generated image (k = 10)
Image 1
L2
=
Image 2
s

Figure 5: Differences between original, generated, generated (k=2) and generated (k=10)
images

In Figure 5 we can see faces at different parameters k. Generated image (k = 1) has
similar colour of hair like original image and it keep the same colour of eyes. With
higher 'k' parameter faces start to slowly losing their characteristic features. At k =
10 we can see, that hair became all brown and so did eyes. This is because face
becomes more generic with higher k.
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3 Conclusion

In this seminar paper, we analyzed how manipulation of latent space change
attributes in generated image. We have developed an approach that is based on the
averaging of the embeddings (latent vectors) of the individual attribute and is able

to change the appearance of the generated image.

Using original multidimensional vector performs better than PCA vector. This is
mostly because PCAs two-dimensional space is generalization of original space and

can lose some information during PCA data fitting.

We found that the vectors in the latent space -- although distributed by Gauss and
normalized between 0 and 1 -- still retain information about the attributes of the
original image. By modifying these vectors, we can force the generator to produce
images with modified attributes of the original image. For example, we changed the
appearance of people's ages, their lipstick, and hair color. There was a problem
changing the gender, since the algorithm always gets a mask of the original image
when it is generated, which also has annotated hair. Thus, when changing gender,

we cannot expect hair length or shape to change.

Using the KNN algorithm, we can further mask faces (by averaging embedding
values of multiple images). It is worth mentioning that generated faces will lose some
information of the original image. To be more precise, they will include features of
the pictures of the selected neighbors. If we set k to 10 or more, the original features

of the basic image are lost by averaging.

Important problem, however, was the fact that we were using GauGAN model that
was still learning. We used the model and its embeddings from 50th epoch. Using a
model that has already finished its learning and the neural network has converged,
we would no doubt be able to achieve even better results at changing the attributes

in the latent vector or when using the KNN algorithm.
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Povzetek Pri uporabi napovednih modelov, ki temeljijo na
konvolucijskih nevronskih mrezah (CNN), smo pogosto
omejeni na visoko zmogljive sisteme. To zmanjsa vsakodnevno
uporabnost, kjer bi si Zzeleli poganjanje takih modelov na
mobilnih ozitoma nizko zmogljivih napravah. S tem namenom
smo pregledali regijsko osnovane CNN detektorje in CNN
detektorje z enim prehodom ter evalvirali naucene modele na
mini racunalniku Raspberry Pi 4 z uporabo USB pospesevalnika
Google Coral. NajboljSe rezultate smo dobili z uporabo
modelov, ki so bili trenirani za izvajanje na Coral pospesevalniku
z uporabo ogrodja TensorFlow Lite. Najpocasnejsi povprecni
¢as obdelave slike ima model Faster R-CNN. Za izvajanje v
realnem casu sta primerni razlicici YOLO V2 in V3 tiny, ki
omogocata obdelavo priblizno dveh slik na sekundo. Najboljse
rezultate smo dosegli z uporabo modela MobileNet V2 SSD
prilagojenega za Edge TPU. Povprecni ¢as obdelave slike je bil
17 milisekund, kar pomeni priblizno 60 sli¢ic na sekundo.
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1 Uvod

Na podro¢ju video nadzora je v zadnjih letih veliko raziskav, ki za svoje resitve
uporabljajo razlicne mobilne naprave in mini racunalnike (mobilni telefoni, RPi,
NUC ipd.). Te naprave so navadno cenovno ugodne in majhne, zato so primerne za

postavitev v prakti¢no vsa okolja.

V nadi analizi in evalvaciji smo se osredotocili na arhitekture, ki uporabljajo
konvolucijske nevronske mreze (CNN) in imajo dobro razmerje med natanc¢nostjo
in zahtevnostjo izvajanja. Preucili smo prednosti in slabosti teh arhitektur, predvsem
nam je bilo pomembno razmerje med natancnostjo napovedi ter zahtevnostjo
procesiranja. Osredotocili smo se na ze trenirane modele, ki smo jih pridobili s
spleta. Testiranja smo izvajali na mini racunalniku Raspberry Pi 4 z uporabo USB
pospesevalnika Google Coral. Raziskali smo kompleksnost postavitve okolja za
posamezno arhitekturo ter preudili na kak$en nacin je mogoce modele poganjati na
Raspberry Pi s Coral pospesevalnikom oziroma s kaksnimi omejitvami se sre¢amo

pri poganjanju modelov na napravi, ki nima namenske graficne enote.
2 Metodologija

Pregledali smo razlicne arhitekture konvolucijskih nevronskih mrez, ki se
najpogosteje uporabljajo na podrocju detekcije obrazov in niso preve¢ racunsko
zahtevne. Pregledali smo vse razlicice posameznih arhitektur in primerjali prednosti,

slabosti ter glavne izboljsave.
21 Detekcija objektov

Za detekcijo objektov z uporabo nevronskih mrez se za detekcijo oseb trenutno
uporabljajo razlicne arhitekture, ki jih lahko razvrstimo v dve skupini. V prvo
uvrséamo CNN detektorje z enim prehodom (angl. Single pass Convolutional
Network). Primera te arhitekture sta SSD (Single Shot MultiBox Detector) [1] in
YOLO (You Only Look Once) [2]. P1i testiranju smo uporabili zadnji razlicici te
arhitekture YOLO9000 [3] in YOLO V3 [4].



V. Cermelj, P. Peer in 7. Emersic:

Evalvacija konvolucijskib nevronskih mreg na Raspberry Pi 3 USB pospesevalnikom Goaogle Coral 107

V drugo skupino uvrscamo regijsko osnovane CNN detektorje (angl. Region-based
Convolutional Neural Networks). V to arhitekturo spadajo R-CNN [5], Fast R-CNN
[6] Faster R-CNN [7], R-FCN [8] ter arhitektura PVANET [9].

2.1.1  Regijsko osnovani CNN detektorji

Regijsko osnovane konvolucijske nevronske mreZze oziroma regije s CNN
znacilnostmi (R-CNN) so eden izmed modernih nacinov apliciranja modelov

globokega ucenja.

Osnovna ideja R-CNN modela je predlaganje razlicnih regij v sliki in izracun, ce te
regije vsebujejo objekt. Predloge za regije model ustvari z uporabo procesa
imenovanega Selective Search [10]. S tem procesom algoritem precese sliko z
uporabo oken razlicnih velikosti in poskusa zdruziti sosednje piksle po teksturi, barvi
ali intenziteti, ki jih nato uporabi za identifikacijo objektov.

Za vsako predlagano regijo R-CNN izracuna znacilke in z uporabo metode
podpornih vektorjev (angl. Support-vector machine) objekte klasificira ter
identificira. V zadnji stopnji R-CNN poslje okvirne napovedi robnih skatel (angl.
bounding box) skozi model linearne regresije, ki izracuna bolj natanéne lokacije
robnih skatel [5].

R-CNN je zaradi racunske zahtevnosti neprimeren za uporabo v aplikacijah, ki
delujejo v realnem casu. Za taka okolja sta bolj primerna novejsa Fast R-CNN in
Faster R-CNN. Trenutno se izmed vseh pristopov na podrocju video nadzora za

detekeijo objektov najbolj uporablja najnovejsi Faster R-CNN [11].

V tej arhitekturi je na zacetku vhodna slika podana v globoko konvolucijsko
nevronsko omrezje imenovano Region Proposal Network (RPN), ki ustvari robne
skatle za interesne regije (angl. Region of interest). Predlagane regije so nato
preoblikovane z zdruzevanjem ROI znacilnosti iz skupnih konvolucijskih plasti.
Znacilke zdruzene z ROI zdruzevanjem Faster R-CNN uporabi za napoved ali je na
nekem ROT prisoten objekt. Cas procesiranja je najbolj odvisen od $tevila robnih
skatel, ki jih predlaga RPN [7].
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Arhitektura R-FCN je podobna Faster R-CNN vendar vkljucuje nekaj izboljsav, ki
omogocajo hitrejSe izvajanje s primerljivo natancnostjo. R-FCN po ROI
zdruzevanju ne uporablja polno povezanih plasti za klasifikacijo. Vse racunsko

zahtevne operacije se izvedejo pred ROl zdruzevanjem.
2.1.2 CNN detektorji z enim prehodom

YOLO je arhitektura za detekcijo objektov, ki objekte klasificira v razrede in napove
kje v sliki se nahajajo prepoznani objekti.

Najprej razdeli vhodno sliko v mrezo velikosti celic SXS. Vsaka celica v mrezi lahko
predstavlja en napovedan objekt. Tista celica, ki vsebuje sredino objekta na koncu
prevzame odgovornost za napoved objekta. Vsaka celica mreze napove najve¢ B
robnih skatel in C verjetnost razreda. Predikcija robne skatle je sestavljena iz petih
vrednosti: X in Y sta koordinati srediS¢a robne skatle relativno doloceni glede na
celico, W in H predstavljata dimenzije skatle relativno na velikost slike. Te stiri
vrednosti so normalizirane. Zadnja vrednost je ocena zaupanja napovedi (angl.
confidence). Koncne napovedi so kodirane v tenzor za vsako celico v mrezi (Enacba
1).
SXSX(Bx5+C0C)

Enacba 1: Izhodni vektor napovedi za posamezno celico v mreZi [2].

YOLO9000 je z uporabo normalizacije serije (angl. batch normalizaton) zman;jsal
prekomerno prilagajanje podatkom (angl. overfitting). Za klasifikacijo so uporabili
Darknet-19 model, ki je sestavljen iz 19 konvolucijskih plasti in petth plasti za
filtriranje maksimalnih vrednosti (angl. Maxpooling layers). Najvecja izboljsava te
razlicice je vpeljava sidrnih skatel (angl. anchor boxes), s katerimi mreza dobi

priblizne podatke o polozaju in dimenzijah objektov [3].

Prvi dve razli¢ici modela sta imeli probleme pri zaznavanju majhnih objektov.
YOLO V3 za posamezno lokacijo v mrezi naredi tri razlicne napovedi, kar omogoca
boljse zaznavanje tako velikih kot majhnih objektov. Za predikcije razredov

uporablja logisticne klasifikatorje, ki omogocajo vec-znakovno klasifikacijo. Glede
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na prejsnje razlicice se je povecalo tudi Stevilo konvolucijskih plasti za dolocanje
znacilk [4].

Druga arhitektura, ki jo uvrs¢éamo med CNN detektorje z enim prehodom je SSD
[1]. Osnovana je na enosmerni (angl. feed-forward) konvolucijski nevronski mrezi,
ki proizvede zbirko fiksne velikosti. V zbirki so podatki o robnih skatlah (angl.
bounding box) in tockah, ki predstavljajo prisotnost razreda v teh Skatlah. SSD
zdruzi predikcije iz razlicnih grafov znacilk (angl. feature map) z razlicnimi
resolucijami ter na tak nacin zaznava objekte razlicnih velikosti. SSD je preprostejsi
od regijsko osnovanih CNN detektorjev, saj je sestavljen samo iz enega nevronskega

omrezja [1].
2.2 Ekstrakcija znacilk

Za osnovno mrezo (angl. base network) smo pri arhitekturi SSD izbrali arhitekturo
MobileNet. Njena prednost je hitrost racunanja v primerjavi z drugimi mobilnimi
arhitekturami. Osnovna mreza je v nasem primeru sluzila za ekstrakcijo znacilk, ki
jih je uporabil SSD za napovedi. Glede na razlicico MobileNet V1 [12] in MobileNet
V2 [13] je najnovejsa razlicica MobileNet V3 [14] hitrej$a in tudi bolj natancna.

Glavna prednost MobileNetV3 je uporaba ti. AutoML tehnik (MnasNet [15] in
NetAdapt [106]), ki omogocajo, da upravljavska nevronska mreza (angl. controller
neural net) pois¢e najbolj primerno arhitekturo za dan problem. Najprej MnasNet s
pomocjo tehnik okrepljenega ucenja (angl. reinforcement learning) poisée grobo
arhitekturo optimalne konfiguracije iz diskretnega nabora moznosti. Nato model
arhitekturo natanc¢no nastavi z uporabo NetAdapta, ki odreze malo uporabljene

aktivacijske kanale v majhnih stopnjah [14].

V osrednjo arhitekturo so vkljucili gradnik »squeeze-and-excitation« [17], ki izboljsa
kvaliteto reprezentacij, ki jih izdela model. To doseze z eksplicitnim modeliranjem
odvisnosti med kanali v konvolucijskih znacilnostih. Avtorji so v ta namen predlagali
mehanizem, ki mrezi dovoljuje ponovno umerjanje znacilnosti, s katerim se lahko
model nauci uporabe globalnih informacij za selektivno poudarjanje informativnih
znacilnosti ter zavracanja manj uporabnih. Ta gradnik je v V3 postal del iskalnega
prostora (angl. search space) in s tem omogocil pridobivanje bolj robustnih

arhitektur.
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3 Strojna oprema

Eksperimente smo poganjali na kombinaciji mini racunalnika Raspberry Pi 4 in USB

pospesevalnika Google Coral.
31 Edge Tenzor procesna enota

Edge tenzor procesna enota (Edge TPU) [18] je Googlov ASIC ¢ip, ki je bil zgrajen
za poganjanje modelov strojnega ucenja z uporabo racunanja na robu (angl. edge
computing). Njegova prednost je majhna velikost, poleg tega porabi veliko manj
energije kot TPU-ji, ki jih ima Google v svojih podatkovnih centrih.

Pri evalvaciji smo uporabili Edge TPU Coral USB pospesevalnik. Ta strojna in
programska platforma omogoca gradnjo pametnih naprav s hitrim nevronskim
sklepanjem (angl. neural network inferencing). Coral omogoc¢a matematicne
operacije s podatki do velikosti 8-bitov. Zato da se lahko model izvaja na procesni
enoti, mora biti treniran z uporabo TensorFlow kvantizacijsko zavedne tehnike

angl. quantization-aware training technique).
(angl. q g q

Coral USB pospesevalnik je velik 30 mm X 65 mm X 8 mm. V racunalnik ga lahko
povezemo z USB 3.0 (USB 3.1 Gen 1) kablom, ki podpira hitrosti do 5 gigabitov na
sekundo. Na Coral pospesevalniku je vhod USB tipa C. Deluje lahko v dveh razli¢nih
stopnjah delovanja. Pri poganjanju na privzeti taktni frekvenci (angl. default clock
frequency) mora biti temperatura zraka do 35 °C, pti uporabi maksimalne taktne

frekvence (angl. maximum clock frequency) mora biti temperatura zraka do 25 °C.

Zaradi lastnosti ASIC vezij se lahko na Google Coral za detekcijo poganjajo le
modeli, ki uporabljajo arhitekturo SSD in so bili kvantizirani.

3.2 Raspberry Pi 4

Za poganjanje modelov smo uporabili racunalnik Raspberry Pi 4. Ima 1,5 GHz 64-
biten $tiri-jedrni ARMv8 procesor. 802.11ac Wireless LAN povezavnost z
internetom, Bluetooth 5.0 in Bluetooth Low Energy (BLE) povezljivost. Nasa
razli¢ica ima 4 GB pomnilnika, 40 GPIO pinov, HDMI vhod, Ethernet vhod ter
rezo za Micro SD kartico.
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4 Vzpostavitev okolja

Modele predstavljene v poglavju metodologija smo poiskali na spletu v formatu, ki
je omogocal izvajanje na racunalniku Raspberry Pi. Testirali smo z vsaj po enim
modelom iz vsake arhitekture. Osredotocili smo se predvsem na modele, ki so

prilagojent za izvajanje na platformi RPi.

Najvec tezav pri postavitvi okolja smo imeli pri Faster R-CNN, ki se izvaja z uporabo
OpenCV knjiznice. Knjiznico je bilo potrebno zgraditi direktno iz programske kode,

saj jo je le na ta nacin mozno uporabljati v C++ programih.

Za izvajanje YOLO modelov smo na sistem namestili Darknet [19]. Zaradi lastnosti
nase programske opreme, racunanje z osnovno razlicico tega ogrodja ni bilo
mogoce, saj RPi nima namenske grafi¢ne enote. Z uporabo knjiznic, ki omogocajo
uporabo ogrodja Darknet na napravah brez graficnih enote nam je uspelo
vzpostaviti delujoc sistem, ki smo ga testirali s programom v programskem jeziku
C++.

Najmanj tezav pri namestitvi smo imeli pri vzpostavitvi okolja za modele MobileNet
SSD in uporabi Coral USB pospesevalnika. Vse potrebne knjiznice smo namestili z
orodjem APT (Advanced Package Tool) [20], ki so nam omogocale zelo enostavne

poganjanje s programskim jezikom Python.
4.1 Evalvacija

V trenutni razlicici TensorFlow Lite ne dopusca treniranja in poganjanja regijsko
osnovanih CNN modelov in modelov YOLO. Coral USB pospesevalnik smo tako
uporabili le pri evalvaciji arhitekture SSD.

Za racunanje Casa, ki ga model porabi za analizo vhodne slike (angl. inference time)
smo uporabili kodo, ki je namescena ob vzpostavitvi okolja za posamezne modele.
Za MobileNet SSD smo inferenco merili v programskem jeziku Python, YOLO ter
Faster-RCNN pa v programskem jeziku C++. Razlike zaradi programskih jezikov

niso vstete v koncne rezultate.
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Evalvacijo arhitekture YOLO smo izvedli na razli¢icah YOLO V2 tiny in YOLO
V3 tiny. Loceno smo izmerili povprecen ¢as obdelave pri prvi sliki, ko se model

nalozi in pri vseh nadaljnjih obdelavah.

Evalvacijo arhitekture SSD smo izvedli z razlicicama MobileNet V2 in MobileNet
V3. Pri V2 razlicici smo testirali model, ki je prilagojen za Coral EdgeTPU in takega,
ki vse procesiranje izvaja na RPi Za MobileNet V3 SSD na spletu $e ni dostopnih
modelov, ki bi bili prilagojeni za EdgeTPU, zato smo testirali model brez uporabe

Coral pospesevalnika.
5 Rezultati

Vse modele smo testirali z dvema vhodnima slikama velikosti 1280 X 720 (HD), na

slikah je bilo razli¢no stevilo ljudi, na eni sliki so bile $tiri osebe, na drugi ena.

Uporaba Coral USB pospesevalnika je pospesila procesiranje slik za faktor 10. Na
grafu 1 so prikazani povprecni ¢asi obdelave za vse preizkusene modele. Podani so
v milisekundah, pridobili smo jih s povpre¢jem pridobljenim iz 1000 razli¢nih ¢asov
obdelav. Vsi modeli iz konvolucijskih nevronskih mrez z enim prehodom, ki smo
jih testirali, so primerni za uporabo v realnem ¢asu. Za obdelavo videa (> 25 slik na
sekundo) je primeren le MobileNet V2 SSD, ki je prilagojen za Coral pospesevalnik.
MobileNet V3 SSD razli¢ica bo predvidoma $e hitrejSa, vendar zaenkrat se ni

dostopnih modelov, ki bi bili prilagojeni za izvajanje na Coral pospesevalniku.

Bolj podrobni rezultati za testirane modele se nahajajo v tabeli 1. Inferenca ob prvi
obdelavi je pri vseh modelih nekoliko pocasnejsa, saj se takrat v spomin nalozijo
utezi modela, vendar to ne vpliva na nadaljnjo obdelavo. Inferenco za posamezni
model smo izracunali iz 10 razlicnih meritev. Povpre¢na natanénost uporabljenih
modelov je pridobljena iz povezav, kjer smo modele pridobili in ni preizkusena z

uporabo testov.

Za Faster R-CNN nam ni uspelo pognati modela v nasem testnem okolju. Avtor
modela, ki smo ga uporabili za evalvacijo, je dosegel povprecni ¢as obdelave 26
sekund za eno sliko. Modeli, ki uporabljajo R-CNN arhitekturo torej Se nekaj ¢asa

ne bodo primerni za mobilne resitve na rac¢unalnikih kot je RPi.
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Graf 1: Povprecen ¢as procesiranja modelov.

Tabela 1: Rezultati evalvacije. Vrednost mAP predstavlja povpreéno natan¢nost napovedi

modela na bazi slik COCO.
. Inferenca Inferenca na
Slika Ime modela o ) ] mAP
na prvi sliki | ostalih slikah
1 oseba Mobilenet V2 SSD -
302 ms 289 ms 22
COCO Quant Postprocess
4 osebe Mobilenet V2 SSD - 306 ms 205 ms 2
COCO Quant Postprocess
1 oseba Mobilenet SSD V2 -
COCO Quant Postprocess 41 ms 17 ms 22
Edge TPU
4 osebe Mobilenet SSD V2 -
COCO Quant Postprocess 44 ms 18 ms 22
Edge TPU
1 oseba | Mobilenet V3 SSD COCO 153 ms 106 ms 24.3
4 osebe | Mobilenet V3 SSD COCO 149 ms 106 ms 24.3
1 oseba YOLO V2 tiny COCO 671 ms 539 ms -
4 osebe YOLO V2 tiny COCO 666 ms 537 ms -
1 oseba YOLO V3 tiny COCO 712 ms 548 ms 33.1
4 osebe YOLO V3 tiny COCO 704 ms 557 ms 33.1
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6 Zakljucek

Raziskali smo razlicne CNN arhitekture, ki so se uporabljale v zadnjih petih letih.
Ugotovili smo, da je za izvajanje na mini racunalnikih, kot je Raspberry Pi 4, najbolje
uporabiti modele, ki za detekcijo uporabljajo SSD. Podobne rezultate nam ponuja
tudi arhitektura YOLO. Za obdelavo videa je potrebno uporabiti tudi Coral USB
pospesevalnik, ki nam omogoca obdelavo do 60 sli¢ic na sekundo. Ugotovili smo,

da Faster R-CNN ni primeren za uporabo na RPi.

Razvijalcem, ki bi v svojih aplikacijah Zeleli uporabiti eno izmed obravnavanih
arhitektur najbolj svetujemo uporabo Tensorflow MobileNet SSD modelov. Ta
arhitektura omogoca najlazjo postavitev okolja in zelo hitro zaznavanje objektov na

sliki, $e posebej ¢e sistem vkljucuje tudi Coral USB pospesevalnik.

Opombe

Na spodnjih povezavah se nahajajo modeli in ogrodja, ki smo jih uporabili za evalvacijo.
https://github.com/Qengineering/Faster RCNN_ncnn
https://github.com/shizukachan/darknet-nnpack
https://github.com/digitalbrain79/darknet-nnpack
https://github.com/tensorflow/models/blob/master/research/object_detection/g3doc/d
etection_model_zoo.md

https:/ /pjreddie.com/darknet/yolo/

https://pjreddie.com/darknet/yolov2/

https://coral.ai/models/
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