B Ref Ares(2018)6521427 - 18/12/2018

SUITCEYES

1Jan 2018 - 31 Dec 2020

Smart, User-friendly, Interactive, Tactual, Cognition-Enhancer, that Yields Extended Sensosphere
Appropriating sensor technologies, machine learning, gamification and smart hapticinterfaces

First Version of Face & Object Recognition Algorithms, Dimensionality
Reduction Algorithms, Ontologies & Semantic Reasoning

This project has received funding from the European Union’s Horizon 2020 research and
innovation programme under grant agreement No 780814.



Dissemination level

PU PUBLIC, fully open, e.g. web X
o CONFIDENTIAL, restricted under conditions set out in Model Grant
Agreement

cl CLASSIFIED, information as referred to in Commission Decision
2001/844/EC.

Deliverable Type

R Document, report (excluding the periodic and final reports) X
DEM Demonstrator, pilot, prototype, plan designs

DEC Websites, patents filing, press & media actions, videos, etc.

OTHER Software, technical diagram, etc.

Deliverable Details

Deliverable number D3.1
Part of WP WP3

Lead organisation CERTH

Lead member E. Kontopoulos

Revision History

Description / Reason of change Author / Org.

v0.1 31-Aug-2018  Structure proposal E. Kontopoulos / CERTH

E. Kontopoulos / CERTH
v0.2  23-Nov-2018 | 1%tdraft for internal review P. Petrantonakis / CERTH

S. Daranyi / HB

) ) E. Kontopoulos / CERTH

v0.3  10-Dec-2018 2" draft addressing review comments .

P. Petrantonakis / CERTH
v0.4 18-Dec-2018 @ Pre-final draft after PC's comments E. Kontopoulos / CERTH
v1.0 18-Dec-2018 | Final draft submitted to the EU N. Olson/ HB

Authors

Partner Name(s)

CERTH E. Kontopoulos, P. Petrantonakis
HB S. Daranyi

780814 A suiTceves i



Contributors

Partner Contribution type Name

CERTH Internal revisions to Chapter 2 K. Avgerinakis, P. Giannakeris

TU/e Internal review A. Kappers

ULEEDS Internal review R. Holt, Zhengyang Ling

Glossary

Abbr./ Acronym Meaning

BoW Bag-of-Words
CNN Convolutional Neural Networks
cQ Competency Question
DL Description Logics
DR Dimensionality Reduction
FOAF Friend-Of-A-Friend
FPN Feature Pyramid Network
FPV First-Person View
GMM Gaussian Mixture Modelling
HIPI Haptic Intelligent Personal Interface
HOF Histograms of optical flow
HOG Histograms of Oriented Gradients
HSV Hue, saturation, value
loT Internet of Things
loU Intersection-over-Union
KCF Kernelized correlation filtering
mAP mean Average Precision
MBH Motion boundary histogram
MDS Multidimensional Scaling
NMS Non-maximum suppression
PCA Principal Component Analysis
OoWwL Web Ontology Language
R-FCN Region — Fully Convolutional Network
ROI Region-of-Interest
SIFT Scale Invariant Feature Transform
780814 @SUITCEYES i




SNE Stochastic Neighbours Embedding
SOSA Sensor, Observation, Sampler, and Actuator
SSH Single-Shot Headless
SSN Semantic Sensor Network
TP True Positive
SURF Speeded-Up Robust Features
TPV Third-Person View
W3C World Wide Web Consortium
XsD XML Schema Definition Language

780814

®suitceves




Executive Summary

This document constitutes SUITCEYES deliverable D3.1 presenting the work conducted during the
period M1-12 within WP3 and reports on the following:

(a) The basic version of visual analysis algorithms evaluated in benchmark datasets for performing
object detection and tracking, face detection and tracking, scene recognition, first person activity
recognition and third person gesture recognition;

(b) The first version of the algorithms that achieve discrete low dimensional representations for dif-
ferent high dimensional concepts evaluated in the CIFAR-100 benchmark dataset;

(c) The preliminary version of the semantic knowledge graphs for semantically integrating the mul-
timodal outputs from the various heterogeneous SUITCEYES sensors and components, along with
some first insights into the associated interpretation and reasoning techniques.
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1 Introduction

Deafblindness which can be congenital or acquired, and complete or partial, presents research with
an enormously broad spectrum of possible user needs, whose common denominator must be se-
lected carefully. After initial discussions with the Project’s Advisory Board, and in accord with the
strategy taken in WP2, and, more specifically, in deliverables D2.1 "Requirements for HIPI" and D2.2
"Personas, environments and use scenarios", early on it was agreed upon in our consortium that the
project must address three specific but related research tracks: situational awareness, navigation,
and communication. This agreement anticipated that, from the perspective of the user, the three
tasks are related, and in a sense, both navigation and eventual communication serve the purpose of
situational awareness. This focus may be further refined once the process of determining the end-
users’ requirements within WP2 is concluded; nevertheless, potential refinements will not substan-
tially affect work within WP3, which is primarily aimed at capturing, translating and semantically
representing environmental cues.

As navigation by selecting and ontologically interpreting specific visual cues significant enough to
pass a threshold for the user with deafblindness is not different from picking significant concepts
from a vocabulary to transmit them between any two such users for communication, the single ma-
jor difference between navigation and communication is that for the latter, sequences of such cues
must be encoded for and decoded after transmission. Therefore, we envisage both research areas as
addressable by the same entwined strategy, identifying visual vs. verbal signs, and relating their con-
tent — regardless if single signs or their sequences are transmitted — to a knowledge graph to secure
a standard semantics for both tracks.

1.1 WP3 Overview

WP3 consists of three tasks, the interplay of which is illustrated in Figure 1.

Video/Images | Detected Concepts

o()-Sounds _ Detected Concepts -
S ’ Other input -Se'manjti_c
I Representation Lag P ¢
& Reasoning

Analyzed
Data

Semantic
Knowledge
Graph

Inferences

Mappingto hapticspace

Figure 1: Schematic overview of the interrelationships between WP3 tasks.

Visual input from the camera mounted on the smart garment, called the HIPI (Haptic Intelligent Per-
sonal Interface), is fed to the visual analysis component (T3.1) which extracts the detected concepts
(objects, faces, activities etc.). The latter are fed to the semantic representation and reasoning com-
ponent (T3.3), which is coupled with a semantic knowledge graph (also called an "ontology"), se-
mantically aggregating the multimodal information from the analyses and inferring higher-level deri-
vations. The outputs from T3.1 and T3.3, along with other signals and outputs from non-WP3 com-
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ponents, are submitted to the dimensionality reduction component (T3.2), which maps the respec-
tive information to the haptic space.

1.2 Document Outline

The rest of the document presents our work so far within WP3 and is structured as follows:

e Chapter 2 presents the basic version of visual analysis algorithms evaluated in benchmark da-
tasets for performing object detection and tracking, face detection and tracking, scene recogni-
tion, first person activity recognition, and third person gesture recognition;

o Chapter 3 presents the first version of the algorithms that achieve discrete low dimensional rep-
resentations for different high dimensional concepts evaluated in a benchmark dataset;

e Chapter 4 presents the preliminary version of the semantic knowledge graphs for semantically
integrating the multimodal outputs from the various heterogeneous SUITCEYES sensors and
components, along with some first insights into the associated interpretation and reasoning
techniques;

e Chapter 5 concludes this deliverable with some final points for discussion.
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2 Visual Analysis

Visual analysis constitutes a core component in SUITCEYES. In order to extract knowledge using the
visual information that a wearable camera can capture, several computer vision tasks are carried out
within the component. In the current version these are: object detection and tracking, face detec-
tion and tracking, scene recognition, first person activity recognition, and third person gesture
recognition. All tasks have been chosen and designed to work in line with SUITCEYES principals and
intentions to support the users with deafblindness, and are generally accomplished using state-of-
the-art computer vision algorithms. In this chapter we provide the background for each task in the
form of brief literature reviews, as well as a detailed presentation of the algorithms used within
SUITCEYES along with some qualitative and quantitative results.

2.1 Background

This subsection presents the current state-of-the-art for each individual computer vision task in
SUITCEYES. Wherever needed, we also give clarifications for the motivation behind the selection of
some tasks being part of the visual analysis component. This is done in order to form a basis of un-
derstanding with respect to what each task is supposed to achieve towards enriching the end users’
experience.

2.1.1 Object Detection

Object detection will have a central role in SUITCEYES. Besides the obvious task of recognizing the
objects that exist in front of the users and are of interest to them, object detection will also serve as
a platform to build upon other visual analysis components, such as the activity recognition compo-
nent (see later subsections). This dependency relates closely to the fact that we developed an ob-
ject-centric activity detection algorithm that also uses users’ motion patterns in order to understand
what the user does. Moreover, face detection is inherently related to object detection, when con-
sidering faces as being just another type of “interesting object” that current algorithms can be
trained to detect. More details are given in later sections about those topics.

Object detection has been consistently keeping computer vision researchers busy for decades, and,
thus, there is a plethora of algorithms available in the literature. Naturally, powerful deep Convolu-
tional Neural Networks (CNNs) were thoroughly examined for this task and were eventually estab-
lished as the state of the art. The seminal work of (Girshick, 2015) includes a multi-scale bounding
box proposal generation method like Selective Search (Uijlings et al., 2013), as a feeding mechanism
of candidate object boxes to a deep CNN and then a Region-of-Interest (ROI) feature pooling layer
leading to a Fully-Connected (FC) section with two branches that act as a classifier and a bounding
box coordinate regressor. Later, the bounding box proposal network was incorporated into an end-
to-end deep architecture in Faster R-CNN (Ren et al., 2015), achieving better performance and faster
prediction during testing.

Another class of deep CNN object detectors that was called "region-free" — as opposed to the previ-
ously mentioned region-based methods — was proposed shortly thereafter, which skip the region
proposal step and predicts classes and boxes coordinated directly using the latest convolutional fea-
ture maps, building a form of single shot detectors (Liu, et al., 2016; Redmon et al., 2016). Those
models achieved a better trade-off between accuracy and speed, and their main advantage was
their high time-efficiency.
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Since then, a variety of techniques were proposed to further explore and improve upon the classic
aforementioned architectures. More specifically, Dai et al. (2016) proposed R-FCN (Region — Fully
Convolutional Network) as a region-based method that, contrary to the costly approach of the clas-
sic Faster R-CNN (Ren et al., 2015), was a shared, fully convolutional network with position-sensitive
score maps that aid the purpose of making the ROI pooling operations sharable and, thus, faster
than before. In addition, an effort was made by Kong et al. (2017) to combine the best of both the
region-based and region-free worlds. A reverse connection between convolutional layers was de-
signed, which enabled the network to detect objects on multi-levels of CNNs, and the above concern
of being an object or not was introduced to significantly reduce the searching space of objects.

Later, Wang et al. (2017) proposed to learn an adversarial network that generates examples with
occlusions and deformations which is essentially a hard-positive sample generation process. The au-
thors followed this approach using the Fast R-CNN architecture and managed to achieve a perfor-
mance boost equal to 2.3% mean Average Precision (mAP) compared to the original approach. In
(Ren et al., 2017), the authors experimented with region-wise classifier networks that use shared
region-independent convolutional features (NoCs). They emphasized that, aside from advances in
deep feature extraction, a deep convolutional per-region classifier is of particular importance for
object detection. Another architecture was developed in (Lin et al., 2017) that focused on the deep
feature extraction step, called Feature Pyramid Network (FPN), where a top-down architecture with
lateral connections was deployed in order to build high-level semantic feature maps at various scales
in a pyramidal hierarchy.

More specifically, within the scope of works that focused on the analysis of wearable camera foot-
age, a good number of datasets was made publicly available, including annotations of objects that
can be found on videos, or images that capture everyday life through a first-person perspective. The
ADL dataset (Pirsiavash & Ramanan, 2012) contains videos of indoor activities performed by a group
of users, and provides annotations for object bounding boxes that the users interact with during
those activities. Similarly, the Bristol Egocentric Object Interactions Dataset (Damen et al., 2016) is
compiled of egocentric videos in indoor environments and provides object annotations for the in-
stances found in the sequences. The EDUB-Obj dataset (Bolanos & Radeva, 2015) contains images of
activities of daily life in unconstrained environments (outdoors) and object mask annotations. The
NYU Depth Dataset V2 (Silberman et al., 2012) provides segmentation masks for objects obtained
from RGBD images and is oriented towards general indoor segmentation tasks. Finally, the EPIC-
KITCHENS large-scale dataset was published in (Damen et al., 2018) and an object detection compe-
tition was organized as well. The dataset contains 55 hours of video recordings related to kitchen
activities as well as bounding box annotations of objects that are usually found in a kitchen.

2.1.2 Face Detection

Early face detection and recognition techniques were based on shallow representation frameworks,
like the Haar cascades (Viola & Jones, 2001), or robust features like SURF (Speeded-Up Robust Fea-
tures) (Li et al., 2011) and Histograms of Oriented Gradients (HOG) (Shu et al., 2011) or Local Binary
Patterns (LBP) (Ahonen et al., 2006) in order to detect faces. However, their low recognition accura-
cy rate and high computational cost (i.e. they used exhaustive sliding window search techniques) led
the computer vision community to search for faster and more accurate algorithms. Thus, experimen-
tation started with facial points, such as the mixtures-of-trees (Zhu & Ramanan, 2012) and consen-
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sus of exemplars (Belhumeur et al., 2013), that required much less computational time due to the
more efficient point localization methods that they deployed.

With the rise of deep neural networks, especially in the tasks of image classification and generic ob-
ject detection, a breakthrough in terms of higher performance models came to be soon thereafter.
Deep architectures, such as the deep convolutional network cascade (Sun et al., 2013), almost solved
the face detection problem, by achieving very low failure and average detection rates on some very
challenging face detection datasets, such as LFPW (Belhumeur et al., 2013) and YouTube faces (Wolf
et al., 2011). In addition, methods that simply approached the face detection problem as a generic
object detection problem drove researchers to publish works, such as (Jiang & Learned-Miller, 2017,
Markatopoulou et al., 2017) and (Sun et al., 2018), that were more straightforward applications to
already classic object detection schemes, using only face boxes for training and at the same time
techniques like hard negative mining, feature concatenation and careful fine-tuning to improve their
results. More sophisticated works considered the spatial structure and arrangement of facial parts
(Yang et al., 2015). Inspired by classic object proposal generation techniques, different CNNs were
trained to detect different facial parts, while early convolution feature maps were shared for compu-
tational efficiency. Then, an object proposal ranking step followed that used “faceness” (i.e. the con-
cept of what constitutes a face) scores calculated by measuring how well each proposal met the
structural constrains that were posed by the detected facial parts. Later, the framework by Zhang et
al. (2016) leveraged a cascaded architecture with three stages, each one deploying a deep CNN. Ob-
ject proposals were extracted during the first stage using an FCN, false positive candidates were fil-
tered using another CNN in the second stage, and further refinements were performed based on
facial landmarks during the final stage.

Analogously to the object detection literature, following in the footsteps of the single-shot region-
free philosophy for generic object detection, the SSH (Single-Shot Headless) face detector (Najibi et
al., 2017) discarded the need for a face bounding box proposal generation step. It achieved that
while using different layers of an FCN to predict various scales of faces simultaneously in one for-
ward pass. Delving deeper into the relevant tasks adjacent to face detection, Ranjan et al. (2017)
extended the functionality of their network constructing a multi-tasking framework for automatic
facial landmark localization, pose estimation and gender recognition along with face detection. This
method was categorized as region-based, in essence working on patches of the image (candidates).
Deep convolutional features taken from different layers were first fused and then fed to a five-
headed output, where each "head" was a Fully Connected (FC) network dedicated to a task. Recent-
ly, in the wider context of the general problem of detecting small objects, Hu & Ramanan (2017)
proposed that, in order to accomplish tiny face detection, a separate training of dedicated detectors
had to be done for a number of selected scales. They did this more efficiently by allowing sharing of
features between multiple layers of a hierarchy. Finally, it was also concluded that context is very
crucial in detecting tiny objects by making use of very large receptive fields.

2.1.3 Scene Recognition

Scene recognition for indoor environments is also an integral part of the SUITCEYES visual analysis
component. Not only will it be able to provide the user with information about the environment
they are currently in, but the knowledge of the scene can offer useful information for the workflows
of other visual analysis tasks, such as the activity recognition task. These are important contributors
to the task of situational awareness.
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Earlier works proposed shallow colour descriptors to alleviate illumination variances of the scenes,
and an overall boost in classification performance was reported compared to using Scale Invariant
Feature Transform (SIFT) descriptors in (Van de Sande et al., 2010). At the same time, Quattoni &
Torralba (2009) realized that models trained in outdoor scenes were performing poorly in indoor
scenes; the exploitation of exclusively global spatial features in some cases or local visual cues in
other cases, such as the existence of particular objects, was identified as the main reason for this
performance gap. Their model achieved better results by incorporating both sources of information
in the final descriptor using scene prototypes, which was a technique previously examined in (Quat-
toni et al., 2008). Another work that leveraged objects (Espinace et al., 2010) proposed a Bag-of-
Words (BoW) dictionary-based model using features from ROls that were found by object detectors.
Part-based models were dominating the scene recognition literature at that time, like the work by
Pandey & Lazebnik (2011). Later, following the same trend, a collection of region models in a recon-
figurable pattern was the main idea behind the work proposed by Parizi et al. (2012). The authors
suggested that each scene could generate specific patterns of visual parts arranged spatially in a dis-
criminative way.

With the extensive work by the research community to design powerful deep CNN feature extrac-
tors, the task of classifying images with high accuracy rates has become the standard recently, as
shown by the performance of state-of-the-art methods in well-known competitions such as the
ImageNet visual recognition challenge (Russakovsky et al., 2015). The problem of defining the scene
from visual content suddenly became much simpler than object or face detection. The state-of-the-
art since then lies in the classic combination of a generic deep CNN feature extractor like VGG (Si-
monyan & Zisserman, 2014), ResNet (He et al., 2016), or Inception (Szegedy et al., 2015) and a classi-
fier on top that can be simply trained with images depicting various scenes (Avgerinakis et al., 2018),
like the ones found in the Places2 dataset (Zhou et al., 2017).

2.1.4 First-Person Activity Recognition

Wearable cameras can capture the activities that the user or other people in the same environment
are doing. The camera view however is not the same for those two kinds of activities, since on one
case the user plays the role of both the target and the observer (through the mounted camera). In
other words, the actions of the user are captured from a First-Person View (FPV), while the actions
of other people are captured from a Third-Person View (TPV). This distinction is naturally evident in
the literature as well, and the development of two types of algorithmic approaches emerged that
are designed to operate either for a First-Person or a Third-Person perspective. More specifically, the
task of detecting activities from egocentric vision is well suited to SUITCEYES for a single user situa-
tion awareness scenario. This function will be developed in order to gather and analyse visual data
with the aim of learning probable routines that the users may frequently follow throughout their
daily lives. This knowledge can be further exploited later by experts with the prospect of learning
people from their activities and improving their lives by improving their behavioural patterns.

Activity recognition from egocentric videos is a very hot topic in computer vision and a lot of works
have been proposed in the last decade to solve this challenge. Many of them propose to describe
activities by an object-centric manner following the information that can be derived from the exist-
ence of specific objects in the scene (Fathi et al., 2011; Pirsiavash & Ramanan, 2012; McCandless &
Grauman, 2013; Zhou et al., 2016). Moreover, scene understanding is also used in (Vaca-Castano et
al.,, 2017), in order to provide a priori knowledge to the system about activities that usually take
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place in certain environments, e.g. being in the bathroom limits the possibilities of activities such as
taking a bath, or washing teeth. Other works leverage the motion that appears in the scene and ex-
tract features so as to represent the activities that take place (Kumar & Bhavani, 2017; Kumar et al.,
2017). Also, in the work of (Avgerinakis et al., 2015), camera motion that is present in videos from
ego-motion was compensated using superpixels and multiple homographies, before sampling dense
trajectories (Avgerinakis et al., 2016) to describe activity motion from salient parts of the video
frames. In (Yan et al., 2015) a multi-task clustering framework tailored to FPV activity recognition is
presented. Another more recent approach is to use deep CNN architectures (Wang et al., 2018) to
learn deep appearance and motion cues. Deep CNNs are also used to learn hand segmentations in
order to understand the activities that a user performs and his interaction with other users that
might also appear in the video frame (Zhou et al.,, 2016; Bambach et al., 2015a; Bamback et al.,
2015b). More recent works focus on multi-modal analysis of egocentric cameras and information
from other wearable sensor equipment with the deployment of early or late fusion schemes (Med-
itskos et al., 2017; Crispim-Junior et al., 2016; Crispim-Junior et al., 2017).

2.1.5 Third-Person Gesture Recognition

The literature refers to gesture recognition as the task of recognizing meaningful expressions of mo-
tion by a human, involving a range of human body parts, like the hands, arms, face, head, or the
body (Mitra & Acharya, 2007). Many vision-based gesture recognition surveys and works have stated
that the field is destined to be the critical element in human-computer interaction. Although in the
SUITCEYES project the purpose of gesture recognition is not the same, however, the algorithms re-
main the same. Most of these techniques focus on recognition of hand or finger gestures (Rautaray
& Agrawal, 2015). The next most popular category is gestures using objects vs body gestures, includ-
ing movements with body parts other than hands, which attract the interest of a small portion of
researchers. Many works include the use of sensors or extra equipment to aid the purpose. Howev-
er, here, we are going to review only some of the appearance-based models.

Appearance-based representation methods can be classified in two major subcategories: static
model-based methods, and motion-based methods. Some early works on static-based methods fo-
cus on colour-based body markers to track the motions of a particular body part using particle filters
for tracking (Bretzner et al., 2002). Though simple, this is not very practical in terms of flexibility, and
cannot deal with recognizing gestures "in the wild". Another static-based method focused on the
silhouette geometric parameters of hands like orientation, perimeter and centroid position (Birdal &
Hassanpour, 2008). The core of the motion-based models is when the approach of the task falls into
the category of general action recognition. In early such works, a gesture recognition pipeline in-
volved hand segmentation and tracking and extraction of motion descriptors. Hand detection could
be done using skin colour segmentation in many early works operating in alternative colour do-
mains, such as HSV (hue, saturation, value), to compensate for illumination changes (Saxe & Foulds,
1996; Chai & Ngan, 1998; Yang, Lu, & Waibel, 1998). Other works, like (Belongie et al., 2002) focused
on shape descriptors to detect the hands.

For the tracking task, various approaches have been proposed including correlation-based feature
tracking (Crowley et al.,, 1995; Darrell et al., 1996), or contour-based tracking (Cootes & Taylor,
1992). Last, in order to model sequential states of the detected and tracked hands that make gesture
phrases, the literature proposes Hidden Markov Models (Starner, 1995), Dynamic Time Warping
(Corradini, 2001), and time delay neural networks (Sigal et al., 2004). More recent works make use
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of 3D convolutional neural networks to model hand gestures, as in (Molchanov et al., 2015). Moreo-
ver, end-to-end trainable deep architectures incorporating temporal convolutions and bidirectional
recurrence have been proposed in (Pigou et al., 2018). Finally, a method using a 2D map of motion
energy from consecutive frames, and further training of PCA models optimizing a reconstruction-
error, have also been proposed for one-shot gesture recognition (Escalante et al., 2017).

2.2 Algorithms and Results

This section discusses the current visual analysis algorithms that have been developed and provides
qualitative and quantitative results for each task as a means of evaluation.

2.2.1 Object Detection and tracking

For the purpose of detecting objects of interest, we chose to extract deep image representations
from a CNN and predict pixel coordinates of bounding boxes using a deep CNN object detector. To
this end, we adopt a modification of the accurate Faster-RCNN. A thorough evaluation of this model
and comparisons with other state-of-the-art deep object detectors presented in (Huang, et al., 2017)
reveal that the Faster-RCNN-resnetl01 architecture achieves a good trade-off between
speed/accuracy. This model incorporates the resnet101 (He et al., 2016) deep feature extractor and
a region proposal network along with a bounding box classifier and coordinate regressors. We chose
this architecture because it achieves very fast object detection by using a single feed-forward convo-
lutional network to directly predict classes and bounding boxes of objects. In order to speed up our
object detection procedure during inference time, we tracked the detected objects found in a frame
into the next T frames of the video. By assigning a detection rate of T > 15, our combined detector
and tracker algorithm achieves real-time performance. Following an empirical evaluation after trials,
we manually set the detection rate parameter to 15, with other values ranging from 15 to 30. Intui-
tively, the detection rate defines the temporal resolution of the continuous object detection func-
tion. Lower detection rate means higher temporal resolution of the detector and vice versa. Note
that, by setting the detection rate to 15, the detector only runs once between half-second intervals
and the tracker works the rest of the time, yielding an adequate temporal resolution considering
that it is very unlikely that an object will appear and disappear in less than that.

The core functionality of our object tracker is based on the kernelized correlation filtering (KCF)
tracking algorithm that was proposed in (Henriques et al., 2015). The detector is used initially in or-
der to detect objects in every T video frames and initialize the new object candidate database with
new entries. Bounding box coordinates are stored over time so that full trajectories can be built. For
every new target ID, its corresponding class label and a detection score are saved as well. After-
wards, the algorithm checks the new detections from the candidate pool for overlaps with already
existing recent trajectories. Then, based on an Intersection-over-Union (loU) score check, it rejects
found boxes that exceed an overlap threshold to avoid creating multiple identities for the same ob-
ject. Next, we feed the KCF tracker with the remaining boxes in order to localize their position
throughout sequential video frames. Future detections of already tracked objects are also utilized in
order to rectify the bounding boxes of the monitored objects. When a detection is missed, we re-
localize the bounding box relying only on KCF update coordinates, while, when the algorithm does
not localize any tracked object for | sequential video frames, the object is presumed to have trav-
elled off the frame. In the current version the parameters are set to T=15 and I=3 frames. To tackle
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overlaps between True Positive (TP) cases, we chose to merge the trajectories at the current frame
and assign the oldest ID to the resulting trajectory.

From the 48 different classes of objects that are available in the current version of the ADL dataset
(Pirsiavash & Ramanan, 2012) we select the 30 most frequently annotated to train our object detec-
tor. Table 1 shows the list of objects that the object detector is trained for. Figure 2 shows a qualita-
tive evaluation of the detector. The visualization uses coloured boxes to mark the location of the
targets that have been found by the detector and their respective class.

Table 1. Object classes that the detector can recognize.

cell phone tv remote towel door pan knife/spoon/fork
oven/stove washer/dryer vacuum detergent/soap tv pills

water tap fridge blanket microwave container food/snack

book mug/cup toothbrush tooth paste dish comb

laptop pitcher trash can kettle bottle person

Figure 2: Object detection qualitative results.

2.2.2 Face Detection

As explained in detail in the background section, the face detection problem can be tackled by a so-
lution for generic object detection like the one described previously. Besides its simplicity, this ap-
proach would also lead to a shared implementation and perhaps some shared calculations between
those two subtasks, which is obviously a characteristic of great importance for real-time systems.
This is a matter that will be explored further in future versions of the visual analysis component. In
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the current version we chose to focus on performance rather than execution speeds and adopt the
excellent performing TinyFaces deep CNN framework (Hu & Ramanan, 2017) for face detection. Its
performance boost is due to the fact that it is designed to detect even the most distant faces. More-
over, the method can leverage from high quality video that the equipment is capable of capturing.
Another important aspect is that we can always speed up the face detection process by combining it
with our object tracker in the same manner as described in the previous section and still take ad-
vantage of the state-of-the-art performing model. Boxes of faces can be fed to the tracker in order
to alleviate from the system the cost of performing the entire feed forward pass of the TinyFaces
model for a short period of time.

In its core, TinyFaces is a binary multi-channel heatmap prediction problem, utilizing an FCN, where
the predicted heatmap at a single pixel location resembles the confidence of a fixed size detection
window centred at that pixel. Separate scale-specific detectors are trained that were designed care-
fully in order to maximize performance for each face scale with respect to the characteristics of a
detector's template size and resolution.

Figure 3: Face Detection qualitative results.

In more detail, the design is based on two very important conclusions that were verified in (Hu &
Ramanan, 2017) by performing an extensive cycle of experiments involving context and resolution. It
was proven that using deep CNN features of multiple layers, hence information from different recep-
tive fields, is of extreme importance especially for finding small faces. This can be related to context.
This may seem counterintuitive at first, but practically it is reasonable that even humans need sur-
rounding context to recognize if a real size 25x20 pixel portion of an image resembles a face and that
they probably will fail to recognize when looking only at this tiny portion. In contrast, in order to de-
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tect bigger faces (e.g. 300x300), it is enough to get no context at all but only what is provided inside
the face portion. As a result, it was successfully demonstrated that deep CNN features extracted
from multiple layers, are effective "foveal" descriptors that capture both high-resolution detail and
coarse low-resolution information from large receptive fields. Foveal descriptors were proven to im-
prove performance of small face detection by up to 33% compared to regular single layer-based de-
scriptors.

Moreover, resolution can have different impacts on performance for various template scales. It was
proven that building templates at the original resolution is not optimal. When finding small faces,
the scale-specific template size is doubled in combination with 2x up-sampling in resolution, improv-
ing accuracy by 6.3% compared to standard template size with standard resolution. In contrast, for
finding bigger faces, templates and resolution have to be downscaled by a factor of 2, resulting in an
improvement in accuracy by 5.6%. This is done in order to accommodate the natural overfitting to-
wards medium-sized objects a pre-trained CNN architecture has been exposed to, as a result of the
fact that medium-sized objects are dominant in large scale datasets.

The TinyFaces model uses ResNet101 (He et al., 2016) as a deep feature extractor that is fed with the
re-scaled input composed from a coarse image pyramid. Template responses at every resolution are
made and non-maximum suppression (NMS) is applied at the original resolution to get the final de-
tection boxes. The pre-trained ImageNet model is fine-tuned on the WIDER FACE dataset (Yang et
al., 2016). Qualitative results are presented in Figure 3 using video frames from the Dem@Care ac-
tion dataset for evaluating dementia patients in a home-based environment (Avgerinakis & Kompat-
siaris, 2016). As shown by the results, even very small, partially occluded faces with challenging illu-
mination settings, as well as the larger close-up faces can be detected.

2.2.3 Scene Recognition for Situational Awareness

Scene recognition is currently tackled in SUITCEYES by the classic image classification paradigm that
was mentioned in the background section. Following the success of deep CNN convolutional image
classification techniques in recent years, SUITCEYES adopts the deep VGG16 CNN architecture
trained on the Places2 dataset (Zhou et al., 2017).

As the name suggests, VGG16 encapsulates 16 layers of analysis. The first 13 are convolutional, using
3x3 kernels and an increasing number of filters (from 64 to 512). In-between convolutional blocks
there are 2x2 max pooling operations as well. The final 3 layers are two fully connected layers of
width 4096, and an output layer that consists of a softmax function suitable for multi-class classifica-
tion. The Places2 dataset contains over 10 million instances of pictures annotated from a set of 400+
scene categories. Among the possible categories, there are many indoor scenes that the SUITCEYES
visual analysis component is mainly focused on providing predictions for.

Figure 4 provides some qualitative results when using the trained VGG16 network to detect scene
categories from the ADL dataset. As shown, the prediction confidence can be low for some predic-
tions, but this is due to the high number of classes that the model is trained for. In a later version,
and based on the (now ongoing) user requirements analysis (WP2), the set of possible classes will be
refined to include only indoor scenes relevant to SUITCEYES purposes and better performance will
be expected. For visualization purposes, global average pooling, first proposed by (Zhou et al., 2016),
is used to produce class activation maps and its results are shown in the right column of Figure 4. In
addition to the original VGG16 architecture, a class-specific saliency map generator can be attached
to the implementation that extracts salient parts in the scene for interpreting the decision of the
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scene recognition network. In other words, a heatmap like the ones in the right column of Figure 4
for a particular category represents the regions that were the most discriminative in the image and
were selected by the CNN in order to uniquely identify that particular category. Besides the current
use of this technique as a utility to better visualize the outcome and mechanics of the scene recogni-
tion network, generation of salient features is a technique that will be explored in a future version as
a way of providing additional information for other tasks of the visual analysis component.

Prediction: computer room, Confidence: 59%

Prediction: laundromat, Confidence: 20%

Prediction: closet, Confidence: 6%

Figure 4: Scene Recognition qualitative results. Left column is the input images, right column is the activation
maps and on top of the images are the predicted class and the prediction confidence.
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2.2.4 First-Person Activity Recognition

In order to successfully recognize activities of daily living, such as "book reading", "hand washing" or
"preparing breakfast" that take place inside an egocentric video, it is important at first to get a deep
understanding of the short time lower level actions a person is performing sequentially in order to
accomplish the bigger scale ones. For example, the "preparing breakfast" activity involves the short
time actions "opening the fridge", "grabbing butter", "closing the fridge", "taking a knife", "spread-
ing the butter" etc. This group of so-called "micro-actions" does not always need to form a compli-
cated sequence for every activity. For example, the activity "reading a book" besides the actual read-
ing usually involves only one micro-action performed repeatedly: "turning the page". For those rea-
sons we seek a way of extracting a representation of the full duration of an activity video that will be
informative towards the set of micro-actions that are included and have a strong ability to uniquely
describe the activity. It is also very well established, as described previously in the background sec-
tion, that objects are good indicators of certain activities such as the TV in the "watching television"
activity or the book in the "reading a book" activity. We further elaborate this notion by hypothesiz-
ing that not only the presence but also the characteristic motion of the objects that is taking place in
the scene is powerful enough to discriminate between active and passive ones and at the same time
inform about the activities that are happening. For example, motion information from dishes that
are being washed combined with the presence of a tap in the scene can uniquely describe the
"washing dishes" activity.

-
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Figure 5: Block diagram of First-Person Activity Recognition pipeline.

The above assumptions are taken into account in our activity recognition method. The overall
framework is shown in Figure 5. First, we detect objects and track them using the object detection
pipeline. Then, every detected object’s motion is analysed using HOF (histograms of optical flow) or
MBH (motion boundary histogram) (Dalal et al., 2006) features so as to form the lower level micro-
action representations that appear in short time windows over the full activity sequence. Finally,
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GMM (Gaussian Mixture Modelling) clustering of the micro-action descriptors is performed in order
to find the most discriminative of the full set. Given a set of micro-action descriptors extracted for a
single activity sequence and the GMM clustering centres, a Fisher encoding scheme is used in order
to yield the final descriptor of the full activity sequence in a Bag-of-Micro-Actions type of represen-
tation.

In Figure 6 we can see how our proposed object motion descriptors are computed. Our method
builds representations of short-term low-level actions of fixed temporal window W from the motion
patterns of the objects that are found in this window. More specifically, we compute dense optical
flow to extract the full scene’s motion between two consecutive frames. We use the OpenCV im-
plementation of the dense inverse search algorithm proposed in (Kroeger et al., 2016). In addition,
doing the calculation every other frame inside the window instead of every frame leads to W/2 cal-
culations, yielding faster computation times. Having already detected the objects in a particular
frame, we take each bounding box as our region of interest and crop the dense optical flow map ac-
cordingly, taking only the portion that belongs to the object. Consequently, we can calculate HOF
descriptors that represent an object’s motion.

Optical Flow

(~@bject Detection
7 -y

"

D D . t "_.-"
X, Dy Derivatives Object MBH

W/2
Frame pairs

AAZmn A2t

Micro-Action
Descriptor

Figure 6: Computation of micro-action descriptors.

One problem with the accurate extraction of object motion from egocentric videos is that very fre-
quently the wearable camera moves along with the person wearing it. As a result, global camera mo-
tion may overpower the delicate dynamics of the objects’ motion that we are trying to capture.
Therefore, we consider an alternative to the HOF descriptor that is the MBH descriptor, where the
optical flow field is first separated into its x and y component and spatial derivatives are computed
for each one of them. This time we obtain a 32-dimensional for each component (64-dimensional
overall) and we follow the same procedure to obtain the final descriptor as in the HOF descriptor
case. Because MBH is the gradient of the optical flow, any motion that is happening constantly
(global motion) is suppressed and only information about changes in the flow field (i.e. motion
boundaries) is kept (Wang et al., 2011). Compared to video stabilization and motion compensation
this is a faster method of discarding global motion information.
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For a given activity sequence, the extraction of micro-action descriptors that represents a small se-
quence of W frames takes place with a stride of S frames. We chose that value to be exactly 1 sec-
ond in all our experiments. This simply means that for every micro-action descriptor M we skip 1
second into the video before we begin extracting the next micro-action descriptor. Contrary to using
overlapping windows, the stride parameter was inserted to give our method a speed boost. Given
that the micro-action window W is chosen sufficiently small, it is guaranteed that the number of mi-
cro-actions for an activity sequence will be enough for the activity to be adequately represented.
Subsequently, all micro-action descriptors extracted from all the training activity sequences are fed
into a Fisher encoding scheme. This way, a micro-action vocabulary based on the most discriminat-
ing ones is constructed. The computation of the most discriminating samples is performed by apply-
ing unsupervised clustering (Gaussian Mixture Modelling - GMM) in the micro-action representation
hyperspace. As a means of dimensionality reduction, we perform Principal Component Analysis
(PCA) on our low-level descriptors. PCA guarantees maximum variance of the samples in the lower
dimensionality space. We chose two possible reductions in our experiments: 80 and 256 compo-
nents. This way, our early micro-action descriptor’s dimensionality reduces from some thousand
components to only a couple of hundreds. Additionally, we experiment with two different vocabu-
lary sizes using 32 or 64 words. For the final step, we deploy as our classifier a fully connected neural
network (NN1) with a depth of two layers of width 512 and 256 accordingly, using RELU activations,
50% chance of dropout between layers and softmax activation in the output layer. Another similar
architecture (NN2) was also deployed with half the number of neurons for each layer (256 in the first
layer and 128 in the second) and a linear SVM classifier as well.

Table 2: Performance comparison of SUITCEYES FP Activity Recognition method with SoA in the ADL dataset.

Method | Performance (mAP%)

Boost-RSTP (McCandless & Grauman, 2013) | 33.7%

Boost-RSTP + OCC (McCandless & Grauman, 2013) | 38.7%

Bag-of-objects (Pirsiavash & Ramanan, 2012) | 32.7%

Bag-of-objects + Active model (Pirsiavash & Ramanan, 2012) | 36.9%

Cascaded Interactional Network (Zhou, Ni, Hong, Yang, & Tian, 2016) | 55.2%

Bag-of-Micro-Actions with HOF | 52.86%

Bag-of-Micro-Actions with MBH | 57.14%

We performed our experiments in the ADL dataset (Pirsiavash & Ramanan, 2012), which is com-
posed of videos recorded with a wearable camera from 20 different persons. The videos contain
very realistic scenes of daily living and is challenging due to the existence of global camera motion as
a result of the camera movement. The objects are also in many cases occluded. To evaluate the ac-
tion recognition performance as in (Zhou et al.,, 2016), we performed the leave-one-person-out
cross-validation method for every parameter combination we discussed and we calculate the per-
class average precision (mAP) score. Overall, the best models came from the combination of 256
PCA components coupled with a GMM vocabulary of size 32 and the neural network architecture
with the most learnable parameters (NN1). Finally, the MBH descriptor almost entirely outper-
formed the HOF descriptor for every experiment with a temporal window of 60 frames and the per-
formance of the two was comparable for a window of 90 frames. This is an indication the MBH is
more promising when micro-action extraction is more refined in time. In Table 2, we compare the
accuracy rates of our best models to the ones that are mentioned in the literature with experiments
made in the same dataset. We followed the evaluation procedure in (Zhou et al., 2016) in order to
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present comparable results. As we can see, the MBH version of our method outperformed every
other state-of-the-art method. The HOF descriptor is also highly ranked.

2.2.5 Third-Person Gesture Recognition

Regarding gesture recognition, SUITCEYES currently adopts the OpenPose framework for human
pose estimation (Cao et al., 2017). That is, the estimation of the location of human parts, (e.g.
right/left wrist, right/left elbow, etc.) and how they are linked. Note that gesture recognition has not
been directly implemented here, but the current version's output is essential for future versions of
this task. We plan to utilize these human body part detections later to understand what other peo-
ple in the room are signalling using a set of predefined body stances. In this way, the design of the
set of gestures will be more flexible to meet the users' requirements and also the signals could be
more evident and distinct for the model to capture in comparison to a set constructed entirely out of
look-alike hand gestures.

Figure 7: Qualitative evaluation of the pose estimation algorithm.

The architecture of this model is based on a two branch multi-stage CNN. There are two kinds of
predictions that are calculated during each stage by the two branches. The first one predicts a confi-
dence heatmap of possible locations of body parts (one for each part), whereas the second branch
predicts a part affinity 2D vector field that represents at each point the most probable direction (if
any) of a link between parts of the same human. Two L2 loss functions are applied at the end of each
stage, one for each branch respectively. At first a deep CNN feature map F is extracted using the first
10 layers of the VGG19 architecture, and is fed to the first two-branch stage. Each stage after that
gets as input the concatenation of the original VGG feature map F with the two output feature maps
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S1 and S2 of the previous stage's two-branch network. This is done in order to provide more refined
predictions after each stage.

In order to create ground truth to train the two branches of the network, a dataset pre-processing
step has to be performed. For the first branch, the ground truth map is created by centring a Gaussi-
an distribution to the pixels where a body part location exists. For the second branch, the ground
truth map is constructed using a part affinity field that is a 2D vector field for each body part link.
Each pixel inside the support region of a body part link votes a unit vector in the direction of the link
starting from the first part's centre and pointing towards the second part's centre. During testing the
alignment of the predicted part affinity field with the candidate link that would be formed by con-
necting the detected body parts is measured and the strongest links are kept. The network is trained
on the MPII human pose dataset (Andriluka et al., 2014). Figure 7 displays some qualitative results
obtained by evaluating the OpenPose model on still frames from the Dem@Care and the ADL da-
tasets. As shown, the algorithm performs mostly well, and even estimates the human pose of an al-
most completely occluded human body in the top-right picture. There are some false positives in the
bottom-left picture, where a human body is found in a plastic chair. Also, the behaviour of the algo-
rithm can be unpredictable in occluded bodies, as shown in the bottom-right picture, where it has
failed to recognize the left side of the human in the right, and the right leg of the human in the left.

2.3 Chapter Summary and Future Work

In this chapter the basic computer vision algorithms that will carry the visual analysis tasks within the
SUITCEYES project were presented, along with some qualitative and quantitative performance eval-
uation results. In the upcoming releases each specific task will be carried out by more mature and
evolved solutions. A form of nearest-neighbour search inside a database of known faces will be de-
veloped, in order to evolve face detection into a face recognition task. A set of gestures will be de-
fined, in order to develop a new pipeline for gesture recognition using human poses and the possibil-
ity to incorporate movement information will be explored. Scene recognition will also be leveraged
by the first person activity recognition pipeline in order to narrow down the possible activity out-
comes based on the environment the user is in. Furthermore, all the algorithms will be properly
modified in order to process automatically fixed temporal segments (or temporal windows) of the
video feed rather than still frames, and will produce results that describe the events of the most re-
cent window, with a task-depended frequency.
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3 Dimensionality Reduction

In order to deal with the translation of environmental cues to meaningful haptic signals (e.g. vibra-
tions), this task aims at utilizing already widely used embedding algorithms to reduce the dimen-
sionality of images (i.e. high dimensional signals). The dimensionality reduction (DR) methodologies
mainly aim at dramatically reducing the dimensionality of high dimensional signals, paving the way
for the visualization of the inner structure properties of high dimensional data in low dimensional
manifolds, mainly in two or three dimensions. In other words, the common idea underlying the DR
methods is that of providing a mapping which preserves the similarity, e.g. pairwise distances, be-
tween instances of the original high dimensional space to a new, low dimensional one. For the
SUITCEYES project, such algorithms will be useful in order to map high dimensional signals (i.e. envi-
ronmental cues, such as images captured from a wearable camera) to low dimensional (e.g. 2D)
spaces, and subsequently to a haptic space where the two dimensions will refer to, e.g. the tempo
and the pitch of the vibration. That way, semantically same environmental concepts, e.g. images of
beds or of apples, would be grouped in the haptic space and lead to potentially recognizable pat-
terns from the users as far as they have become familiar with certain activation patterns in the hap-
tic space.

The following subsections present the aforementioned DR methodologies used for the reduction of
the dimension of images from the CIFAR-100 benchmark database®. More particularly, we present
the Principal Components Analysis method (Van Der Maaten et al., 2009), a methodology widely
used for decades, along with Isomap (Tenenbaum et al., 2000) and t-SNE (Van Der Maaten & Hinton,
2008), two of the most famous current state-of-the-art methodologies for DR. Subsequently, the
CIFAR-100 benchmark dataset is presented along with the concepts that will be utilized for mapping
to low dimensional spaces, i.e. the objects or notions to be mapped in low dimensional spaces, e.g.
images of an apple. Next, the DR results are presented for five object categories, i.e. ‘Food Contain-
ers’, ‘Fruits and Vegetables’, ‘Household electrical devices’, ‘Household furniture’, and ‘People’. Fi-
nally, we discuss issues on the results and future steps.

3.1 Dimensionality Reduction Algorithms

In this subsection we will briefly present the three most established methods for DR in literature.
The description of the methods covers the fundamental principles of the techniques. For all tech-
niques we consider X € RV*P being the high dimensional instances (N instances) with dimensionali-
ty D and Y € RV*? the low dimensional ones with dimensionality d.

3.1.1 Principal Component Analysis

The Principal Component Analysis (PCA) method is a seminal technique which dates back to the early
20™ century. In essence it is an orthogonalization procedure and not a dimensionality reduction
method per se. The reduction occurs when projecting only on a subset of the orthogonal compo-
nents. More formally, the PCA technique works as follows: first the covariance matrix Cy = X7 X is
computed; second, using the Single Value Decomposition method, the covariance matrix is decom-
posed, i.e. Cy = UAUT. U is the eigenvector matrix whereas / is a diagonal matrix of the eigenval-
ues of Cy. Finally, the orthogonal representation is accomplished by a linear mapping, i.e. Z = XU

1 Cifar-100, available online at: https://www.cs.toronto.edu/~kriz/cifar.html
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whereas the dimensionality reduction is done when using only the first d components, i.e. Y = XUy,
where U, is a matrix that contains only the d columns of U (sorted in decreasing order of the corre-
sponding eigenvalues). By definition, such a reduction minimizes the ||X — YUT||2 error.

3.1.2 ISOMAP

The ISOMAP method works as follows: First, a k-Nearest Neighbour graph is constructed for data X.
A complete matrix of pairwise geodesic distances is computed using traditional shortest—path algo-
rithms such as Djikstra or Floyd-Warshall. As soon as the pairwise matrix is estimated, the Multidi-
mensional Scaling (MDS) procedure is followed. Thus, the distance matrix is doubly centred and its
eigenvectors are extracted by spectral decomposition (Van Der Maaten et al., 2009).

3.1.3 t-SNE

A non-convex approach for dimensionality reduction, namely Stochastic Neighbours Embedding
(SNE) (Tenenbaum et al., 2000), has been proposed using probabilistic modelling. In particular, SNE’s
principles are as follows: the high dimensional points are modelled by a pairwise probability matrix P
where nearby instances are assigned high transition probabilities and distant instances are assigned
low probability values. Similarly, the embedded instances are modelled using another probability
matrix Q@ which is constructed with the same procedure. The objective of the method is to minimize
the Kullback-Leibler divergence between the two distributions. Despite the fact that the original SNE
work used Gaussian distributions for both matrices, a more recent work used a heavy tailed, t-
Student distribution for the Q matrix, which led to the one of the most famous DR techniques, i.e.,
the t-SNE method which is utilized here (Van Der Maaten & Hinton, 2008).

3.2 Benchmark Dataset and Concepts to be Recognized

The CIFAR-100 dataset consists of 60000, 32x32 pixel images of 100 classes, i.e., 600, images per
class. The classes are grouped into 20 super-classes (categories). A sample of the CIFAR-100 images
is shown in Figure 8.
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Figure 8: CIFAR-100 image sample.

780814 Q-’SUITCEYES 22



In order to test the DR algorithms we used 5 categories of the CIFAR-100 database with 5 classes
each. The selection of the categories and the respective classes were based on the reference book of
103 haptic signals from the Danish Association of the Deafblind (2012) and the intersection of the
available objects and categories in the CIFAR-100 database. Thus, in the results section we present
the DR mapping of images from five categories with 5 classes each. Table 3 presents the aforemen-
tioned categories and the corresponding classes/concepts used.

Table 3: Categories and classes used within SUITCEYES.

. Fruits and Household elec- Household
Food containers . . . People
vegetables trical devices furniture

Concept 1 Bottle Apple Clock Bed Baby
Concept 2 Bowl/ Mushroom Keyboard Chair Boy
Concept 3 Can Orange Lamp Couch Girl
Concept 4 Cup Pear Telephone Table Man
Concept 5 Plate Sweet pepper Television Wardrobe Woman

3.3 Results

The three DR techniques described in section 3.1 were applied on images of all categories (see Table
3) and the mapping results are presented for each category separately. Moreover, the embeddings
of different concepts are presented in the following subsection in all possible combinations of two,
three, four and five concepts-classes, respectively. The dimensionality was reduced to two and three
dimensions for all cases. In addition, for the 2D embeddings where two concepts are presented, a
black line of separation between the two concepts is depicted along with the classification outcome
(top of the figure, e.g. 0.78 means 78% accuracy of discrimination between the two concepts). For
instance, the separation line could be used as a rule for the controller of the HIPI for the activation of
different vibrators for different objects. The line is computed using a simple perceptron network.

3.3.1 Category |

3.3.1.1 Combinations of 2 concepts

In this subsection we present the results for the 2D and 3D embedding of 2 concepts from category |
in all possible combinations and for all dimensionality reduction approaches. Figure 9 depicts the DR
results of the PCA algorithm for all combinations of 2 objects for Category I.

2-D Embedding: PCA, 2 of Food containers
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Figure 9: PCA 2D embedding.
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Each subfigure illustrates also a black line of separation between the two concepts which is comput-
ed using a simple perceptron network. Moreover, the classification outcome is provided (top of the
figure, e.g. 0.78 means 78% accuracy of discrimination between the two concepts). Different pairs of
objects lead to different discrimination results. For instance, in the Bottle vs. Bowl example the two
objects are discriminated with approximately 57% confidence. In essence, the discrimination is
slightly better than a random classifier. Nevertheless, in the Can vs. Plate example the discrimination
rate is over 90%. The separation line could be used as a rule for the controller of the HIPI for the ac-
tivation of different vibrators for different objects.

Figure 10 depicts the 3D DR results for the same approach, i.e., PCA. The discrimination between the
two concepts is not enhanced when using 3D PCA embeddings.

3-D Embedding: PCA, 2 of Food containers
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Figure 10: PCA 3D embedding.

Figure 11 and Figure 12 illustrate the 2D and 3D results for the Isomap methodology for Category I. It
is noteworthy that similar discrimination results for 2D case are provided by PCA and Isomap. For
instance, Bottle vs. Bow! and Can vs. Plate cases exhibit similar discrimination rates.
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Figure 11: Isomap 2D embedding.

780814 ‘SUITCEYES 24



3-D Embedding: Isomap, 2 of Food containers
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Figure 12: Isomap 3D embedding.

Finally Figure 13 and Figure 14 show the results using the t-SNE approach in 2D and 3D, respectively.
The performance of this approach is overall similar to the two previous approaches in terms of dis-
crimination approach in the 2D case.

3-D Embedding: Isomap, 2 of Food containers
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Figure 13: t-SNE 2D embedding.

3-D Embedding: Isomap, 2 of Food containers
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Figure 14: t-SNE 3D embedding.
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3.3.1.2 Combinations of 3 concepts

In this subsection the 3-object/concept results of dimensionality reduction are presented using the
three DR approaches, i.e., PCA, Isomap, and t-SNE. Figure 15 shows the results for the PCA approach
in 2D space. Now the overlap of the concepts in the low dimensional embedding is more intense.
Hence, discrimination of different objects in the haptic space, e.g., different vibration frequency for
different objects, would be much more difficult for the 3-object case.

2-D Embedding: PCA, 3 of Food containers
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Figure 15: PCA 2D embedding.

Figure 16 shows the 3D case for the PCA approach. Overlap between different concepts is again ex-
tensive.

3-D Embedding: PCA, 3 of Food containers
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Figure 16: PCA 3D embedding.

The following figures show the results for Isomap (Figure 17 2D case, Figure 18 3D case) and t-SNE
(Figure 19 2D case, Figure 20 3D case) approaches. Overall the overlap between concepts is exten-
sive and it can be assumed that direct mapping to the haptic space (vibrations) would not lead to
affective discrimination by people with deafblindness.
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2-D Embedding: Isomap, 3 of Food containers
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Figure 17: Isomap 2D embedding.

3-D Embedding: Isomap, 3 of Food containers
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Figure 18: Isomap 3D embedding.

2-D Embedding: t-SNE, 3 of Food containers
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Figure 19: t-SNE 2D embedding.
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3-D Embedding: t-SNE, 3 of Food containers
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Figure 20: t-SNE 3D embedding.

3.3.1.3 Combinations of 4 concepts

In this subsection the results concerning the 4-object case are presented. It is obvious from the fol-
lowing figures (Figure 21 - 2D PCA, Figure 22 - 3D PCA, Figure 23 - 2D Isomap, Figure 24 - 3D Isomap,
Figure 25 - 2D t-SNE, Figure 26 - 3D t-SNE) that the 4-object/concept overlap in the low-dimensional
embedding is even more prominent than the 3-object/concept case. Thus, discrimination in the hap-
tic space (vibrations etc.) will be even more difficult for people with deafblindness.

2-D Embedding: PCA, 4 of Food containers
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Figure 21: PCA 2D embedding.
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Figure 22: PCA 3D embedding.
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2-D Embedding: Isomap, 4 of Food containers
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Figure 23: Isomap 2D embedding.

3-D Embedding: Isomap, 4 of Food containers
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Figure 24: Isomap 3D embedding.

2-D Embedding: t-SNE, 4 of Food containers
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Figure 25: t-SNE 2D embedding.

3-D Embedding: t-SNE, 4 of Food containers
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Figure 26: t-SNE 3D embedding.

3.3.1.4 Combinations of 5 concepts

Finally, in this subsection the 5-object case of low dimensional embedding is presented using PCA
(Figure 27, 2D (left), 3D (right)). Once again the inter-concept/object overlap in the low dimensional

space is extensive.
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2-D Embedding: PCA, 5 of Food containers 3-D Embedding: PCA, 5 of Food containers
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Figure 27: PCA 2D (left) 3D (right) embedding.
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Figure 28: Isomap 2D (left) 3D (right) embedding.

2-D Embedding: t-SNE, 5 of Food containers 3-D Embedding: t-SNE, 5 of Food containers
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Figure 29: t-SNE 2D (left) 3D (right) embedding.

3.3.2 Other Categories and Overall Evaluation of the Results

The results presented above correspond only to the first category (see Table 3). For the four remain-
ing categories of Table 3 the respective results for 2, 3, 4 and 5 objects/concepts and all DR ap-
proaches are presented in the Appendix. The results for the other categories are presented in a simi-
lar fashion with the respective presentation of category I. In conclusion, for all categories, the 2-
object case exhibits cases, e.g. similar to the Can vs. Plate example, where the discrimination is plau-
sible with simple linear methods (e.g. simple perceptron network) and the corresponding mapping
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to the haptic space would probably lead to promising discrimination by the people with deafblind-
ness. On the other hand the 3, 4, 5-object/concept cases exhibit severe overlap in the low dimen-
sional space.

3.4 Discussion and Future Considerations

The results presented in the previous section correspond to various cases of categories and respec-
tive objects. After visual inspection it is obvious that the discrimination of three or more different
objects is probably not suitable for transfer onto the haptic space (e.g. different intensities of vibra-
tions, different vibrators etc.). In essence, most of the concepts are overlapped in the low dimen-
sional embedding and thus potential mapping onto the haptic space (e.g. intensities of vibrations
etc.) would probably not result in recognizable patterns.

In the case of two-concept embeddings (see e.g. subsection 3.3.5.1) the discrimination is better, e.g.
with a linear separation, concepts such as girl-boy, or girl-man, or man-woman are separated using t-
SNE with approximately 88% success. Moreover, it should be stressed out that the presented results
correspond to a wide variety of objects per category. For instance, for the case of object ‘telephone’,
different types of telephones (in essence the corresponding image) are mapped onto the 2D or 3D
space. In case of different images of a specific telephone, that is, a telephone that a person with
deafblindness would own in her house, the separation between, e.g. the objects ‘telephone’ and
‘television’, would be much more easier.

The haptic space, in terms of the number of vibrators, the modules that would comprise the inter-
face, e.g. the intensity of vibration, the pattern of vibrators etc., will affect the way the different
concepts are recognized by the user. Moreover, more sophisticated techniques, like those described
in the previous chapter, could improve the discrimination of the different concepts, especially when
embedding is realized in more than three dimensions. Nevertheless, the design of the haptic space,
i.e. number of vibrations, patterns of vibrator setup etc., will substantially affect the future imple-
mentations of the respective algorithms.
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4 Semantic Knowledge Representation and Reasoning

In order to facilitate the understanding, sharing and reuse of knowledge between different systems
(or even among heterogeneous components within the same system), it is essential to define com-
mon vocabularies that represent shared knowledge in a formal way. Ontologies constitute the speci-
fication of a vocabulary for semantically representing a shared domain of discourse (Gruber, 1993).
An ontology semantically models knowledge by defining a set of classes (objects, concepts, and oth-
er entities) existing in some domain of interest, and their properties (attributes, i.e. relationships
that hold between them). The expressiveness of the ontology depends on the knowledge represen-
tation language used.

This chapter presents the first iteration of the SUITCEYES ontology. Starting with a brief introduction
of the relevant background notions, along with an account of various relevant resources that can
serve as the basis for our ontology, we then proceed to the core part of the chapter discussing the
proposed semantic models in more detail.

4.1 Ontologies and the Semantic Web

The Semantic Web is "a web of data that can be processed directly and indirectly by machines"
(Berners-Lee et al., 2001). It is an extension of the World Wide Web (WWW), in which web resources
are augmented with semantics describing their intended meaning in a formal, machine-
understandable way. The term was coined by Tim Berners-Lee, the inventor of WWW and director of
the World Wide Web Consortium (W3C), which oversees the development of proposed Semantic
Web standards. The standards proposed by W3C promote common data formats and exchange pro-
tocols on the Web. The Semantic Web is thus regarded as an integrator across different content,
information applications, and systems.

Ontologies play a key role in the Semantic Web, providing the machine-interpretable semantic vo-
cabulary and serving as the knowledge representation and exchange vehicle. The Web Ontology
Language (OWL) has emerged as the official W3C recommendation for creating and sharing ontolo-
gies on the Web (Bechhofer, 2009).

4.2 The SUITCEYES Ontology

The key aim of the SUITCEYES ontology is to semantically represent all notions that are pertinent to
the project, serving as the model for semantically integrating information coming from the various
sensors and analysis components of the system. In this sense, we are primarily interested in seman-
tically representing aspects relevant to the users’ context, in order to provide them with enhanced
situational awareness and potentially augment their navigation and communication capabilities. This
ontology can also serve as the bridge between visually identified concepts and communicated con-
tent. Driven by this objective, the following subsections describe the process of designing and im-
plementing the first iteration of the SUITCEYES ontology.

4.2.1 Specification of Ontology Requirements

A key step in designing the ontology is to come up with a set of Competency Questions (CQs), i.e.
queries expressed in natural language that express a pattern for a type of question the ontology
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should be able to answer (Griininger & Fox, 1995). The answerability of CQs, hence, becomes a func-
tional requirement of the ontology.

Towards designing the first iteration of the SUITCEYES ontology, we came up with a list of CQs that
the ontology should be able to respond to (see Table 4). To some extent, these CQs are based on
discussions with the project’s Advisory Board, while (currently ongoing) investigations on end-users’
requirements analysis within WP2 will help us revise the CQs and, consequently, the design of the

next iteration of the SUITCEYES ontology.

Table 4: Competency Questions (CQs) that drove the design of the SUITCEYES ontology v1.

CQ# | Competency Question Allowed values / Sample responses
Objects, persons, activities and interconnections
CQl1l | What can the mounted sensors detect? between them (e.g. two people playing a
game).
If [X] refers to a detected object/person/activity,
cQ2 which sensor has detected [X]? E.g. the chest-mounted camera.
If [X] refers to a detected object/person/activity,
CQ3 | what is the location (lat/long) where [X] was de- Latitude/longitude coordinates.
tected?
If [X] refers to an object/person/activity detected
CQ4 | by sensor [Y], what is the confidence level of this Any number between 0% and 100%.
detection?
cas How far from the user is detected ob- Distance in meters.

ject/person/activity [X] located?

CQ6 | What object has been detected? E.g. a wall, a door, a glass of water.
CQ7 | What is the type of detected object [X]? E.g. obstacle, vehicle, electronic device.
CQ8 | What activity has been detected? E.g. people talking to each other.
CQ9 | What is the type of detected activity [X]? E.g. communication, movement.
CQ10 | Is the person detected known to the user or not? Known/Unknown.
CQ11 | If the detected person is known, who is it? E.g. John Smith, the user's brother.
ca12 If X] refe.rs to a detected activity, what people are E.g. two unknown persons.
involved in [X]?
ca13 If X] refe'rs to a detected activity, what objects are E.g. a ball.
involved in [X]?
CQ14 | What types of messages are conveyed to the user? | Alert/Warning/InfoMessage.

4.2.2 Relevant Existing Resources

A common practice in ontology engineering involves the reuse of existing third-party models; this
way we rely on previously used and validated ontologies for developing (parts of) our SUITCEYES on-
tology. However, since the project’s domain is substantially wide, and the user requirements specifi-
cation within WP2 is still ongoing, we give here a brief account of existing ontologies and models
from a variety of domains, which can potentially be of use once the scope of the SUITCEYES ontology
is more concrete.

Healthcare

There exist several ontologies, vocabularies and models for the healthcare domain, most of which
typically focus on exhaustively modelling the domain of discourse. Two representative examples are
SNOMED-CT and ICF. SNOMED-CT (Donnelly, 2006) is a systematically organized computer pro-
cessable collection of medical terms providing codes, terms, synonyms and definitions used in clini-
cal documentation and reporting. The primary purpose of SNOMED-CT is to encode the meanings
that are used in health information and to support the effective clinical recording of data with the
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aim of improving patient care. The model, featuring more than 340K concepts, includes aspects rele-
vant to clinical findings, symptoms, diagnoses, procedures, body structures, organisms and other
aetiologies, substances, pharmaceuticals, devices and specimens.

On the other hand, the International Classification of Functioning, Disability and Health (ICF)
(WHO, 2001) is a classification of the health components of functioning and disability approved by
the World Health Organization (WHO). The ICF contains around 1.6K concepts and is structured
around two sets of notions: (a) body functions and structure, and (b) domains of activity and partici-
pation. Since an individual’s functioning and disability occurs in a context, the ICF also includes a list
of environmental factors.

Two additional examples are ADOLENA (Abilities and Disabilities OntoLogy for ENhancing Accessibil-
ity) and ADOOLES (Ability and Disability Ontology for Online LEarning and Services). The former
model (Keet et al, 2008) is an experimental ontology encompassing abilities, disabilities, devices, and
functionalities, and was created as a proof-of-concept for enhancing search capabilities by Ontology-
Based Data Access (OBDA). ADOOLES, on the other hand, is an ontology based on ADOLENA for an-
notating learning resources and represents knowledge in the domains of e-learning and disabilities
(Nganji et al., 2012).

Since within SUITCEYES our aim is not to semantically represent the users’ disabilities or physical
condition, the above ontologies are currently outside of our scope. A potential exception is the on-
tology created within the Dem@Care FP7 project?, which ended in 2017, and, in which SUITCEYES
partner CERTH participated. The Dem@Care ontology’ is aimed at representing the experimentation
protocol towards diagnostic support and assessment of dementia in a controlled environment. The
aim of the protocol is to provide a brief overview of the health status of the participants during con-
sultation (cognition, behaviours and function), and to correlate the system (sensor) data with the
data collected using typical dementia care assessment tools. Although dementia is not relevant to
SUITCEYES, the semantic representation of objects and activities in the Dem@Care ontology is highly
relevant to our project and can be adopted and possibly extended, since it involves every-day activi-
ties and common objects used in an every-day context.

Internet of Things (loT)

The predominant ontology for semantically representing loT concepts is SSN (Semantic Sensor Net-
work), along with its lightweight core module called SOSA (Sensor, Observation, Sampler, and Actua-
tor)*. The SOSA/SSN ontologies can semantically describe sensors, actuators, samplers as well as
their observations, actuation, and sampling activities, and currently constitute a W3C recommenda-
tion and an OGC implementation. The SOSA/SSN ontologies have been successfully deployed in a
wide range of applications and use cases, including satellite imagery, large-scale scientific monitor-
ing, industrial and household infrastructures, social sensing, citizen science, and observation-driven
ontology engineering. Within SUITCEYES we are relying on SOSA/SSN for representing sensors and
the respective observations.

Two additional relevant ontologies in the loT domain are loT-Lite, a lightweight ontology to repre-
sent |loT resources, entities and services® that is largely based on SSN, and SmartHome, which is also

2 http://www.demcare.eu/

3 http://www.demcare.eu/results/ontologies

4 https://www.w3.org/TR/vocab-ssn/

5 https://www.w3.org/Submission/2015/SUBM-iot-lite-20151126/
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an SSN extension focusing on representing cover the spatial and temporal aspects of entities in-
volved in smart home settings (Alirezaie et al., 2017). Interestingly, the SmartHome ontology also
contains descriptions that provide a basis for the representation of the geometry of entities, as well
as the topological and directional relations between any pair of geometrical objects; e.g. the kitchen
is connected to the living room, living room is at the right side of the bedroom or the bed is close to
the left wall etc. This latter set of representations may potentially prove useful for the SUITCEYES
ontology as well, depending on the outcome from the user requirements analysis.

Navigation and Situational Awareness

There have been only a few attempts at producing ontologies for representing aspects relevant to
navigation. A prominent ontology in this affair is Ol-space, which was proposed by Liping & Worboys
(2011), with the aim of providing a unified model of indoor and outdoor spaces and making the navi-
gation between and within them seamless. We will consider relying on Ol-space, depending on
whether we will eventually integrate navigation aspects in our SUITCEYES prototype.

On the other hand, there exist several ontologies dealing with situational awareness, albeit with lim-
ited adoption by the respective communities. Such an example is ESO, the Event and implied Situa-
tion Ontology (Segers et al., 2016), which formalizes the pre-, during-, and post-situations of events
and the roles of the entities affected by an event. ESO is a perfect match for predicting situations for
SUITCEYES users, given a current status they are in at any given moment, along with the situations
they were in during the (recent) past.

The situational awareness ontology within the SAWA (Situation Awareness Assistant — Matheus et
al., 2005) framework is another related ontology, originating from the military domain. The ontology
has embedded rules for deriving relations among objects, but a key drawback hindering its adoption
from SUITCEYES is the lack of support for roles. The reason is due to the fact that, in SAWA, events
are more powerful, since they also track the evolution of relations. An additional drawback is the
ontology’s rather fuzzy articulation, with some categories of concepts missing (e.g. non-physical ob-
jects), and the existence of some other concepts not being completely justified.

4.2.3 Ontology Conceptualization

This subsection describes the conceptualization of the ontology, in order to satisfy the ontology re-
quirements represented above as CQs. Figure 30 displays an overview of the core ontology classes
based on the Grafoo ontology visualization notation (Falco et al., 2014). The yellow rectangles indi-
cate classes, while the green ones indicate data properties (i.e. properties that take a raw data value,
like e.g. integers and strings).

As mentioned in the previous subsection, parts of the SUITCEYES ontology are based on existing
third-party vocabularies. This is indicated in the figure by the prefixes in front of some of the class
names, which indicate the namespace of the respective third-party ontologies. Therefore, prefix
"dem" indicated the Dem@Care ontology, prefix "sosa" indicates the SSN/SOSA ontology, prefix
"xsd" corresponds to the XML Schema Definition Language (XSD)®, while "foaf" represents the
Friend-Of-A-Friend (FOAF) specification’. Classes and properties that have no prefix belong to the
core SUITCEYES ontology.

6 https://www.w3.org/TR/xmlschemal1-1/
7 http://xmlns.com/foaf/spec/
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Figure 30: High-level overview of the core classes of the SUITCEYES ontology v1.
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“has timestamp-{>/xsd:dateTime/<l}-has timestamp

Figure 31 illustrates the hierarchies/specializations of objects and activities adopted from the
Dem@Care ontology, which will be extended for the next iteration of the ontology, according to the
outputs from the end-user requirements analysis taking place in WP2.
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Table > BedExit
Glass Fall . .
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Plate NightSleep
RemoteControl > PrepareDrink
Telephone PrepareMeal
WaterCan > SocialInteraction
Window > TableExit

Figure 31: Hierarchies of objects and activities in the Dem@Care ontology, which are adopted in SUITCEYES.

Figure 32 displays a sample instantiation based on the above, where two people have been detected
by the HIPI speaking to each other; one of them is "John", a person the user already knows. A re-
spective output message is conveyed to the user with this information.

rdfs:subClassOf rdfs:subClassOf
| rdfs:subClassOf rdfs:subClassOf

{ Output ]

dem-Activity

sosa Sensor [Detection] [ Known Unknown] {dem:SnciaIlniem::tion Message
f 5 f
rdftype rdftype
ve rdf-type
camera_1
rdftype john rdf-type rdf-type
provided by, detected person_1
077" xsd float___ detected involves
has confidence
"1.4"**xsd float<-has distance detected refers to
detection_1 speaking_1 output_1

Figure 32: Sample instantiation of detecting two people speaking to each other.
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4.2.4 Ontology Formalization and Implementation

The beAWARE ontology is expressed in OWL 2 (W3C, 2012), a knowledge representation language
widely used within the Semantic Web community for developing ontologies. Thus, we capitalize on
its wide adoption as well as its formal structure and syntax, based on Description Logics (DL), a fami-
ly of knowledge representation formalisms characterised by logically grounded semantics and well-
defined reasoning services.

The main building blocks of DL are concepts representing sets of objects (e.g. Person), roles repre-
senting relationships between objects (e.g. worksln), and individuals representing specific objects
(e.g. Alice). Starting from atomic concepts, such as Person, arbitrary complex concepts can be de-
scribed through a rich set of constructors that define the conditions on concept membership. For
example, the concept JhasFriend.Person describes those objects that are related through the has-
Friend role with an object from the concept Person; intuitively this corresponds to all those individ-
uals that are friends with at least one person.

For developing and deploying the first iteration of the ontology we relied on the following tools:

o Protégé-OWL v5.0 (Musen, 2015), a popular ontology development environment;

e GraphDB? for locally hosting test versions of the ontology;

e SPARQL (Harris & Seaborne, 2013) served as the semantic query language for submitting queries
to the ontology and running rules on top of the model;

e YASGUP for formalizing the SPARQL queries.

4.3 Semantic Reasoning

The term "semantic reasoning" refers to the process of deriving facts that are not explicitly ex-
pressed in an ontology. Consequently, a "semantic reasoner" (also often referred to as "reasoning
engine", "rules engine" or simply "reasoner") is a piece of software able to infer logical consequenc-
es from a set of asserted facts or axioms in an ontology. A few examples of tasks required from a

semantic reasoner are as follows (Obitko, 2007):

o Satisfiability of a concept, i.e. to determine whether a description of the concept is not contra-
dictory, namely, whether an individual can exist that would be an instance of the concept;

e Subsumption of concepts, i.e. to determine whether concept C subsumes concept D, namely,
whether description of Cis more general than the description of D;

e Check an individual, i.e. to check whether the individual is an instance of a concept;

e Retrieval of individuals, i.e. to find all individuals that are instances of a concept;

e Realization of an individual, i.e. to find all concepts which the individual belongs to, especially
the most specific ones.

Within the project, the SUITCEYES ontology will accept input from other modules analysing sensor
outputs and will perform semantic reasoning via SPARQL-based rules. Rule-based reasoning satisfies
the above points, plus additional aspects, like e.g. finding all concepts that satisfy a defined rule, or
creating new instances of all concepts that satisfy a defined rule. A set of indicative semantic reason-
ing scenarios that the ontology will address are outlined below — a more complete list of semantic
reasoning scenarios will be determined once the user requirements analysis is concluded.

8 https://ontotext.com/products/graphdb/
% http://yasgui.org/
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e Determine position and proximity of objects of interest: e.g. where is my smartphone?

e Determine position and proximity of locations of interest: e.g. where is the exit?

e Determine position and proximity of persons of interest: e.g. where is my companion?

o Infer potential risks in user’s current situation: e.g. stairs ahead, vehicle approaching, etc.

o Infer types of activities performed by people in the vicinity of the user: e.g. two people in front of
each other means that they are probably discussing.

e Determine set of suggested actions in order to achieve something: e.g. get out of the room or
issue a ticket on the bus.

Regarding the implementation of the semantic reasoning module, the following parameters are
foreseen:

Input: The semantic reasoning does not require any specific input, other than the triggering of the
reasoning execution.

Output: The output from semantic reasoning is an ontology file including both the initially asserted
and the inferred information.

Execution intervals: Every several minutes or on demand (e.g. whenever new knowledge is inserted
into the ontology).

Involved technologies: The relevant RDF Service module will be based on Python 2.x or 3.x, SPARQL,
SPARQLWTrapper, RDFLib 4.x.x; a REST API will be deployed with a configured public IP/port or do-
main name.

Critical factors: A valid rule set for the reasoning process (see reasoning scenarios above) is essential
for the inference of meaningful knowledge. Hence, it is critical for all involved domain experts (e.g.
end user partners) to contribute actively to the task of assembling this rule set.

4.4 Chapter Summary and Future Work

This chapter presented the first iteration of the SUITCEYES ontology. We formulated the competency
qguestions underlying the ontology design, noting that these will be further refined once the ongoing
user requirements analysis (WP2) is concluded. We then presented the existing third-party resources
we used for implementing parts of the first iteration of the ontology. Finally, we presented the con-
ceptualization of the core aspects of the ontology.

The following directions for improvements are foreseen for the next iteration of the ontology:

¢ Extension of the ontology, in order to cover more extensively aspects that are not adequately
covered yet, like e.g. navigational aspects, emotions, etc.

¢ |Implementation of ontology population techniques for semantically enriching the ontology with
information from external sources, like e.g. DBpedia and WikiData. This thread will be based on
previous work of ours (Kontopoulos et al., 2017; Mitzias et al., 2016).

¢ Mapping ontology constructs to other existing models. This has not been implemented yet, since
the ontology is still evolving, but such mappings will be integrated in the final iteration of the on-
tology, in order to establish semantic interoperability with other third-party solutions. This pro-
cess typically involves the definition of ontology mappings in a separate ontology document that
contains the mappings between the SUITCEYES ontology concepts and those of third-party vo-
cabularies. This document facilitates the direct alignment and easy comprehension of terms, data
and relations from multiple domains.
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¢ Extension of the semantic reasoning ruleset with new and more elaborate rules for providing
more meaningful information to the user.
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5 Conclusions

This deliverable presents the first version of the tools within WP3 for capturing, translating and se-
mantically representing environmental cues. More specifically, we presented the first versions of the
tools for visual analysis (chapter 2), dimensionality reduction (chapter 3) and semantic knowledge
representation and reasoning (chapter 4). As already stated, the above will be refined once the end-
user requirements analysis process (WP2) is concluded. An additional point to consider in our future
work revolves around possible hardware limitations of the implementation platform, which may lim-
it the capacity of our proposed algorithms. These issues will be further explored in the coming
months.

With dimensionality reduction playing a key role both for visual analysis, and semantic knowledge
representation and reasoning, we have postulated that concept embeddings, constituting geometric
or topological vocabularies to encode visual vs. verbal percepts, are a suitable approach in globally
ongoing current research in several fields to be tested for SUITCEYES’ purposes. This implies that in
parallel with collected user needs from WP2, we can depart from visually recognized concepts rep-
resented as embeddings, and use them as a test vocabulary for simple interaction between two us-
ers with deafblindness (i.e. communication). Such a vocabulary will be scalable and can be tailored
to individual needs while offering a robust overlap between perceived and communicated semantic
content by haptic means.
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Appendix

Category Il

Combinations of 2 concepts

2-D Embedding: PCA, 2 of Fruits & Vegetables
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3-D Embedding: Isomap, 2 of Fruits & Vegetables
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Combinations of 3 concepts

2-D Embedding: PCA, 3 of Fruits & Vegetables
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3-D Embedding: Isomap, 3 of Fruits & Vegetables
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Combinations of 4 concepts

2-D Embedding: PCA, 4 of Fruits & Vegetables
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Combinations of 5 concepts

2-D Embedding: PCA, 5 of Fruits & Vegetables

4000
*  apple
3000 *  mashroom 4
©  orange
*  pear
2000 | »  swestpepper ]
X
1000 [ 1
ot ]
-1000 1
-2000 1
-3000 1
4000 . . . . I .
-6000 -4000 -2000 0 2000 4000 6000 8000
2-D Embedding: Isomap, 5 of Fruits & Vegetables
10000 T T T T
* apple
8000 | *  mashroom g
*  orange
*  pear
8000 [ *  sweet pepper 1
LI AT
4000 [ 1
2000 [ 1
ol ]
-2000 1
-4000 1
6000 . . . . .
-1.5 -1 05 o 0.5 1
w10
2-D Embedding: t-SNE, 5 of Fruits & Vegetables
100 T T T T T T T
*  apple
80 - *  mashroom 1
©  orange
60| + pear 3 1
*  swesl pepper
40 r
201
ol
201
40 r
60
-BO
-100

780814

-60 -40 =20 0 20 40 60 80

4000

2000

«10%

100

3-D Embedding: PCA, 5 of Fruits & Vegetables

eese e

apple
mashroom
orange
pear
swest pepper ;

3-D Embedding: Isomap, 5 of Fruits & Vegetables

[ R E N ]

apple
mashroom
orange

pear

sweel pepper

3-D Embedding: t-SNE, 5 of Fruits & Vegetables

eese e

apple
mashroom
orange

pear

sweet peppe

-100

-100

A suITcevES

51



Category il

Combinations of 2 concepts

2-D Embedding: PCA, 2 of Household electrical devices
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3D ing: Isomap, 2 of electrical devices
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Combinations of 3 concepts

2-D Embedding: PCA, 3 of Household electrical devices
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3D ing: Isomap, 3 of electrical devices
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Combinations of 4 concepts

2-D Embedding: PCA, 4 of Household electrical devices
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Combinations of 5 concepts

2-D Embedding: PCA, 5 of Household electrical devices 3-D Embedding: PCA, 5 of Household electrical devices
5000 T T T T T T T
+  clock Ji ®  clock
4000 *  keyborad - 7 ®  keyborad
¢ lamp ®  lamp
3000 | * telephone ® telephone
*  television ® television
2000
1000
of
-1000
-2000
-3000
4000
-8000

3-D Embedding: Isomap, 5 of Household electrical devices

6000
i ®  clock
4000 | 1 #10 ®  keyborad
1 & Jamp
® telephone
2000 1 ®  television
ot ]
-2000 1
4000 1
-6000 1
-8000 4
10000 . . . . :
-1.5 - 0.5 o 0.5 1 1.5
w10
2-D Embedding: t-SNE, 5 of Household electrical devices 3-D Embedding: t-SNE, 5 of Household electrical devices
100 T T T T T
*  clock ®  clock
B0 |« keyborad 1 ® keyborad
* lamp 50 ®  lamp
60t ]
* telephone L ® telephaone
2 ® television
40 r 1
20F .
of i
201 1
40 1
60 1
80 : 1
400 . t‘i ﬁ . . . .
50 -40 -20 o 20 40 60

780814 Q SUITCEYES



Category IV

Combinations of 2 concepts
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2-D Embedding: PCA, 2 of Household furniture
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3-D Embedding: Isomap, 2 of Household furniture
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Combinations of 3 concepts

2.D Embedding: PCA, 3 of Household furniture
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3-D Embedding: Isomap, 3 of Household furniture
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Combinations of 4 concepts

1g: PCA, 4 of Household furniture
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Combinations of 5 concepts

2-D Embedding: PCA, 5 of Household furniture 3-D Embedding: PCA, 5 of Household furniture
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Category V

Combinations of 2 concepts

2.-D Embedding: PCA, 2 of People
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3-D Embedding: Isomap, 2 of People
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Combinations of 3 concepts

2-D Embedding: PCA, 3 of People
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3-D Embedding: Isomap, 3 of People
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Combinations of 4 concepts

2-D Embedding: PCA, 4 of People
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Combinations of 5 concepts

2-D Embedding: PCA, 5 of People

3-D Embedding: PCA, 5 of People

2

=1

=
eese e

@

=

-1000

-2000

-3000

4000

-8000

L
-6000 4000 -2000 0 2000 4000 6000 8000

4000 -

-2000

4000

6000

-8000

15
w10

® baby
] ®  boy
5000 bl L
® man
| ®  woman
0
] 5000

3-D Embedding: t-SNE, 5 of People

baby

780814

A suiTcevEs

69



