Project discussion, 22 May: Mandatory but ungraded.
Thanks for doing this

June 4, 6pm deadline for submitting poster for printing (pdf preferred).
TAs have to print 43 posters. Dropbox link or email TA

https://www.dropbox.com/request/XGgCVOgXm9LBYz7J1msS

June 5, 5-8pm Atkinson Hall: Poster and Pizza. Easels available.

June 15, 8am deadline for submitting report and code. (we have 43
reports to read in 3 days!) use dropbox link or email TA

https://www.dropbox.com/request/XGgCVOgXm9LBYz7J1msS

Evaluation

Report:30%

Poster: 10% (as displayed)

Code: 10% (should run automatically)



Beamforming / DOA estimation

DOA estimation with sensor arrays

Vi = § :Xnejo”rmsian
n

' me [1,---, M]: sensor
nell,---,N]: look direction
- y = Ax

p,(rt) = x; el(wt-kyr) p,(r.t) = x, el(wt-kor)
A — [ala"' 7aN]
x € C, 0 € [-90°,90°]
, a 1 [ej%"rlsinen ejo’”rMsiné’n]T
7-‘- ] n — 9 b,
k = — sinf, A:wavelength VM

The DOA estimation is formulated as a linear problem



Direction of arrival estimation

Plane waves from a source/interferer
impinging on an array/antenna

True DOA is sparse in the angle domain

6:{0) ,0,91,0,"' a0a9210)"' ,O}




Conventional beamforming
Plane wave weight vector w; = [1,e—*sin(%) ... e—z(N—l)Sin(Gi)]T

B(6) = [w"(6)bl?
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ULA, half-wavelength spacing, N = 20 sensors, 6#; = 20°, 6, = 30°,




Conventional beamforming
Equivalent to solving the £, problem with A = [wy,--- ,wy|, M > N.

min ||x||> subject to Ax =b
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A is an overcomplete dictionary of candidate DOA vectors. Columns
span —90° to 90° in steps of 1° (M = 181).



/1 minimization
In contrast £; minimization provides a sparse solution with exact recovery:

min ||x||1 subject to Ax=b
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Columns of A span —90° to 90° in steps of 1° (M = 181).
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Detection of mines. Navy uses dolphins to
assist in this.

Dolphins = real ML!




Machine Learning for physical Applications
noiselab.ucsd.edu

Murphy: “...the best way to make machines that can learn from
data is to use the tools of probability theory, which has been
the mainstay of statistics and engineering for centuries.
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Trevor Hastie
Robert Tibshirani
Jerome Friedman

Data Mining, Inference, and Prediction

Machine Learning

A Probabilistic Perspective

Kevin P. Murphy
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Vim = ZXnGJTrmsmG
n
me [1,---, M]: sensor
ne([l,---,N]: look direction
y = Ax
y:[)/17"'7yM]T7 X:[le'”?XN]T
p1(r.t) = x; ellot-kyr) p2(rt) = X, ellot-kyr)
— [alv” ) 7aN]
x € C, 6 €[-90°,90°] , .
_ - r1sin no efTrMs'n ,,]
2 dn [ej
k = —Tﬂ sind, A:wavelength \/7 )

The DOA estimation is formulated as a linear problem |:| — II IEIIEI'IIE:
(L]

nx1 nxm
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¥ nonzero
entries,
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Compressive beamforming

Yy Wy L] X
Mx1 MxN
NXxN Nx1

MxN

In compressive beamforming v is given by sensor position

min||x||, subjectto ||y — Ax|| < &

[Edelman,2011; Xenaki 2014; Fortunati 2014; Gerstoft 2015]
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x

=
=
x
=

MxN

y: measurement vector

@: Transform matrix
X: desired sparse vector

Y: selection matrix
A: measurement matrix

Sparse: N>K

Often N>>M



Conventional Beamforming

Solving
y = Ax A=lay .., ay] ala, =1
Gives
ai'y
x =A%ty = (A1 AH) 148y ~ AHy =] :
ayy.
0
With L snapshots we get the power ? r\
With the sample covariance matrix 2
~ 20

L
1
C = ZE yyy
=1

More advanced beamformers exists that
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. Beamfroming vs Compressive sensing

A M < N
Y= e €M, SNR = 20/0gio %2 - njj; < ¢
Conventional beamforming (CBF) Compressive sensing (CS)
simplified £5-norm minimization (AAH = 1;) £1-norm minimization
% =AMy = AHAx+A"n x = argmin|[x||y s.t. [[Ax —yll2 < ¢
xeC

ULAM=38, <=1 {61,0,} ={0°5°}, SNR =20 dB

o
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P [dB re max|
P [dB re max]

N
o
|
N
o

-90 -45 , O 4-5 90 -90 -4;5 0 4.5 90
Il CS has no side lobes! o]
CS provides high-resolution imaging



Off-the-grid versus on-the-grid

Discretize

y=A0)x+n » y=Agux+n

Grid-mismatch effects: Energy of an off-grid source is spread among
ULA M =8, ¢ =1 SNR=20dB [—90 :5:90]° [—90 :5:90]° [-90:1:90]°
- [61,62] = [0, 15]° [01,62] = [0,17]°  [61,602] = [0,17]°

| O sources
— CBF
CS

| /\/\[\ I

-9 0 45 90 -90 -45 0 45 90 -90 -45 0 45 90
9 [o] 9 o o

o

P [dB re max]
S

N
o

—
2
>
—

A fine angular resolution can ameliorate this problem
Continuous grid methods are being developed

=>[Angeliki Xenaki; Yongmin Choo; Yongsung Park]
[Xenaki, JASA, 2015]



SWellEx-96 Event S59
ID 134, 11:45 GMT 1o ID 134, 12:50 GMT

SWellEx-96 Event S59:

Source 1 (S1) at 50 m depth (blue)
Surface Interferer (red)

14*3=42 processed frequencies:
- 166 Hz (S1 SL at 150 dB re 1 pPa)
- 13 freq. ranging from 52-391 Hz
(S1SLat122-132 dBre 1 pPa)
- +/- 1 bin each

FFT Length: 4096 samples rec. at 1500
Hz

21 Snapshots @ 50% overlap
135 segments




4 6
Range [km]

Simulation
Source 1 (50 m)
Surface Interferer
Freq. =204 Hz
SNR =10dB
Int/S1 =10dB

* Stationary noise



Ship localization using machine learning

(a) R =0.1—-2.86 km
| =
@®Z; =5>m

-60 -50 -40 -30 -20 -10 (d B)
|

C, = 1572 — 1593 m/s
Layer p=1.76 g/cm® «,=2.0dB/\

50 30 350 400
. Fr.equency (Hz) .
Ship range is extracted underwater noise from array
Sample covariance matrix (SCM) has range-dependent signature
Averaging SCM overcomes noisy environments
Old method: Matched-Field Processing or (MFP)

Need environmental parameters for prediction Niu 2017a, JASA
Niu 2017b, JASA



Z, =128 — 143 m
o

N

° . (a) R =0.1—-2.86 km
itched-Field Processing on test data 1 = =
I‘Zs =5m

Frequencies [300:10:950]H:z 100 Rp; — Rg; p_152m faeim
Eniare = — E o
N —1 Rgz Layor | 24m Cp = 1572~ 1593 m/s
B — pHCp — p=176g/cm> «,=2.0 dB//\%
synthetic replicas. measured replicas

[e]
°® o, ® o

20 40 60 80 100 120 20 40 60 80 100120
Time [index] Time [index]
Mean Absolute Percentage Error error of MFPs: 55% and 19%




DOA estimation as a classification problem

DOA estimation can formulated as an classification with | classes

Discretize the whole DOA into a set | discrete values ® = {04, ..., Oy}

Each class corresponds to a potential DOA.

(a) R=0.1—-2.86 km
—g B

[ T[]

[ ]

[

Z, =128 — 143 m
O

H
eAz=1m

O

C, = 1572 — 1593 m/s
24 m p
Layer p=1.76 g/cm® a,=2.0dB/A

I classes

iz@ie@:{ﬁl,...ﬁ[}

N source ranges
R = {7'1, ...,TN}




Supervised learning framework

True range labels

Training data Train
—¥ STFT |— Input feature —p Range |
classifier
Training
Inference/Test Trained parameters
\ 4
Test data Range Dostert
—» STFT | Input feature —pf’ g_ _ |5 108 e.rl_o%"
classifier probabilities

|

Range estimate



0.8
0.6
0.4t
0.2
0 L
-10 5 0 5 10
X
(b)
" " 1
Input Hidden Output S|g moid fla) = o(a) = 1+ e—a
layer L, lay(fz)Lz layer L function
Input: preprocessed sound pressure data
Output (softmax function): probability distribution of the possible ranges
Connections between layers: Weights and biases
D
_ ) i1 .
From layer1 to layer2: % = Y owimtwy,  j=1-- M, mmmp 2= f(ag).
=1
: S0 (2) . ) 4 (x, W) = exp(ak(x, W) k=1, K
Output layer: ai :jz::lwkj itws), k=1, K S St e

Softmax
20



Pressure data preprocessing

Sound
pressure
. ~ o _ P ~p(f)

Normalize pressure  P(/) = Dl
to reduce the effect \/ > (f))?
of |S(f)]

: 1 N
Sample Covariance - 2::

Matrix to reduce effect
of source phase

SCM is a conjugate symmetric matrix.

S(f) Source term

L Number of
Sensors

Ne'Number of
snapshots

Input vector X: the real and imaginary parts of the entries of diagonal and

upper triangular matrix in C(f)

21



Classification versus regression
R Classification:

@®Z; =5 m -
Z, =128 — 143 m .
. S N potential source ranges
H |

94m Cp=1572—1593 m/s :> | R = {7'1, ...,TN}

Layer p =176 g/cm® «,=2.0dB/X

Regression: Input Hidden  Output
layer L, layer L, layer L
(a)
(a) R=0.1—2.86km
—g —
@®Z;=5m .
7 wsoswm  ONE SOUTCE continuous range
D =152 m sAz =1m
O
= — m/s b
ey || S —) (®)

Regression is harder

Number of parameters

MFP: O(10)

ML: 400*1000+ 1000*1000+1000*100
= 0(1000000)

Input Hidden Output
layer L, layer L, layer L;



ML source range classification

Range predictions on Test-Data-1 (a, b, ¢)

and Test-Data-2 (d, e, f) by Test-Data-1 Test-Data-2
FNN, SVM and RF for 300-950Hz with 10Hz —
increment, i.e., 66 frequencies. ° o predictions — GPS ranges

| | |

(a),(d) FNN classifier,

Range (km)

(b),(e) SVM classifier,

Range (km)

(c),(f) RF classifier.

Range (km)

0O 20 40 60 80100 O 20 40 60 80100
Time [index] Time [index]



Other parameters: FNN

o o predictions — GPS range
~30L " @4dL
= DN
S R
- 2.0
g) —

Conclusion g 1.0
v
- Works better than MFP 13% tput N
- Classification better than —T—T N
regression (b) 4

- FNN, SVM, RF works.
- Works for:
- multiple ships,
- Deep/shallow water
- Azimuth from VLA

0O 20 40 60 80100 O 20 40 60 80100
Time [index] Time [index]



So far...

* Can machine learning learn a nonlinear noise-range relationship?

— Yes: Niu et al. 2017, “Source localization in an ocean waveguide using machine

learning.”

 We can use different ships for training and testing ?

— Yes: Niu et a. 2017, “Ship localization in Santa Barbara Channel using machine

learning classifiers.” (see figure)

o o predictions

— GPS rangesl

©
]

x (d)

0O 50 100 150 200

9 =
sl (@
T 7}
< 6|
S5
Ship range localization using (a,c) MFP 3 :iv
and (b,d) SVM (rbf kernel). ‘P
0O 50 100 150 200
9 B | | | |
NN, SVM, and random forest N 573 - (d)
. . e —
Perform about similar 2 6l
: S 4 Ng
60s Science - 3 -
Scientfic Am 1

(e)

0 50 100150200250
Time [index]

0 50 100150200250
Time [index]



Can we use CNN instead of FNN?
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CNN relies on local features
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Rsnet and CNN for range estimation

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Output Volume (3x3x 1)
x[:,:,0] wO[:,:,0] o[:,:,0]
0 4 -1 -1
0 0|-5 -1 . A
0 2 4 -8 X
0 Identity mapping

0 0 0°0 0 0
0 1124 0 a2l &
P21 2 o o |-t
Zl 2 o L Bias bQA1x1x1)
oM |1 0,0 o bOLZ, :,0]
il i i 0 0
0 0 0 0 0/
X[:,:,2]
0 0 0 0 0

o 0 2

o

I—

[\
=1 =] =




Raw signals

&

Preprocessed
signals

N

ResNet50-1

Range interval?

[1.5) RN
- N
- 15) N\
/
(4
ResNet50- || ResNet50-
2-2-R 2-2-D
\ 4 \ 4
Output Output
range depth

Depth (m)

20

40

1476

1478 1480 1482 1484 (m/s)




Latitude (Degree)

37.9
37.88
37.86
37.84
37.82

(a)

~
e

° * Airgun signals
O Receiver

37.8

123.4

123.5 123.6 123.7
Longitude (Degree)

Amplitude
o
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o
]

Y
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Sample index
N
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Sample index
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(= o o

Amplitude
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U

(b)

0.5

120 140 160 180 200
Frequency (Hz)

100

120 140 160 180 200
Frequency (Hz)

Range (km)

Depth (m)

x  deep learning
o SAGA
measurement

20 r ]
X X X
y ><X o o
X
o
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0 20 40 60 80
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Conventional Beamforming

Mh

B(0m) = m)P1|? = ZTI"{W m)PP; W (0]

=1

Tr{w(0,,)w" (0,,)pipf } =L Tr{W P},

™=

 Linearize: ;

B(6,) = Tr{(WR)TPR + (W])TP’}

= vec(W") vec(P*) + vec(W") vec(P")

B(Hk) =Wy (Hk)T Py

* Real, linear beam-function with vector inputs

Wer (Hk) B [vec(WR),vec(W’)] P, (Hk) = [vec(PR),vec(Pl)]

Beamforming is now a linear problem in weights
with real-valued input from sample covariance matrix



Linear FNN

X; = p.s0;) (data covariance)

: 1, ] = m _
y]i,trueZ{O, jEm’ j=1,.., M.
Vi true : OUtput for class m

2N2

FNN linear model: _ ; — T A — T
y] L,pred — WX = WimXin

No hidden layer n=1



Machine Learning: Feed-forward neural network

« Encourage similarity between true and predicted outputs

 Recall,

yji true — {1’ ] B
‘ 0, Jj #

Cost function:

argmln Z Z YL t’rueprred

=1 m=
= argmln > wlx,

W;




Machine Learning and Conventional Beamformin

« Compare:
CBF — FNN
argmaX _Weff (Hm)Tpeff . T .
W argmin —w; x; Vi
w;
 Assume X; = P.s W; =W (0p)

* Thus, linear FNN converges to CBF if trained on plane waves

Linear FNN




Conventional Beamforming and Machine Learning

0
@ //i\\\ C=0.0001
>-101 R
« Conventional beamforming (CBF) 3 NERY:
IS written as linear function E—zo- N il \. i |'I‘I \.\ \
N NTATRIE B RTAVA.
« 2-Layer Feed-forward neural
network (FNN), same linear 0
function 2 i Cc=1
« Support Vector Machine (SVM)is 5 o |
a linear classifier, differs from 2 /\i i [\
CBF N EaNA N\ | /\ -
0 |
%5 : C=10000
>-10{ — CBF :
3 SVM :
MEE
S ATAY
~90 —45 0 45 90

Ozanich 2019? Angle (°)



max(0,x)

Fully connected FNN

-10

10

Nonlinear FNN

N(N+1 j
( ) » ; eZ§=1WS’j @) gs
S _ i,S 1 i = .
a max (0, 2 w X ) ypred ?/1_1 ez§=1ws-1 ) gs
i=1 -



Perturbed array

Ambiguity (dB)

Predictions (°)

Depth (m)

. X
X °
X
X . X
20 1 $
§ $
. x
: X
401 .« Linear xe
x Perturbed % ¢
60 - : SE—
-2 -1 0 1

Offset (m)

et FNN

_10 4
N\ === True Angle

DATAEE

~90 —45
Angle (°)

HHITEIRN /\N
0 45

- CBF

« FNN
SVM

——=- True Angle

50 -

~90 —45 0
True Angle (°)

45

90



Coherent vs incoherent sources

Two DOAs 64, 6,

With sources S, = |Si|e!Px
Coherent source Ap = ¢, —p; =0
Incoherent A¢p = ¢, — ¢p; = U(—m, )

Forming the sample covariance matrix

P = yy = Axx" A"

Or

2
PR — %[Z 1Sl cos (< (n—m)esin(0r) )+
k=1

251855 cos (% (nsin(61)—msin(6;))l+ A¢)}
] 2

Ph=~ [Z 1S, |2 sin (%(n—m)fsin(ﬁk))] (64)

k=1

x € C, 6 €[-90°90°

2
k = 777r sin @, A:wavelength

Vi = anej%"rmsin 0n
n

me[l,---, M]: sensor
ne[l,---,NJ: look direction
y = Ax
y=Dn -yl x=Da,xn]’
A=lay, - ,ap]
1 om om
a, = ejTﬁSIn@n._.. 7ejTrMslnH,, T
n W[ : ]



Coherent vs incoherent sources

2
Pl = %[Z 1S[? cos (= (n—m)¢sin(0)) )+
k=1

i 25155 cos (% (nsin(f;)—m sin(92))£+A¢i)]

=1

Pl — % [ZQ: |Sk|? cos (%(n—m)fsin(Q@)], (65)

k=1
L — o0, A¢; €eU{m, r}.

Accuracy
o o
IN o))

.
N

—e— Coherent
--e-- Incoherent (5 training sets)

A Training set

1
]
]
]
]
1
N l'
! ---@-- |Incoherent (1 training set)
'l
¢

0 10 20 50
SNR (dB)




FNN hidden layers

Two DOAs 64, 6,: 0-180 deg.

Training all combinations
Validation 1000 Uniformly
random DOA

Each Hidden layers add
S(S+1)
512 nodes in each layer

1.0 A

0.8 A1

Accuracy

o©
I

0.2

.
0)]
1

4 —— 0dB
--- 10dB

® Training

[ @-:--rvv--- @ @:--rrrrnnn @----vvnn @:--rrvn-- @ )
e e = ) ¢ — @ — . —
—— - —.e

/0—0/‘\\__*

3 4 5 6 7 8
# Hidden Layers




FNN hidden layers

Two DOAs 64, 6,: 0-180 deg.
Training all combinations
Validation 1000 Uniformly

random DOA 1.0 -TgT:r":'_ ....... — - o= |
: 0.0 IV L EE R -
Each Hidden layers add O(S) e
0.8 1

> —— 0dB

S --- 10dB

3 —-- 20dB

<

o =
u o
1 1 1
[
o
o
o}
5

o
N

250 500 750 1000 1250 1500 1750 2000
# Hidden Nodes



Localizing two sources from SWO06

SN N R e e S

ID 134, 11:45 GMT to ID 134, 12:50 GMT

B

6m and 54 m source depth
CBF
SBL
FNC

|

!

"
. w
e

P
F——C

- 10.7
§ 10.6
S5 2
£ = 7
E 105 g km
m g 3 10
£ 10.4
F 0

0 100 200 300 0 100 200 300 0 100 200 300
Azimuth, deg. (0°=N)  Azimuth, deg. (0°’=N)  Azimuth, deg. (0'=N)



Freq [Hz]

=750 Hz

10000
8000
6000
4000
2000 §

Freq [Hz]

30-microphone array
\YARR 4

V
V
V
V

v
V
\V4
V

10000 HE 1]
8000 fHI
6000 fE
4000

2000

time [MM:SS]

00:10 00:20

<< << 4 4 <«

Location 1: Otis Redding - “Hard to

time [MM:SS]

Spectral coherence between i and j

1 o _
=1
(Normalization: | X(f,t)|?=1)

42



Distribution of |C;| for incoherent noise

Each group is spatially

99%-tile = 0.48

!

coherent. But no temporal

correlation between groups
(i.e. different source)

0.6

Magnitude of spectral
coherence for 30

5 10 15 20 25 30

10

15+

20 r

25 -

=
ReC TIU.

« Each sensor is a node in the graph.

« If nodes / and j are significantly correlated
|IC;;|>¢, then they share an edge.

30t

tatistically significant
entries => Connectivity
matrix '

Rec. no.

43



—=>Two sources-in-the network

Statistically significant
entries => Connectivity

“matrix

Graph with 30 nodes

10

V VooV

15+

V VARV

20

V

25

30t

RN

< <4<

\V4
5 10 15 20 25 30 a v

Each sensor is a node in the graph.
Connected subgraphs:

If nodes / and j are significantly correlated
|IC;;|>¢, then they share an edge.

A subgraph has high spatial coherence 8 nodes and 20 edges

across a subarray (=> likely a source
nearby). 4




Asymptotic case

Reinterpret C; as connectivity matrix E; of network with N vertices.

Fo_ 1 if C;j > ¢q
ij .
0 otherwise,

support of Cij




Robust Coherence hypothesis te
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Phase-only coherence

| M
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lx; (m)| Lx; (m)!

Cij =
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0.8 1
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“Noise-only” network

If v v vV ¢y Y v v Vv
TS2STIN=Dthe etwork atmostsurety ——

has a giant connected component, i.e., most vy v vvrw

sensors are linked [Erdds & Renyi, 1959]. v YT Y Vv VY

vV v ¥V v V V V v

Bad for cluster search! .

v V¥ V v v V¥ v

vV v V v v Vv v 4

. . . ) V Vv Y v v v

We limit this by testing just the Yy o v

8-nearest neighbors:
1 if Cj > cgand i € N(J)
0 otherwise,

Connectivity matrix
=> Band structur

10|

15+

20 r

25 -

30t

5 10 15 20 o5 30
Rec. no.
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Simulation K=4, SNR=10

5F
stationary
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-A cluster is formed if
>4 nodes are connected with >4edges
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Long Beach array

118.17°W 118.14°W

33.84°N

33.81°N 33.81°N

Thursday, March 10th

|20 @ 250 Hz sampling rate
FFT sample size 256 (=1 sec)
- -25 Block-averaging over 19 windows
33.78'N 33.78'N Window advances by 10 sec.
30
35
33.75°N 33.75'N

118.20°W 118.17°'W 118.14°'W 49



UTME [km]
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Helicopter rotor noise (seismo-acoustic coupling)

Several peaks consistent with helicopter rotor harmonics

(20-100 Hz).
Doppler shift

frigh/flow=(Vo+Vv)/(vo-v)=1.4 i.e. v=250 km/h
Speed over ground 7km/2min=210km/h

Freq[Hz]

v Rotor frequencies
v Doppler frequency shift

v Movement in map

54:30 55:00 55:30 56:00 56:30
time [MM:SS]
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3743

pump jacks and drill rig
2: Pumping faciliyz |

UTMN [km]
@
i

:

Long Beach Iidm"‘“ il g ®
(Blue Line Metrojss, | § 7

3738 3738 &
| olfcour: JEe
3737 (-~ £y . 3737 \ .
3736 5\% 9.8-19.5Hz . 3736 ./ 39.1-48.8 Hz g
\R} | | 1 1 | | ‘\T"&» 1 1 | | ] 1
389 390 391 392 393 394 395 389 390 391 392 393 394 395
UTME [km] UTME [km]

Based on 9400 time windows x 10 frequency bins.
Each dot is the center of a cluster. 90% of the clusters cover <1.5% of the area.
Few false detections
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