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Research goalVideo and other signal content analysis gathered from large number
of signal sourcedistributed over a smart city for safety purposes.

Task for the period 1: Develop concept for large scale video and other signal
analysis and processing. Prepare scientific environment including High Performance
Computing resources for signal content asiglyand experimentation.

Smart city autonomous monitoring concept

According to smart city monitoring concept the city is equiped and monitored using
conventional video surveillance cameras. In addition some other sensors can be
attached. During thproject the video analysis is mainly going to be considered due to
its rich information in comparison to other type of signals. Nevertheless other signals
will be considered for processing if necessary. The video gathering concept can be
seen in Figure 1.1
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Fig. 1.1.Smart City video surveillance and safety monitoring system concept.

All data is gathered into special data storage and analysis servers. It is expected
that monitoring and analysis system can run autonomously without human interaction.
Only the analysis results can be accessed by authorized persons from the government.

The research scope of the BIGDATA group is focused on data processing
methods and algorithms enabling signal content analysis. The main task for the group
is to develop vide processing methods which detect safety occasions and ignoration
of regulations (for example: there is a car accident; car ignores the red light; a person
ir carrying a gun etc.).

Deep Learning as the main research direction

Artificial neural networks uder the name Deep Learning are recognized as aaftate
the-art in video analysis. It is promising and the most suited method for video and



other signal content analysis. The considered smart city data processing will rely on
Deep Learning and further regeh will be mainly focused on comprehensive
investigation of artificial neural networks.

Currently the Deep Learning approach is almost exclusively used inteoftate
the-art image and speech recognition systems. The companies like Facebook, Google,
Baidu are developing technologies based on artificial neural networks. For example,
Facebook has developed the human face recognition system close to human abilities
[1]. Similarly, all winners of image classification competition ILSVRC 2014 used
Deep Learningn their submissions [2].

Evidently the learning of artificial neural networks is a recommended method for
autonomous smart city monitoring and further efforts of BIGDATA group is going to
be focused on a comprehensive investigation of Deep Learning.

Octave models for understanding Deep Learning

The Octave model of artificial neural networks has been created for better
understanding its properties and behavior. Also it allows experimentally simulate
various learning conditions and various network layefigarations.
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Fig. 1.2 Model of artificial neural network nodd].
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Fig. 1.3. Example of the artificial neural netwd4j.

In Figure 1.2 we can see a graphical representation of an artificial neural model
which is the smallest entity in aartificial neural network. Structures of nodes
organized in layers are making neural networks as it can be seen in Figure 1.3.

Using developed neural network models, all kind of learning and network
architectures can be studied. Current attention is paidfully connected and
convolutional sigmoid neural network architectures together with-pegbagation
learning approach which is typical in image recognition. Also for this purpose the
example of AlexNet is studied and described further in the report.

The Octave model is developed for relatively small data sets running on ordinary
Personal Computers and it is not capable to process large quantity of images
(millions) in reasonable time interval. For this purpose the High Performance
Computing (HPC) is cadered and the environment for relatively large scale
network learning is prepared. The developed Octave models are well suited for fast
validation of some network property relative to various artificial neural network
architectures.

Preparation of EDI High Performance Computing environment

The framework for deep neural network learning has been prepared. It includes the
EDI High Performance Computing server (2x Intel Xeor2650v2 processors, 128

GB RAM, 2x480 GB SSD) configuration with 4 NVIDIA Tesla2B graphic cards,
installation of deep neural network configuration with learning software frameworks
Caffeand Torch7. Usage ofCaffe and Torch7is recognized as a good strategy for
replacing CUDA loweilevel graphic card programming.

The test deep netwlo has been created according to AlexNet deep network
configuration[3] and run on the EDI HPC server. For studying purposes, the detector
fiCat orrabbib has been devel oped based on the
The deCa ortrabbiv fic aliif theé iemdge contains a cat or a rabbit. The
AlexNet neural network architecture can be seen in Figure 1.4.
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Fig. 1.4 Architecture of the AlexNet convolutional neural network used to implement
fiCatorrabbib i mage <cl assi fi er te$tpuposel).l HPC envi rc

The neural network architecture shown in Figure 1.4 is implemented on EDI HPC
server and it can be used for detection of various object classes. In smart city
autonomous monitoring the objdattime detection has to be considered beeahe
object detection alone will not always provide necessary scene analysis. Perhaps the
studied AlexNet deep network can be incorporated into the whole system. Also the
performance issues have to taken into account.
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Fig. 1.5Convol utional kernels of size 11711113
layer on the AlexNef3].

In Figure 1.5 the first layer of learned AlexNet is shown. The picture is taken
from publication[3]. First layers of deep neural networks are representédigers
which consist of features needed for correct object detection in further neural network
layers.

The size of a neural network in terms of each node weight coefficient count is
directly related and defining the performance characteristics of tmgnition
system. Time needed for the analysis of image content should be small as possible.
Therefore the size of neural networks should be as small as possible. This is



performance versus precision issue. For large image stream analysis the performance
issues have to taken into account.

Deep neural networks for object detection have been studied during the first
project period, and the environment for deep learning has been prepared.

Implementation aspects of data gathering method using
ASDM encoding

The specific data acquisition method was developed and the publication has been

written describing itK.Ozols,i | mp |l ement at i on -tine decedng pt i on
of ASDM encoded and wi.Teelpapersvasyresented attheni t t e d

IEEE Microwave and Radio Electronics We2R15 in Pardubice, Czech Republic.
The paper describes an implementation of reception andimeatlecoding of signals

encoded by the Asynchronous Sigielta modulator (ASDM) and transmitted
wirelessly on the basis of @oiff keying. By using fast reconstruction algorithm if the

signal l ength is 1 second, it i's possible

faster than by using classical reconstruction algorithm. If the length of the signal is 2,

4 and 8 seconds, thea!l gori thm performs & 61, a 130

respectively. Developed overall system consists of 3 parts: superheterodyne receiver,
digitizer, and PC running adaptive data reconstruction algorithm:tRealdecoding
algorithm, which consists afata acquisition, filtering, processing, reconstruction and
visualization, is implemented in LabView as a virtual instrument with graphical user
interface (GUI). The developed method can be considered in the context of data
gathering approaches for smaityy @pplications.

Further research and expected problems

Further work is considered to be focused on closer investigation of Deep Learning
architectures and aspects of data gathering methods. For safety situation analysis the
one of the main problems isnexistence of labeled learning data. It makes the
problem of video content analysis especially difficult because one of crucial
conditions for good usage of deep neural networks is availability of large labeled data
sets for learning (some can be takermfrthe ImageNet project [2]). For further
investigation the unlabeled data clustering based on deep neural networks is going to
be consider (drawbacks may appear as a corruption of precision and situation
recognition results) and other aspects of deep heeataorks.

Summary

During the project period the following can be remarked:

1. Artificial neural networks under the name Deep Learning are recognized as a
stateof-the-art. It is promising and the most suited method for video signal and
other signal contdranalysis. The considered Smart City data processing will rely
on Deep Learning and further experimentation will be mainly focused on
comprehensive investigation of artificial neural networks.

2. The Octave model of artificial neural networks has been aefie better
understanding. It allows to experimentally simulate various learning conditions
and various network layer configurations.



3. The framework for deep neural network learning has been prepared. It includes
the EDI HPC server configuration with 4 NMA Tesla K20 graphic cards and
test example creation. Ca&worrabbithi sagubeese
devel oped based on | mageNet maCadterd 1 mage
rabbito tell s does the iimage <condearsing cat or
network configuration is from the AlexNet [3].

4. The data acquisition method was developed and the publication has been accepted
K.Ozols, Implementation of reception and retaihe decoding of ASDM encoded
and wirelessly transmitted signalEEEMAREW 2015.
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Att.2.2. PilsUtas apgabala attUls no ter ml
izmUru ~1x1 m. AtzomUtkl dsalirk.a dati par at g
l zstrUdUOti klasifikatori zemes izmantogan:
Beijesa kl asifikUcijas principiem, i zman
daudzdi mensiju sadal 0j umu modeNus. Kl asi fi
datu bVzegw, pagu datu bUzes tika pUrbaudg
klasificUti viena un tU paga pilsUtvides r
attUli, kU aro veidoti klasifikatori, kuri
attUl asi emckKtiem |l auka datu apgabaliem red.
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Att. 2.3. ApstrUdUOtais RGB attUls ar atzgn
(Il abUkais iegltai.s klasifikUcijas
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RGB attUla klasifikUcijas maaulitditmensktn

Gausa sadal ojumu, attUlots 2.1.tabul U.
21 . tabul a. Lauka dat u apgabalwu pi kseNu kl asi
sadal 0juma model i, un i zmantojot datus no RGB
RGB
l eglistam
.- . |Sarkani |P e | U|Bet
Ce Ni |Koki _ar_an| . e_ _e(?na Z U1 U Augsne
jumti jumti jumti
= Ce Ni 9557% 0,00%9 0,67% 2,91% 0,11% 0,01% 0,739
© Koki 0,00% 90,03% 0,00% 0,01% 0,00% 9,96% 0,009
'g Sarkani jumti 0,32% 0,00% 95,70% 0,42% 0,04% 0,00% 3,509
> Pel Uk i i ©/81% 0,00% 1,249% 83,23%| 5,24% 0,00% 0,489
— Betona juntti 0,30% 0,00% 0,00% 2,80% 96,83% 0,00% 0,079
= (201 0j i 0,009 6,36% 0,299 0,28% 0,00% 91,07% 2,009
< Augsne 0,00% 0,11% 2,70% 0,30% 0,28% 2,27% 94,35%
KopUj U plre23,03%0
Redzams, ka klasifiklitelr9k s skmi0dasarboy @so
jumtu klasifikUcijU, kuri tiek sajaukti ar
otr Udi GUdas kNldas ar9o bija sagai dUmas, |
TI attUla klasifilWeiljias zmaanulot Btts muk ® i da t
sadal gjumu, attUlots 2.2.tabulU. Redzams,
kl asi fikUcijai,; betona jumtus ¢gajU spektr
zUI Ujiem
22.tabul a. Lauka detasiapgdicaljus pirkeszeuNu Ut i, |
sadal §juma modeli, un izmantojot datus no TI a
Tl
l eglstam
- . |Sarkani |P e | U|Bet
Ce Ni |Koki .ar.anl . e. .ec_)na Z Ul U |Augsne
jumti jumti jumti
= Ce Ni 92,42% 0,01% 3,11% 3,55% 0,85% 0,00% 0,059
© Koki 0,10% 38,40% 0,82% 0,78% 9,44% 42,48% 7,989
'S‘ Sarkani jumti 5,04% 3,86% 47,76% 35,69% 3,52% 3,56% 0,589
v Pel Uki ] 4PrY% 0,72% 34,69% 56,59% 2,82% 0,20% 0,069
— Betona juntti 1,62% 30,73% 4,979% 6,409 18,57%| 29,06% 8,669
= (201 0j i 0,069 27,39% 0,14% 0,199 6,87% 57,08% 8,279
< Augsne 0,00% 13,75% 0,00% 0,00% 3,87% 28,40% 53,98%
KopUj U p|reb4,88% 0
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Kopoggai s kl asi fikator s, kurg i zmanto abu
|l abUkus rezultUtus nekU atsevibjglbmaast takl u
pel Uko jumtu jaukganu ar ceNiem ir I|ielU n
i zmantoganu.
23 . tabul a. Lauka datu apgabalwu pi kseNu kl asi
sadal j uma model i, wun i zmantojot datus no abie
RGB+TI
l egi stam
Ce Ni |[koki |>akant|Pe [UIBetoma 1 g bajgsne
jumti jumti jumti
= Ce Ni 96,27% 0,01% 1,07% 2,56% 0,09% 0,00% 0,009
®© Koki 0,00% 89,26%| 0,00% 0,00% 0,00% 10,74% 0,009
S Sarkani jumti 0,03% 0,009%4 98,93% 0,89% 0,03% 0,00% 0,119
> Pel Uki w2m6% 0,009 1,64% 91,12%| 4,48% 0,00% 0,009
— Betona jumti 0,16% 0,009 0,209 2,38% 97,23% 0,00% 0,039
= (201 Oj i 0,009 5,59% 0,24% 0,15% 0,00% 93,22% 0,809
< Augsne 0,004 0,099% 0,33% 0,00% 0,31% 2,71% 96,55%
KopUj U plre®4,96% 0
PUOrbaudot citu sadal @jumu i zmantoganu dat u
datiem atbilst i 6| abtlbki.noTaburlelesul 2 04 i , k @
Dirihl U multidi mensionU0R2o9 satdhi bsumgaddpur
izmantd s gamma sadal gj ums. Redzams, ka rezul t
i zmantoganas gadoj umU. Papildus tam, |jUsec
gamma sadal 0j umu, ir tik slikta, ka neuzl a
vekt a, izmantojot abu attUlu datus.
Tika izvirzogta ideja, ka dagUdu attUlu aps:
varbltobu sadal 0j umus | zmUgi nUOtas dagUdas
kombi nUtas klasifikUgiaj ashireenz wmltttWtls etmo mpUre |
sadal 0j uma model i s.
PUt ot dagUdu sadal 9j umu i zmantoganas i esp
model 06 kombinUt wvairUkus varbltdbu sadal @

produkt gva

Ar kopogo kdlatsiigd i katxoruUtiie, kurU katra at

kombinUti Gausa un DirihlU sadal ojumi, re
redzami rezultOti, kuri iegltu, jaikombinU
DirihlU un Gawsdi s@diajl &ij ,umwbiesku 23 1antadh zl0
sadal 0jumu kombinUcijai. Redzams, ka visla
Varam i zvirzgt hi potUzi , ka sadal gjumu kon

neatbil stdbas datiemmant pi egOd 0t kmtibgnUgan
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24 .t abul a. Lauka datu apgabalu pi kseNu kl asi
sadal juma model i, un izmantojot datus no RGB
RGB l eglistam
Ce Ni |koki [>okani|Pe L UBeona 1 v o b gsne
jumti jumti jumti
c Ce Ni 92,44% 0,009 1,19% 5,48% 0,25% 0,08% 0,559
© Koki 0,01% 75,90% 0,01% 0,33% 0,08% 23,67% 0,009
> Sarkanijumtf 0,27% 0,00% 93,339 1,60% 0,06% 0,03% 4,719
~ Pel Uki| 6,008t i0,0006 2,40% 87,16% 4,40% 0,02% 0,000
— Betona jumtif 0,73% 0,00% 0,28% 2,32% 96,63% 0,04% 0,009
= £ OI Oj i 0,03% 3,90% 0,55% 0,06% 0,18% 88,66% 6,629
< Augsne 0,00% 0,10% 10,01% 0,00% 0,25% 1,75% 87,899
KopUj U pfre90,65% U
25. tabul a. Lauka datu apgabal ui @s kaueNuDi kli @3 iC
sadal §juma modeli, un izmantojot datus no TI a
Tl l egl st am
Ce Ni |Koki _Sarl_<an| Pe_l Y Betqna Z U1 UljAugsne
jumti jumti jumti
c Ce Ni 62,87% 0,16% 5,98% 8,77% 4,32% 0,22% 17,699
© Koki 2,79% 23,15% 5,83% 6,84% 19,33% 35,55% 6,519
. Sarkanijumti 6,40% 5,54% 41,58% 33,48% 4,71% 6,55% 1,749
~ Pel Uki| j8ua5u i501% 36,41% 40,14% 5,13% 3,39% 1,769
— Betona jumti 5,31% 18,78% 10,60% 5,84% 30,15% 20,64% 8,689
= 1201 0j i| 119% 21.46% 3,90% 3,96% 16,27% 44,12% 9,109
< Augsne 1,74% 1557% 4,54% 2,98% 13,94% 13,33% 47,909
KopUj U p|redd,216% 0
26. tabul a. Lauka datu apgabalwu pi kseNu kKl asi
sadal §juma model i, un izmantojot datus no abie
RGB+TI leglstam
Ce Ni [Koki .Sarl.<an| P e.I V Betgna Z U1 UjAugsne
jumti jumti jumti
c Ce Ni 93,44% 0,00% 0,90% 4,58% 0,22% 0,08% 0,789
®© Koki 0,01% 76,48% 0,03% 0,36% 0,08% 23,03% 0,019
> Sarkan!junlti 0,09% 0,00% 95,549 1,58% 0,02% 0,51% 2,269
~ Pel Uki| |[L3016et i0,00% 2,20% 92,97% 3,39% 0,14% 0,009
— Betona jumti| 0,61% 0,00% 0,04% 2,24% 95,14% 0,67% 1,319
= (201 Uj i| 002% 478% 2,00% 0,05% 0,18% 90,92% 2,059
< Augsne 0,00% 0,09% 18,44% 0,00% 0,10% 9,12% 72,249
KopUj U plre90,70% 0
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2.7 tabula Lauka datu apgabalu pi kseNu kl asi fikUc

sadal juma model i, un izmantojot datus no RGB
RGB l eglstam
.- . |Sarkani |P e | U|Bet ok
Ce Ni [Koki . ar-anl . e. .ec.)na Z U1l U jAugsne
jumti jumti jumti
e |Ce Ni 57,25% 0,00% 0,006 0,00% 0,53% 3,00% 39,229
© Koki 0,13% 17,94% 0,006 0,00% 0,00% 80,89% 1,039
S Sarkani jumti 21,13% 0,02% 0,00% 0,00 0,18% 51,74% 26,939
~ Pel Uki |j20,8%0i 0,26% 0,00% 0,00% 11,50% 53,59% 12,319
— Betona jumti 0,11% 0,01% 0,00 0,00% 99,35% 0,03% 0,499
- £ Ol Uj i 460% 0,32% 0,00% 0,006 0,00% 93,02% 2,069
< |Augsne 3,90% 0,00% 0,006 0,00% 1,18% 1,95% 92,989
KopUj U plredled%?0
28 . tabul a. Lauka dat u apgabal u pi kseNu kl asi
sadal 0j uma moodteldat wsn noz malntaotjt Ul a.
T l egistam
.- . |Sarkani [P e | U|Betona |_ ~ . ~|. .
Ce Ni [Koki o | o - Z Ul U Augsne
jumti jumti jumti
e |Ce Ni 96,41% 0,38% 0,00 3,09% 0,00% 0,006 0,119
© Koki 0,42% 10,11% 0,006 1,69% 0,00% 6,98% 80,809
S Sarkani jumti 78,08% 3,72% 0,00% 10,92% 0,00% 0,34% 6,959
¢ Pel Uki |j78,460bi 3,38% 0,00% 17,41% 0,07% 0,00% 0,699
— Betona jumti 11,36% 10,68% 0,00 1,45% 1,47% 4,04% 70,999
= (201 0j i 0,14% 10,64% 0,00% 0,16% 0,00% 13,06% 76,009
< |Augsne 0,00% 0,45% 0,006 0,00% 0,00% 4,16% 95,399
KopUj U plred288%0
29. tabul a. Lauka datu apgabalu pikseNu Kkl asi
sadal §juma modeli, un izmantojot datus no abie
RGB+TI l eglstam
- . |Sarkani [P e | U|Betona |_ ~, ~|..
Ce Ni |Koki . | S - Z Ul U JAugsne
jumti jumti jumti
c Ce Ni 98,44% 0,16% 0,00% 1,04% 0,05% 0,00% 0,319
© Koki 0,62% 15,04% 0,00% 1,27% 0,00% 81,25% 1,829
> Sarkanijumti | 82,02% 2,16% 0,02% 6,94% 0,00% 1,56% 7,309
~ Pel Uki |j8n08%i 2,12% 0,00% 12,09% 4,31% 0,59% 0,869
— Betona jumti 9,99% 0,03% 0,00% 0,07% 31,79% 0,00% 58,129
= (201 0j | 0,15% 1,26% 0,00% 0,10% 0,00% 90,42% 8,069
< Augsne 0,00% 0,00% 0,00% 0,00% 0,00% 1,39% 98,609
KopUj U plre66,81%0
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2.10.tabula Lauka datﬁu apgabalu pikseNu klasifikUc
Gausa un Dirihl U sadal §j umu model i, un i zmanto
RGB+TI l eglstam
Gausa+DirihlCeNi |Koki Sarkam .Pe.l UBetqna Z 01 UJAugsne
jumti jumti jumti
c Ce Ni 95,52% 0,00% 1,44% 293% 0,10% 0,00% 0,009
@ Koki 0,00% 82,89% 0,03% 0,08% 0,00% 16,99% 0,009
> Sarkanijumti| 0,01% 0,00% 98,029 1,22% 0,03% 0,00% 0,729
x Pel Uki| joB5% i0,0000 1,78% 93,54% 4,02% 0,00% 0,009
— Betona jumti 0,24% 0,00% 0,10% 2,56% 96,94% 0,00% 0,159
. ZUIl Oj i 0,00% 3,35% 0,36% 0,08% 0,00% 95,24% 0,979
< Augsne 0,00% 0,09% 1,39% 0,00% 0,23% 3,59% 94,709
95,23%
211 . tabul a. Lauka datu apgabalu pikseNu kIl asi
Gausam gamma sadal Qj umu model i, un izmantojot da
RGB+TI l eglstam
. Sarkani [P e | UlBetona | _
Gausa+gamma Ce Ni |Koki o o o Z Ul UJAugsne
jumti jumti jumti
= Ce Ni 97,85% 0,01% 0,66% 1,26% 0,09% 0,00% 0,139
@ Koki 0,00% 79,35% 0,00% 0,32% 0,00% 20,33% 0,009
> Sarkani jumti 1,47% 0,00% 85,89% 5,35% 0,03% 0,25% 6,999
~ Pel Uki| 18/588b i0,02% 0,77% 75,24% 5,16% 0,00% 0,239
— Betona junti 0,38% 0,00% 0,08% 1,43% 97,97% 0,00% 0,149
. zU01 0j i 0,00% 2,23% 0,05% 0,21% 0,00% 96,16% 1,359
< Augsne 0,00% 0,03% 0,00% 0,00% 0,30% 2,21% 97,469
94,14%
212. tabul a. Lauka datu apgabalu pikseNu kIl asi
Diri hlU un gamma sadal §j umu model i, un izmanto
RGB+TI l eglstam
. Sarkani |P e | U|Betona o
Dirihl U+gamiCe Ni |Koki o o o Z Ul U |Augsne
jumti jumti jumti
= Ce Ni 97,63% 0,00% 1,33% 0,77% 0,11% 0,15% 0,019
© Koki 0,00% 70,08% 0,31% 0,01% 0,00% 29,60% 0,009
S Sarkani jumti 0,46% 0,00% 88,63% 2,25% 0,02% 2,29% 6,359
~ Pel Uki | u7rB4% 0,00% 1,38% 86,16% 4,28% 0,64% 0,009
— Betona jumti 0,86% 0,00% 0,04% 1,10% 96,61% 0,43% 0,959
= (201 0j i 0,00% 0,62% 0,22% 0,01% 0,00% 96,75% 2,409
< |Augsne 0,00% 0,01% 0,00 0,00% 0,08% 4,41% 95,519
94,56%
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213.tabula. Laukad at u apgabalu pikseNu klasifikUcijas

GausaDi ri h1 U un gamma sadal 0j umu model i, wun
RGB+TI LS3Inadly
. A ' 4
Gausa+ Diril/ Suilkoh [oremtStTiBeonal, o phyll
jumti jumti jumti augsne
/I SuA 97,45% 0,00 1,26% 1,18% 0,10% 0,00% 0,009
Koki 0,00% 78,94% 0,00% 0,03% 0,00% 21,03% 0,009

Sarkani jumti | 0,23% 0,00% 91,94% 2,03% 0,03% 0,30% 5,479
t St T{ A | 2826%A 0,00% 1,18% 91,18% 4,40% 0,00% 0,009
Betona jumti 0,40% 0,00% 0,07% 1,94% 97,38% 0,00% 0,209
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Short range UWB radar sensor applications for room security
systems

UWB radar sensor working principle

The radar sensor principiesounding a scenario under test using radio waves in the
GHz range and process the obtained echo signal.

The radar echdepends on target size, shape and material composition and also from
the test room configuration. The desired information: distance, location, orientation,
speed, shape, material composition.

Tx

Incident
‘ Target

\O

Rx | A

Fig. 3.1. Fundamental impulse radar principle

Short Range Devices using UWB technology standardisation in
Europe

The short range device using UWB technology standardisation work in Europe is
carried out by the European Telecommunications Standards Institute (ETSIjs ETSI
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standardization activity for sherange dewes currently includes tHellowing UWB
applications {:

Communications applications

Groundprobing and walprobing radar

Tank level probing radar

Sensors

Precision location within buildings

Automotive radar.

From the list of applications the followirepmplies with the project tasks: 1) Ground
probing and walprobing radar; 2) Sensors; 3) Precision location within buildings. So
only these three groups of applications will be examined in more detail.

E R

1. Groundprobing and walprobing radar
The expected aating frequency range is from 30 MHz to 12.4 GHz, with a
very high bandwidth and a very low radiated power density. More detailed
information about this type of devices can be found in ETSI Technical report
[?] and in the standard][
2. UWB sensor applations.
From the ETSI listed applications the following complies with the projects
objectives:
2.1.Building Material Analysis and Classification equipment {2.2 GHz) f]
2.2.Location tracking applications for person and object tracking and industrial
applications (3,4 GH#,8 GHz ) (6 GHZ&,5 GHz)

UWB radar sensor resolution p]

1) Range resolution] () T the ability to of the radar sensor to distinguish
between two closely located point targets of identical radar cross section

T = = 3.1

2) Range accuracy () i minimum range error for a single point target that can
be attained in case of noiaffected measurements.

1T = == — (3.2)

Experimental application tests

During the first project period expearental application tests were carried out to test
the potential applications of the UWB radar sensor technology for security monitoring
systems.

'Ultra  Wide Band. (2015, October 4). Retrieved from http://www.etsi.org/technologies
clusters/technologies/radio/ultreide-band?highlight=YToxOntpOjA7cz0z0iJ1d21i030=

% Technical characteristics for SRD equipment using Ultra Wide Band technology (UWB); Part 2:
Ground and Walt Probing Radar applicationSystem Reference DocumeB{lTSI TR 101 9942

% Ground and Walt Probing Radar applications (GPR/WPR) imaging syst&ms!| EN 302066

* Building material analysis and classification applications operating in the frequency band from 2.2
GHz to 8 GHz. Techinal report:ETSI TR 102 4951; StandardETSI EN 302 435

®SACHS, J¢é¢r gen. -widebahd ShorlangeoSensiblg: Theoay, Sensors, Applications.
John Wiley & Sons, 2013.
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A quastmonostatic radar configuration experimental UWB test setup 8F) was
made for application testingurposes. The test setup consisted of two identical
shielded and resistively loaded Bawe (planar conical) type antennas, an avalanche
transistor based impulse generator and atnee 20 GHz bandwidth oscilloscope
(Tektronix DPO72004C). The antennabese mounted on a test stand in the middle
of the room to minimise the reflections from the ceiling, floor and the walls.

Fall time: <100ps
Aplitude peak: -20V

Distance

generator

Impulse EI

Direct Large metal

—— - sheet
v (1m x 1m)
i Reflected
Receiver B
(Oscilloscope) \ A

Loaded and shielded
"Bow-Tie" type antennas
with a balancing balun (B)

1 Direct
’ §

Fig. 31 Experimental test setup

To measure the distance (X) to an object using a-gquasostatic radar configuration
the following, simplified formula could be used.

AL .

e -L 4« <h (3.3)

"

vl

Where xi distance (meters);
ci Speed of lightgzp m a7i);
1 Relative permittivity of the of the medium;
t, 1T Reflected impulse peak time moment;
t; T Direct impulse peak time moment.

The simplified distance calculation formula is correct when the distance to an object
is noticeably larger than the distance between the transmitting and receiving antennas.

An experimental test result from an object in 80cm distance from the antennas is
shown inFig. 3.1
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Fig. 32. Object in 80 cm distance from the antennas

The response (reflection) from an object decreases by increasing the distance to the
object, which can be seenhig. 33.

«10°
g T | T T T T T T
m : D 9298 : 150cm
gL |xrors o RIS ——— 255¢em
4_
= 2r
E
=
=
£ N
< . :
A
S S UL ST Y SOPPTU B PUTR ....................................... -
5 i | i | ] i | i |
0 2 4 5 & 10 12 14 16 18 20

Laiks, ns

Fig. 33. Object in 150 cm and 255 cm distance from the antennas

A set of distance measurements where performed and the results are summarised in
Table 31.
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Table 31. Distance measurement experiment results

Real distance From measurements Difference
80cm 85.94cm 5.94cm
140cm 143.21cm 3.21cm
150cm 153.16cm 3.16cm
192cm 194.11cm 2.11cm
255cm 257.67cm 2.67cm

The UWB radar sensors can be also used to detect object behind other objects, what
cannot be done using other optical or sound sensors. To demonstrate this idea a
plywood sheet was placed in between the antennas and the metal sheet used in
previously used expenental setup. The measuremesedFig. 3.4) showed that the
reflections from the plywood sheet and from the metal sheet can be clearly seen.

wo®
8 ; ; ; !

u 5 :
Gl #1078
N 0.00655

I M 5896 ¥ 9.382 : ; :
------- DWIODOSOB3 | YIOODSAE e
L .om : : : :

Amplitdda, my

0 2 4 53 a 10 12 14 16 18 20
Laiks, ns

Fig. 3.4. Reflectogram from a metal sheet behind a plywood sheet

The UWB radar sensor can be also used formetallic material thickness testing.

For safety monitor applications remote ice thickness measurements cousefbke

To test UWB radar sensor ice thickness measurement capabilities an indoor test setup
was made Kig. 35). For the measurements the same hardwaas used as in
previous tests, only the configuratisschanged.

TX RX
[=] 1. [=]
‘ > < ‘_» > < ‘ *Qptional
2 metal sheet
3
Big ice cube

Fig. 35. Indoor ice thickness measurement test setup
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From the measurement test setup can be seen that the measurement signal should
contain threeeomponents: 1i. the direct pulse; 2. reflection from air/ice transition;
3.1 reflection from ice/floor transition.

Experimental measurements using different thickness ice cubes where made. From
the 5 cm and 17 cm thick ice cube measurements sign&ig.iB6 it can be seen,
that: 1) the sounding impulse is too long to correctly measure ice thickness below

10cm; 2) the long antenna ringing makes the peak detection more difficult on larger
ice thickness measurements.
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o3k ........ ......... ......... ¥ BEOE ......... ........ ........ .........
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Fig. 36. Signals from a 5cnuppe) and 17cmlpwer) thick ice cube.

After measuring the travel tim# {n the ice layer from the reflected impulse peaks
and apriori knowing the material dielectric constan}, (the ice thickness could be
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calculatedusing a simplifiecequation 3.49.

The opposite calculation of the materials dielectric constant can be done by
expressing the dielectric constant from ¢ggiation 3.4the result isequation 3.5

- = (3.5)

The results from three different ice block thickness measurenaeasimmarised in
Table 32.

Table 32. Ice thickness measuremeaasults.

Ice Time between | Calculated| Calculated ice thicknes Error, %
thickness | impulse peaks, ng e using €=3.1
5cm 0.598 3.2184 5.095 cm 1.9
11cm 1.286 3.0752 10.956 cm 0.4
17 cm 1.992 3.0893 16.971cm 0.2

Research on signal processing methods for detection of
changes in aroom, object displacement detection.

A UWB radar sensor can be wused for obtaini
consists of reflections from the room walls and the objeside the room. The object

can be fixed, like a chair or a table, or can be moving. Small object movements can be
masked by bigger reflections from larger franving objects. To detect small objects

movements in the room, which are masked by reflectioos fother stationary

objects in the room, signal processing should be applied.

A Research on applying the method of principal components analysis (PCA) for

detection of small target movements in ultrawideband radar sensor systems has

been carried out.

Thetested method of signal processing is based on thekn@in KarhunerLoeve

transform (principal component analysis). Initial implementation of the signal, having

a high redundancy of information, translated into the space of principal components.

Thesg n al on the first principal component i s
changes caused by very small movements in the test area. The algorithm is described

in detail in an earlier publicatiod][

A test setup was made using arhmuse made UWPBulse radar sensor, designed for
remote human respiratory movement detectfpriThe test setug=(g. 37) consists of

® MEASURMENT OF LAKE ICE THICKNESS WITH A SHOR-PULSE RADAR SYSTEM /

Obtainedfrom. - http://ntrs.nasa.gov/archive/nasa/casi.ntrs.nasa.gov/19760013526.pdf

M. Greitans and V. Aristov, AConservation of the L
in the First Principal Component 0, #6ANumiokemst i ¢ Cont
2012, Allerton Press, Inc. pp.1-184.

8Vliadimir Aristov, AUWB radar fseesd0 a humandés bre:
Applied Sciences in Europe: tendencies of contemporary development, 1st International Scientific
conference, 2122th March 2013, Stuttgart, Germany. (ISSN 22483) Ipp. 138139.
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an UWB radar sensor, fixed at an angle relatively to the floor in which antenna
systems field of view an object is been moved.

Antenna
4
FY

H=150
o Protected area

Object
X i =y

Fig. 37. Test setp.

Before the experimental tests, a system test measurement is made and a reflection
from a 410x230 mm metal sheet is obtainéid.(38). The centrafrequency of the
test reflected pulse is 3GHz and the (0.7 level) bandwidth is 1.3 GHz

U

el—lé S000s

Fig. 38. Test reflection from a large metal sheet.

At first the method was tested on a set reflected sigviads no object movement in
the test area was performddd. 3.9). The result is a noisiée signal.

0.1

0.05

-0.05

{0 I S NS NN NN N S N
0

Fig. 3.9. No movement in the area (noise)

Applying the method on a set of reflected signals when a person walked slowly one
time (left) and two time fast (right) thought the test area results in algkdsggnals
that can be seen kig. 310.
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Fig. 310. Person walked slowly (left) and two times &gtight) through the test
area.

Development of UWB radar sensor functional parts.

One of the main tasks for period Wwas to builda prototype ofthe UWB radar
sensor. Sensor had to be able to work autonomously, make local computations if
necessary and transmit data to other devices like smartphone, tablet or personal
computer. Additionally a LCD display was included for debug and local data
indication purposes. UWB radar sensor uses sampling receiver principles which
samples received high frequency signal and converts it to low frequency equivalent
time signal. That reduces requirements for PCEhe main sensor board other than
receiver module.

Block diagram of UWB radar sensoris presented below

Transr

Recei

Fig. 311 Radar Sensor block diagram.

Important part othe equivalent time sampling receivertigetime scale circuit. To
acquire stability and low jitter on sampled signal it is essential to build time scale
circuit with low noise and distortions. In this prototype two saw shaped signals are
used and compared to acquire equivalent time scale. Slpadstawshaped signal is
made by DAC since its only requirement is low noise. As for fast sloped saw signal it
is important to have linear slope and low noiseadl0 to 25 ns slope. Circuit that
generates fast slope sahape signak illustrated inFig. 313.
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Fig. 312. Complete UWB radar sensor circuit.
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