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Machine learning is based on 
- Statistical principles (Bayesian)
- Linear algebra
- Data
- Further, there is low-hanging fruit

• Machine Learning (ML) and Artificial Intelligence (AI) are closely related fields
• ML methods combine statistics and computer science principles to obtain models that describe phenomena, or 

accomplish specific tasks
• ML is based on theory for model identification, control, and estimation. Neural network approximations  are 

solved rapidly on modern architecture, leading to great excitement
• E.g., I taught a class on data assimilation with 10 graduate students, In 2016 I changed it to
“Machine learning for physical applications” with 65 graduate students, 245 students in 2020.
 => to attract students, do some ML 

‘Deep Learning’, i.e. ML with deep neural networks, is currently very popular, and is a powerful and general 
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In ML, we are often interested in training a model to produce a desired output given inputs 
y=f(x) +𝝐

• Supervised learning: the P outputs have labelled examples (response variables y)
• Unsupervised learning: there are no labels. The goal is to find interesting properties from 

x, as an autoencoder "x=f(x)
• ….. and we train the model on data
• ….and test the model on new data. 
• Testing measure the ability to generalize

• Most relevant when data can’t be explained by existing models

Features                          Output

ML Principles: Learning from data
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Input x ∈ ℝ!, N features
output y ∈ ℝ", P outputs

Much more than neural networks
Dictionary leaning 
Gaussian Processes
Uncertainty prediction 
Graph processing



-input training locations 
-output displacement
- gradients of NN output with respect to its input are 
computed (analytically available for NN). 
- Residual of the PDE using these gradients is added to the 
loss function.

We need physics in the ML, e.g.   Physics-Informed NN
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PHYSICS !

Doesn’t generalize Generalize well
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Machine leaning is based on 
- Statistical principles (Bayesian)
- Linear algebra
- Data
- Further, there is low-hanging fruit

where

j ¼ jðx1; xÞ…jðxN; xÞ½ %T (22)

is the prior spatial correlation of the sound field, centered at
each measured location X and evaluated at any location x.

From Eq. (17b), the posterior covariance is

jf•jpðx; x
0Þ ¼ jðx; x0Þ & jH Kþ Rð Þ&1

j0; (23)

where j0 ¼ ½jðx1; x0Þ…jðxN; x0Þ%T. Equation (23) corre-
sponds to the prior correlation function jðx; x0Þ in Eq. (19),
updated by the correlation between the measured and the
predicted locations.

Figure 1 illustrates the reconstruction of a one-
dimensional (1D) sound field using the GPs in Eqs. (19) and
(20) for a set of N ¼ 4 noiseless observations of the sound
field p. The kernel function is assumed to be that of a rever-
berant field,1,37

jðx; x0Þ ¼ r2
wsincðkjjx& x0jjÞ; (24)

where k is the wavenumber, and rw is the variance in Eq.
(18) [see Sec. III C for the derivation of Eq. (24)]. Figure
1(a) shows the sound fields estimated prior to having any
observations (as a blind prediction), calculated by using Eq.
(19). The resulting sound fields show a chaotic fluctuating
pattern due to the lack of observations p, with zero mean
and equal uncertainty all over the reconstruction domain.

Figure 1(b) shows the reconstruction after four observa-
tions, where the predictions are made using the posterior GP
in Eqs. (20)–(23). The predictions near a measurement p are
highly influenced by the measured value of the sound field
(showing a mean close to the measured value and little
uncertainty), while predictions further away become more
uncertain. For reverberant field kernel [a sinc, see Eqs.
(24)–(33)] the spatial correlation decays with
1=ðkjjx& x0jjÞ, thus the mean of the predicted sound field
far from the observations tends to zero, and the uncertainty
of the prediction increases. Specifically, the spatial correla-
tion between a measured location xn and a predicted loca-
tion x• is, from Eq (23),

jf•jpn
ðx•; xnÞ ¼ g& j2ðx•; xnÞ

gþ r2
e

; (25)

where g ¼ jðxn; xnÞ ¼ jðx•; x•Þ. If measured and predicted
locations coincide [i.e., jðx•; xnÞ ¼ g], Eq. (25) is
jf•jpn
ðx•; xnÞ ¼ gð1& ð1þ ðr2

e=gÞÞ
&1Þ and the uncertainty is

zero in the absence of noise, as it is shown in Fig. 1.

D. The kernel trick

Covariance matrices are Hermitian positive semidefin-
ite (PSD), and thus the elements of K are the outcome of a
bilinear PSD kernel function jðx; x0Þ : RD (RD 7!C
where jðx; x0Þ ¼ j)ðx0; xÞ and jðx; xÞ * 0.38,39

A common way of constructing kernels is through inner
products in Hilbert spaces. Given any basis function WðxÞ
¼ ½W1ðxÞ…WLðxÞ%T such that WðxÞ : RD 7!CL, the kernel
jðx; x0Þ ¼ hWðxÞ;Wðx0Þi ¼ WHðxÞWðx0Þ is always PSD.
Specifically, the covariance function that constructs the
covariance K in Eq. (12b) is the inner product of U over
Kw. The representation of inner products with a similarity
function j is the kernel trick, which allows the mapping of
X into higher dimensional spaces without the explicit evalu-
ation of W on every element of X. However, the design of
kernel functions is not limited to inner products, and exist-
ing kernels can be combined into new valid kernels in multi-
ple ways,35,39 such as summation (jðx; x0Þ ¼

P
ijiðx; x0Þ)

and multiplication (jðx; x0Þ ¼
Q

ijiðx; x0Þ), to mention a
few.

III. KERNEL FUNCTIONS

Kernels are generally classified on behalf of stationarity
and isotropy.38 A kernel is stationary if it is translation
invariant, i.e., only a function of the difference d ¢ x& x0.
A kernel is isotropic if it depends on the euclidean distance
jjdjj. For example, the spatial correlation of a diffuse field is
stationary and isotropic, while the spatial correlation of a
plane wave field is stationary but anisotropic (as the correla-
tion depends on the direction). In this section, we show
some of the conventional stationary kernel functions
existing in audio and acoustics literature, and we introduce a
kernel based on plane wave expansions that adapts to the
spectrum of sparse and non-sparse fields.

A. RBF kernels

In this section, we introduce the widely used RBF in its
basic isotropic, anisotropic, and wave-like forms.27,35,39,40

The basic isotropic RBF defines the covariance between two
points as

jðx0; xÞ ¼ a2 exp & 1

2q2
jjdjj2

! "
; (26)

where q is the length scale and a is a scaling factor. The
length scale defines the decay rate of the correlation func-
tion. The RBF kernel is an example of a PSD kernel not
derived from inner products.41

For anisotropic fields, it seems natural to consider direc-
tion dependent covariance. Anisotropic RBF kernels can be

FIG. 1. (Color online) 1D sound field reconstruction with GP regression (a)
prior to any measurements and (b) after four measurements (•). The sound
fields are visualized by drawing 40 random vectors (solid). The uncertainty
area (gray) is 62 times standard deviation, 62

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
jðx; xÞ

p
for the prior [Eq.

(24)], and 62
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
jf• jpðx; xÞ

p
for the posterior [Eq. (23)].
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Fig. 1: RBF kernel illustration for different length scale pa-
rameter values (`) and amplitude (�f ) = 1.

observations at field sensors becomes worse as the inter-
element spacing becomes smaller whereas inter-element
spacings larger than half wavelength lead to spatial alias-
ing. We demonstrate the performance of GP based method
for different inter-element spacings. We compare the DOA
estimation performance of the GP based method with the
conventional beamforming method (CBF). Our GP interpola-
tion based method for DOA estimation outperforms CBF for
the higher inter-element spacing cases. The proposed method
also outperforms CBF by a wide margin as information from
more field sensors becomes available.

2. GAUSSIAN PROCESSES FOR DOA ESTIMATION

A Gaussian process (GP) is a stochastic process for a collec-
tion of random variables where each finite set of the random
variables follows a multi-variate Gaussian distribution. A GP
can be denoted as[18, (15.2)],

f(x) ⇠ GP (m(x), k(x, x0)), (1)

where m(x) is the mean function and k(x, x0) is the kernel
function evaluated at points x and x0. The kernel function
can be appropriately chosen to model spatial correlation in
the data.

Prior work has demonstrated the use of GP’s for acoustic
field reconstruction [20], localization [22], and seabed clas-
sification [23]. Here, we consider the use of GP’s for DOA
estimation. We assume an array at ND discrete locations in
a continuous domain D. The array response y(r) at sensor
distance r along the linear array axis due to K sources each
with complex amplitude xk of the emitted wave from DOA
✓k is modeled by,

y(r) =
KX

k=1

A(r, ✓k)xk, (2)

where A(r, ✓k) = e�j 2⇡
� r sin ✓k is the sensor response, � is

the wavelength, and r is the distance of the sensor along the
linear array axis from the origin.

Along the array axis, it is assumed that the field on
the manifold is described by a complex valued Gaussian

Process (GP) at a set of ND discrete sensor points, r =
[r1 . . . rN,D]T 2 D

yD 2 CN (µD,KD,D) (3)

where µD is the mean and the covariance matrix KD,D 2
CND⇥ND is represented by a positive definite kernel function
for the (i, j)th element [KD,D]i,j = (ri, rj).

A common choice for the kernel function is the Radial
Basis Function (RBF)

(ri, rj) = �f exp

✓
�kri � rjk2

2`2

◆
, (4)

where �f and ` are the amplitude and length-scale hyperpa-
rameters, respectively. The RBF kernel is commonly used
in the GP literature [25]. As given in Eq. 4, the RBF kernel
assigns a high kernel value to points which are closeby. The
amplitude is the maximum kernel value while the length scale
controls the decay rate of the kernel value. Fig. 1 illustrates
the RBF kernel for different hyperparameter choices.

The observed data d at NO locations rO = [r1 . . . rN,O]T 2
D consists of the noise-free signal yO that follows the same
GP as above, since yO are on the same manifold with covari-
ance matrix KO,O 2 CNO⇥NO

d = y + n , (5)

where we have included Gaussian noise n 2 CN (0,�2I).
The joint prior density p(d,yD|rO, rD) of the data d and

the unobserved field yD is,

d
yD

�
⇠ CN

✓
µO

µD

�
,


KO,O + �2I KO,D

KH

O,D KD,D

�◆
, (6)

where covariance KO,D 2 CNO⇥ND has [KO,D]ij =
(ri,O, rj,D).

The unobserved field yD then has the posterior distribu-
tion given the observed field d (we assume µO = 0)

p(yD | rD, rO,d) = CN (µD,⌃D) (7)
µD = KH

D,D(KO,O + �2I)�1d, (8)

⌃D = KD,D �KH

D,O(KO,O + �2I)�1KD,O (9)

The mean of the posterior distribution µD is then used as
the densely interpolated acoustic field for DOA estimation.
An added advantage of this method is the denoising. The
sample covariance matrix (SCM), bRGP�CBF

x , from the GP
interpolated field is calculated as,

bRGP�CBF
x =

1

Ns

NsX

i=1

µD,i µ
H

D,i , (10)

where Ns is the number of snapshots recorded. Note that we
use the GP posterior mean (µD) while calculating the SCM
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The kernel depend on distance between the points

In predicting a  value, the uncertainty is equally important

- Bayesian methods such as Markov Chain Monte Carlo can be 
slow, but give the full PDF

- Gaussian processes

- UQ  often just characterize the uncertainty, not a PDF

Conformal prediction guarantees a confidence interval

Related topics:
- Propagation of uncertainty
- Maybe by uncertainty for the latent variable 
- Explainable models
- Pattern detection
- Unsupervised learning

Gaussian process:

Prior                                     posterior



ML  for Ocean + Climate sciences

Many of the things we already do, but faster and more precise!

Observations:
• Feature detection
• Unsupervised clustering and outlier detection
• Finer grained classifications
• Improved trend analysis / event attribution

Modelling:
• Learning emulators and surrogates
• Both within and across models, for:

• Higher resolution
• Better physics (surrogate models 

for unresolved processes)
• Faster compute (NN)

Data assimilation with ML:
• Can ingest more observational data
• Can learn observational operators
• Currently UQ needs improvement

Classical Data assimilation:
• Produce reanalyses to train surrogate 

models
• Analysis residuals are input to ML to 

find patterns to improve the models



ML in next decade
AI assistants for scientists to perform tasks that can be specified:
      Literature survey, gather data, write code to implement the analysis, create 
draft papers, review papers, …
• Goals: Human learning, problem solving (e.g., improved forecasts)
• Manual labelling could be reduced with unsupervised or semi-supervised learning
• Combine multimodal sensing with AI

• Video and sound In observatories
• Satellite could predict ocean background noise. Observing rain, waves and chlorophyll
• Assimilation of SAR images with complicated physics

• Predict turbulence
• Hyperspectral sensing
• Climate change 
• Ocean modelling
• Humans working closely with AI to vet the output and to learn

• Reduce the US Academic Research Fleet (ARF) with robots or wave gliders and AUVs all controlled 
by ML

• Risk of AI: Fake papers, Too many papers, replace apprenticeships (grad students), perhaps 
scientists
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None of these people exist! With GAN



J Acoustical Soc. Am. Nov 2019 
Freely available @ 
https://doi.org/10.1121/1.5133944 
42 pages, 350 citations

Microphones 

Loudspeaker 

Air-conditioner 

Andiamo.mc 

Room panels 

Comprehensive review, including:
• Introduction to ML theory
• Deep learning
• Source localization in speech processing
• Source localization in ocean acoustics
• Bioacoustics
• Human perception of sound
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Much more than neural networks

Dictionary leaning 
Gaussian Processes
Uncertainty prediction 
Graph processing

https://doi.org/10.1121/1.5133944


Discussion  (red text is questions posed
• What sort of new capabilities are on the horizon and what might the next 10 years look like and beyond?
 - a fleet of ocean robots
 - continuous high-resolution Climate and Ocean assimilation models
 - AI assistants for scientists to perform tasks that can be specified:
      Literature survey, gather data, write code to implement the analysis, create draft papers, review papers, …

• Discussion session with these questions:
• What new discoveries in ocean science does AI/ML enable?

• See previous slides
• Chat GPT for Climate Data, Ocean, no advisor needed!

• What data are required for these discoveries?
• UQ
• Careful  test-data / cross-validation for generalization
• Explainability
• Expertise in the pier-review community
• Data server, similar to Iris. NSF or maybe some ONR data

 
• What are challenges for AI/ML research (computing, data aggregation, access, training)?
 A web portal for all data
 - seismic data are on iris.edu 
 - Today each PI stores his own data. Ocean data (NSF) and acoustics (ONR)
           - we need all data stored together
 - Meta data too, but just start with any data
 - “Ocean Chat GPT” , might make this easier
           - Increase availability of ocean data, especially acoustic data

• Risk of AI
• Larger critical mass
• Too many papers,
• Adversarial review! 
• Replace students and postdocs?8



•Not Used
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ML source range classification

Array Data: 300–950Hz with 10Hz 
increment, i.e., 66 frequencies. 
16 hydrophones with 1 m spacing

FNN 
3 hidden layers with 512 nodes

 SVM 
Radial basis Functions

 RF  
Random forest

Test-Data-1    Test-Data-2

Niu 2017a, JASA

First NN is trained with one source

Training data
 January 31, 2009 (2 m/s)

Test-Data-1
January 31, 2009 (-2 

m/s)

Test-Data-2
February 4, 2009 (4 m/s)

microphones

Sound source
Which DOA?



Summary

• Machine learning, big data, data science, artificial intelligence are similar.
• We need explainable artificial intelligence. We want the ML algorithm to provide a line of 

reasoning together with the calculated result / fit / decision.

Can ML (Peter’s 2019 list)
• Replace CTBTO processing chain?
• Discover PDE (Partial differential equation) in video?
• Find sea mines?
• Design metamaterials?
• Predict earthquakes?
• Replace 50 years of array processing?
• Source location in the ocean waveguide w/o training.


