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The Anatomy of the FFT Analyzer

The FFT Analyzer can be broken dowr
into several pieces which involve the
digitization, filtering, transformation
and processing of a signal.

Several items are important here:
Digitization and Sampling
Quantization of Signal
Aliasing Effects
Leakage Distortion
Windows Weighting Functions
The Fourier Transform
Measurement Formulation



Convolution



Sinyal Uzerinde yapilan tum islemler “Sinyal Isleme” olarak adlandirilan genis
bir inceleme alani olusturmaktadir. Sinyallerin islenmesindeki karmasikliga
bagli olarak sinyal islemlerini iki genis kategoride siniflandirabiliriz;

» Matematiksel temel sinyal islemleri
» Korelasyon ve filtreleme gibi gelismis sinyal islemleri

Matematiksel olarak konvolisyon denklemi korelasyon denklemiyle biytk
benzerlik gostermektedir. Bununla birlikte, korelasyondan farkli olarak
konvollsyon, sinyallerden birini ters cevirmeyi icerir. Bu zaman dontsimu (t -
1) olarak temsil edilebilir. Burada t zamani aninda disundalir.



e Surekli zaman sinyalleri icin x1 (t) ve x2 (t)'nin konvolusyon
islemini asagidaki gibi ifade edebiliriz:

y (t) = f_mm x1(t)x2(t —T)dt
veya

y (t) = f_mm x1(t — Dx2(t)dr



* Es zamanli olarak, ayrik zaman sinyalleri icin,

ylnl= X7, k = {x1 [k] x2 [n — K]}
veya

yInl=X%, k = {x1 [n — k] x2 [k]}



Convolution - Example

ula(x) + b(x)




Properties of Convolution

e Commutative
axb=Db=xa

* Associative
(axb)*xc=a=(b=c)

e (Cascade system

f—>h1—>h2—>g

f —) I“|1>X<h2 —>J

f — h2>1<h1 ——>0




Gaussian filtering
*A Gaussian kernel gives less weight to pixels further from the
center of the window

*This kernel is an approximation of a Gaussian function:

1 u2_5v2
h(u,v) — 271-0-26 o




Convolution
N & = H & F
cross-correlatic 1, ;] = S > Hlw,v]1F[i+ w,j + v]

u——kv——=%

A convolution operation is a cross-correlation where the filter is flipped both horizontally and vertically before
being applied to the image:

Kk Kk
Gli, 7] = > > Hlu,v]F[i— u,j— v]

u——k v——=%k
It is written:
G — H ~ F’

Suppose H is a Gaussian or mean kernel. How does convolution differ from cross-correlation?



Convolution is nice!

. b= c* a
Notation:
Convolution is a multinlicatinn-like nneration
— commutative a*xb=0bxa
ax (bxc) = (axb)xc

— associative
— distributes over addition
— scalars factor out

— identity: E‘;‘"ém":m . [...,0,0,1,0,0,..]

ax(b+c) =a*+xb-+ axc
aa*xb = a*ab = oa(a * b)

Conceptually no distinction between filter and signal

Usefulness of associativity
— often apply several filters one after another: (((a * b;) * b,) * b;)
— this is equivalent to applying one filter: a * (b, * b, * b,)



al

Image Processing



Image processing

Image compression
Noise reduction

Edge extraction
Contrast enhancement
Segmentation
Thresholding
Morphology

Image restoration



General commands

imread: Read an image

figure: creates a figure on the screen.

imshow (g) : which displays the matrix g as an image.

impixel (i, j):the command returns the value of the pixel (i,j)
iminfo: Information about the image.



Basic Filters

Convolution/correlation/Linear filtering
Gaussian filters

Smoothing and noise reduction

First derivatives of Gaussian

Second derivative of Gaussian: Laplacian
Oriented Gaussian filters

Steerability




Dijital Goruntu Turler;

e |kilik: Her piksel sadece siyah veya beyazdir. Her piksel icin sadece iki olasi
deger oldugundan (0,1), sadece piksel basina bir bit gerekir.

* Gri Tonlama: Her piksel, gri (normalde O (siyah) ila 255 (beyaz) arasinda bir
degerdir. Bu aralik, her pikselin sekiz bit veya tam olarak bir bayt ile temsil
edilebilecegi anlamina gelir. Diger gri tonlama araliklari kullanilir, ancak
genellikle 2'dir.

* Gercek Renk veya RGB: Her piksel belirli bir renge sahiptir; Bu renk, icindeki
kirmizi, yesil ve mavi miktariyla aciklanir. Bu bilesenlerin her biri 0—-255
araligina sahipse, bu toplam 2563 farkli olasi renk verir. Boyle bir gorintu Gc¢
matrisin “yigin1” dir; Her piksel icin kirmizi, yesil ve mavi degerleri temsil eder.
Bu, her piksel icin 3 degere tekabdul ettigi anlamina gelir.



Binary Image
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Grayscale Image
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Filtering



Filtered Signal

The function introduces the implementation of fft and ifft in
filtering and cleaning of signals.

The function plots

1. the original signal,

2. its transform,

3. the reconstructed (filtered) signal.



Filterleme

* Analog sinyal cok sayida sinlsoidal sinyallerin
votooe karisimindan olusur.
N e Fourier donusimu ¢ok sayidaki sintsoidal

' W\q M | sinyali frekanslarina goére ayristirir. Genliklerini
i > de verir.

.
"‘M W ! * FFTile frekans domenindeki frekanslarina gore
sinyalleri ayristirir.
Voltage Lo e Voltage 1B eSS Filter * LPF, Alcak geciren filtre Uist frekanslar
sonduralur. HPF, yuksek geciren filte alt
e frekanslar sonduralur.

Y3

Moo= O - N
|| | 1 1

4 N_ " ~ T AR * BPF, Band gegiren filtre istenilen frekans
2 araligindaki sinyalleri gecirir, digerlerini
sondurdr.
e Guraltu yuksek frekans bilesenleri icerir.



clear all
close all

t = linspace(-pi,pi,100);
M=length(t)
x1 = sin(t);

figure, plot(t,x1)
grid on
X = sin(t) + 0.25*rand(size(t));

figure, plot(t,x)

grid on

windowsSize = 5;

b = (1/windowsSize)*ones(1,windowSize);
a=1;

y =filter(b,a,x);

grid on

figure, plot(t,x)

hold on

plot(t,y)

grid on

legend('Input Data','Filtered Data')
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ya=fft(x);
figure, plot(fftshift(abs(ya)))
grid on

for i=1:100
yb(i)=1;
end

for i=4:96
yb(i)=0;
end

figure, plot((abs(fftshift(yb))))
grid on

yc=ya.*yb;
figure, plot((abs(fftshift(yc))))
grid on

yb=ifft(yc);

figure, plot((real(yb)))
grid on
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Wavelet



Wavelet — Aliasing - Denoising

Wavelet — Dalgacik
Aliasing — Ortiisme
Denoising — Giiriiltii arindirma



Wavelet

Dalgacik, sifirdan baslayan, artan ve sonra
sifira azalan bir genlige sahip dalga benzeri
bir salinimdir.

Bu tur sinyallerin ana sinya icerisinde
aranmasi islemdir.

Bir sinyalin ayristirilmasi icin Fourier
donustimunde kullanilan sintslerin aksine,
dalgaciklar genellikle zaman icinde cok
daha yogunlasir. Genellikle zaman ve
frekansta lokalize olan sinyalin bir analizini
saglarken, Fourier dontsimu sadece
frekansta lokalizedir. Dalgaciklara 6rnekler
Sekil'de verilmistir.

(a) Meyer wavelet

Figure : Wawvelets - examples

Given a mother wavelet 1/(t) 1s defined as:

X (a,b) =

L
Ja

(b) Coiflet wavelet

I

),[t]rji



Wavelet Analysis

* Dalgacik Analizi —Degisken boyutlu boélgelere sahip bir pencere
teknigi
* Daha hassas dusuk frekansli bilgiye ihtiyac duydugumuz uzun

zaman araliklarinin kullanilmasina ve yuksek frekansli bilgi
istedigimiz kisa bdlgelerin kullanilmasina izin verir



Time weighting functions



Windows - Rectangular/Hanning/Flattop

* Time weighting functions are
applied to minimize the effects of
eakage.

e Rectangular

* Hanning W
General window

* Flat Top and many others frequency characteristics




Windows

Rectangular Hanning Flat Top
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Aliasing - Ortiisme

31



Aliasing

Analog sinyal 6rneklenirken, 6rnek alma sinyal frekansi yanlis tanimlanirsa,
bozulmaya (distorsiyon) veya hataya (Aliasing)neden olur.

Farkli sinyaller orneklendiginde ayirt edilemez (veya birbirinin ortigi) olmasina
neden olan bir etkidir.

Ayni zamanda, 6rneklemeden elde edilen degerlerden yeniden yapilandirilan

bir sinyal orijinal sirekli sinyalden farkli oldugunda ortaya cikan bozulmayi da
ifade eder.

Orneklemeden dnce ve bir sinyali daha yuksek bir 6rneklemeden daha dusuk
bir ornekleme oranina dénustururken, giris sinyaline alcak geciren filtreler veya
kenar yumusatma filtreleri (AAF) uygulanarak ortiisme onlenir.



Aliasing

* Fourier dontusimunde isareti olusturan frekanslar belirlendiginde,
ortuserek kaybolan sinyali belirlemek icin bir peryotta alinan 6rnek
sayisi artirilarak analiz edilir.



Aliasing
Sampling and Aliasing

Pt 1 FT1 11711

sia) Moot munpling widkin the Myqube Beis

VUV

PR LT Tt

i} Paik sxmpiang beyel th Npugiall hmil

The top signal i1s sampled at the Nyquist limit and is not aliased.
The bottom signal i1s sampled beyond the Nyquist limit and 1s aliased.
Aliasing occurs when higher frequencies are folded into lower frequencies.




Aliasing

e Reconstructed signal might be very different from original:
“aliasing”

vk

\/

¥T/—>

e Solution: smooth the signal before sampling

_)

N




Undersampling

 What if we “missed” things between the samples?
* Simple example: undersampling a sine wave

— unsurprising result: information is lost
— surprising result: indistinguishable from lower frequency

VTN N

YR IV



Undersampling

* What if we “missed” things between the samples?
* Simple example: undersampling a sine wave

— unsurprising result: information is lost
— surprising result: indistinguishable from lower frequency

P [ PR U R |- I S S iy Y o PR S ey

ANAA NN NN A
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Denoising

Giuriltu Arindirma



Denoising

Analog sinyaller ile ¢evrili dlinya verileriyle ¢alisan herhangi bir bilim

adami ve mihendis tarafindan iyi bilinir.

Belirli kogullar altinda ihmal edilebilecek diizeyde (6rn. yiiksek SNR — |
Isaretin Gurlltlye Orani) glriltd olmadan var olamazlar. Analog sinyalin on AT A

var oldugu her yerde girilti vardir.

Bununla birlikte, gurultinun sinyalleri Gnemli 6l¢iide bozdugu birgok
durum vardir ve daha ileri veri analizine devam edebilmek igin glriltinin off

verilerden ¢ikarilmasi gerekir.

Gurultt giderme islemine genellikle sinyal glrtltisind giderme veya

basitce glrultiyl giderme (Denoising)adi verilir.

Guraltalu bir sinyalin ornegi ve glrultisu giderilmis versiyonu Sekilde

gordulebilir.

Gurualtinin, dizglin olan orijinal sinyale yliksek frekansli bilesenler sl
ekledigi gorilebilir. Bu glriltintn karakteristik bir etkisidir.

100

Bir analog sinyal Fourier dontstim ile genlikleri ile birlikte frekanslarina

ayristirihir. GUraltuld olan filtreleme ile sondurilur.

pri 111}

300 400

a00 BOD 00 :Lul1] el

Figure : Noisy sine and its denoised version (solid line)
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Nerede kullanilir?

* Yapay zeka uygulamalarinda, asiri uyumu énlemede...
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Outline of Presentation

Motivation

Basic design of UWB radar system for through-wall human activity
characterization

Hilbert Huang transform

Some results and notes on the development of the algorithm
Future work

Summary



1. Motivation

Doppler etkileri gbozlemlenerek ortamdaki degisimlerin algilanmasi
Insan yasaminin duvardan algilanmasi,
Yizeydeki gerilmelerin algilanmasi,
Ylzey uzerindeki degisimlerin algilanmasi,
Sinir 6tesi tehditleri algilama.

Mikrodalga radar, dusik dalga boyu, ylksek enerji, kati bariyerleri
gecebilmesi, dusuk zayiflama nedeniyle uygun bir secimdir.

Depremlerin 6nceden tespit edilebilmesi
Askeri: Yurt guvenligi, sehir savasil.
Saglik sektori: hastaneler icin uzaktan saglik izleme sistemleri vb.

Askeri uygulamalar icin tasarliyoruz - gizliligi tasarim hedeflerinden
biri olarak géruyoruz.



Hilbert Huang Transform

Hilbert Huang Transform algoritmasi hesaplama acisindan pahalidir.

Algoritmanin asimptotik karmasikligini belirlemek mimkuin degildir, ciinki algoritmanin dogasi giris
sinyaline cok duyarhdir, en koti durumu ve en iyi durumu acgikca tanimlayamayiz.

Ortalama olarak, algoritma dogrusal olarak dlceklenir.

En 6nemli adim, en zayif halka enterpolasyondur. Deneylerden kibik enterpolasyonun en iyi sonuclari
verdigini bulduk.

Daha basit enterpolasyon teknikleri icin, algoritmanin IMF'lere yakinsamasi daha uzun surer, daha
karmasik enterpolasyon teknikleri gereksizdir ve hesaplama acisindan cok pahalidir.



2. Basic design of the system

Military operations require low probability of interception
(LP1), low probability of exploitation (LPE), low probability
of detection (LPD), and anti-jam characteristics.

Traditional communication and radar systems use
deterministic waveformes.

Deterministic waveforms do not have these desirable
properties.




2. Basic design of the system

»  Moving person

Position change
Doppler shift
Polarization change
Gait

»  Non-moving person

Breathing

Heartbeat and Respiration
Talking

Shaking

Hands moving



2. Basic design of the system

Waveform Design
Start with ultra-wideband (UWB) noise waveform.

Insert low energy single tone waveform, such that, the single tone is ‘masked’ by
the noise waveform.

Doppler si%natures of human movement can be inferred from the modulations
of the single tone present in the reflected waveform.

We propose to use the Hilbert-Huang Transform method for analyzing the
Doppler return signal.



Hilbert Huang Transform

Sinyal, sinyale 6zgii farkli zaman élceklerinin bilesenlerine ( Icsel Mod Islevleri denir:
IMF-Intrinsic Mode Functions) uyarlanabilir sekilde ayristirilir.

Déntistiim dogrusal degildir - dogrusal olmayan olaylardan kaynaklanan veriler igin
uygundur.

IMF'ler "tek bilesenlidir” ve "anlik frekansi" rahatca tanimlamak igcin uygundur, bu da
HHT'yi hizli degisen frekans profilli sabit olmayan sinyaller icin uygun hale getirir.

IMF'ler, sifir ortalamasi olan ve maksimum veya minimum kadar sifir gecise sahip
fonksiyonlar olarak tanimlanir.



3. Hilbert Huang Transform-3

x(t) = s(t)

Subtract mean envelope from signal

A

Extract maxima and minima

'

Maxima envelope, minima envelope
by interpolation

y

Mean of maxima and minima
Sk(t) = Sk-1(£) - Ik(t) envelopes, m(t)

m(t) ~ 0 and No

# of extrema = # of zero
rossin

Yes

IMF 1,.(t)




3. Hilbert Huang Transform-4

chirp




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4




3. Hilbert Huang Transform-4

IMF 1; iteration 1
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3. Hilbert Huang Transform-4

IMF 1; iteration 1
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3. Hilbert Huang Transform-4
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3. Hilbert Huang Transform-4




. Hilbert Huang Transform-4

IMF 1; iteration 8
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. Hilbert Huang Transform-4

IMF 1; iteration 8
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3. Hilbert Huang Transform-4

\/\/\/v\/\/v\/\/\/\/\/wv\/\/wwv’m T —
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IMF 1 and 2 show an accurate decomposition of the original signal into relevant components.



3. Hilbert Huang Transform-5

The Hilbert Spectrum

The second part of HHT is the Hilbert spectrum.
The IMF’s are suitable for applying the Hilbert transform [1]
We construct the analytical signal from the IMF’s,

Y(t) = X(t) +j H (X(t))

where H denotes the Hilbert transform

The phase is computed as
¢é=arctan(H(X(t))/X(t))

The instantaneous frequency is defined as d¢/dt
The Hilbert Spectrum refers to the plot of the ‘instantaneous frequency’ of the signal versus time.

Using the Hilbert transform to analyze the frequency profile of the signal means that we do not encounter
the time-frequency uncertainty associated with Fourier-based transforms.



3. Hilbert Huang Transform-5

Fourier STFT Wavelet HHT
Basis Non-adaptive Non-adaptive Non-adaptive Adaptive
Frequency Convolution: Convolution: Convolution: Differentiation:
Global Regional Regional Local
Presentation Energy- Energy-time- Energy-time- Energy-time-
frequency frequency frequency frequency
Nonlinear No No No Yes
Non stationary No No Yes Yes
Feature Extraction No Discrete: No Discrete: No Yes

Continuous: Yes

Continuous: Yes




3. Hilbert Huang Transform-5

Actual time frequency plot of the two chirps
T T

o Jui) o
Q o o

B
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Frequency

20

Choi-Williams Spectrum

Hilbert Spectrurm after HHT (EMD) proce

HHT vs. Choi-Williams Distribution



3. Hilbert Huang Transform

Implementation Issues
The Hilbert Huang Transform algorithm is computationally expensive.

It is not possible to determine the asymptotic complexity of the algorithm because the nature of the algorithm is
very sensitive to the input signal, we cannot clearly define a worst case and a best case.

On an average, the algorithm scales linearly.

Most important step, the weakest link is the interpolation. We found from experiments that cubic interpolation
yields the best results.

For simpler interpolation techniques, the algorithm take longer to converge to IMF’s, more complicated
interpolation techniques are redundant and are computationally very expensive.



4. Results

We conducted some experiments with human gait, we present the results and their
analysis.

We show the effectiveness of HHT in analyzing Doppler return for single tone transmit
waveforms.

Then we simulate the actual waveform we intend to use by adding noise to the echo signal.

We transmit a 2 GHz single tone waveform and pass the return signal through an RF mixer
which removes the 2 GHz component and retains only the Doppler shifts, which are of low
frequency.

Our system cannot differentiate between negative and positive Doppler.



4. Results

We acquire the signal, subtract the dc component and run it through the EMD algorithm to
extract the IMF’s.

To extract the Doppler features, we look at the IMF with the highest energy.

Since the signal does not contain any components other than those from the Doppler, the
highest energy IMF’s contain the signatures.

We considered simple human movement such as, heavy breathing, walking and waving of
hand.

The signal was acquired for a duration of 20s and in that duration, the person being
observed was in only one of these states.
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4. Results

Experiment

Highest Freg.
Energy IMFs (approx)

Comments

1. Background

All the IMF’s are of comparable energy. The energy
was much lower than with the presence of a
human in front of the radar.

Energy = 0.0203
(As a sum of squares of data points)

2. Human standing, with light breathing

Inconclusive -

The energy of the returned signal at the analysis
stage is:

Energy = 1.5305
Suggests presence of Doppler

3. Breathing heavily

1. IMF 16 & 17 1.0.3Hz
2. IMF 17 2.04Hz

Energy = 3.0657

Higher energy than last two cases, indicating a
stronger Doppler signature. And movement
of larger cross-section.

4. Walking in the direction of the radar. to and fro, 20s

IMF 6, 7 and 17 10to 15
Hz

Energy = 7.4875

Much higher than other experiments,
because the moving cross section is high.

5. Stationary human, waving hands in the direction of the radar. Hand-
waving: about 12 times in 20s

IMF 15 15Hz

Energy = 4.2832

6. Walking in and out of the beam width of the radar.

IMF 8 7Hz

Energy = 1.9842




4. Results

Simulated noisy signal, covert waveform

SNR ~ - 27 dB 33 dB

o o <

SNR ~ - 10 dB 15 dB
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4. Results

Development of Algorithms for Automatic Detection
HHT can extract the Doppler signatures in time domain.

We intend to use statistical classification tools to automatically detect the presence or absence of these signatures.

The figures below show the decomposition of a hand-waving return single tone waveform, the figure on the right
ShOWS that the t+tha hr\rrcncnnnr\linr:i’i“:t!g"ill(--l-rih. wiAane
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5. Future work

Algorithm for automatic detection of human presence.
Through-wall experiments
Modeling of human movement.

Fine-tuning the system, hardware and software for through-wall detection of
stationary human by detecting the Doppler changes caused by breathing.



6. Summary

Described the design of a system for through wall detection using HHT.
Introduction to the HHT algorithm.
Applicability of HHT for detection and characterization of human Doppler.

Long term objectives of the project:

o Automatic detection
o  Characterization of human activity
e  Detection of stationary human
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