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Amazon Echo dot Google Home Apple Homepod Sonos one

Soon, we will all be owners of an array at home. There has never been a better time to learn about arrays!
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[2012]
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1. What if the gap between the fields is related 
to scientific jargon or language?

2. What if there are also many other 
researchers (not just signal processing folks) 
who could get access to array concepts and 

contribute to the field?

US Companies like Microsoft and Amazon now recruit 
their "beamformers" from Germany and France!

[2012]
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Psychometrist

Data Scientist/
Statistican

Mechanical
Engineer
(PDEs)

Array processing knowledge

Contribution

Signal processing
researcher
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Mechanical
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(PDEs)

Array processing knowledge
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Signal processing
researcher

÷ Complex numbers
÷ FFTs
÷ Sampling theory
÷ Plane wave physics

+ Linear algebra
+ Statistics
+ High school physics (s=v*t)

Ambition
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Econometrist

Psychometrist

Data Scientist/
Statistican

Mechanical
Engineer
(PDEs)

Array processing knowledge

Contribution

Signal processing
researcher

Example: Better (array-based) speech recognition using
Deep Neural Networks (DNNs)
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A statistical, general, model for signal 
estimation from arrays

(to be developed)

§ What do beamformers do?

§ What assumptions do they rely on?

§ Known assumptions?

§ Lesser know assumptions?

§ Do they extend well beyond intended use?

§ Are they estimators? 

§ Or regularization schemes?

§ In what sense?

§ What are their limitations

§ When should you do something else?

Our prism:

Using statistics as a pprriissmm  for observing 
beamforming
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A statistical, general, model for signal 
estimation from arrays

(to be developed)

Our prism:

Using statistics as a pprriissmm  for observing 
beamforming

Approaching arrays from square one we get to learn more about beam forming than beam forming engineers do!

Overview

1. Array signal estimation (without 
beamforming)

2. What goes on in a 'beam former'?

3. A statistical approach to signal recovery

Details

• No sampling theory, complex numbers, plane waves, stationarity 
assumptions,…

• Based on matrix inversion

• Starting with singles frequency (cosine/sine)

• What happens with "stationarity"

• The transient

• Fixed beams, minimum variance and other types of regularization

• Deriving a statisical model

• Subspace "shaving" through filtering

• Sparsity and information
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Array signal estimation
(without beam forming)
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A simplistic model using high school physics 
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All sounds emerging from every direction can be modelled through an infinitesimal set of tiny speakers on a 
3D ball playing back sounds 

(the signals can add up to include "anything" – multiple sources, echoes, background noise..)
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+

Signal (sampled, discrete) x

"pick-up matrix A"

Resulting receive signal contribution

j=1,…M (speaker index),       i = 1,…Q (microphone index)

s= c*t
c = 340 m/s
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+

Signal (sampled, discrete) x

"pick-up matrix A"

Resulting receive signal contribution

j=1,…M (speaker index),       i = 1,…Q (microphone index)
Observe that the transmit signals       are longer than the receive signals     (and each      may have different length)

s= c*t
c = 340 m/s
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+

Signal (sampled, discrete) x

"pick-up matrix A"

Resulting receive signal contribution

j=1,…M (speaker index),       i = 1,…Q (microphone index)

Block matrix model Fractional delays via interpolation
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(Linear) interpolation works – if the signals are "sufficiently smooth". We can assume they always are – by designing 
our system to sample signals really fast 

"Fractional pick-up matrix"



Other observations (for maths later)
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A picks out a segment of its vector x
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A moves this segment back to its original position – and pads with 0'sT

Note that ATA is not identity, i.e. we don't have ATA = I
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A0 A0T = I    (to be used for self-repeating signals) for sines and cosines (of same period),
we can replace big left matrix by small orthogonal one
on the right side
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Cicrulant matrices and self-repeating signals
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A0 A0T = I    (to be used for self-repeating signals) for sines and cosines (of same period),
we can replace big left matrix by small orthogonal one
on the right side
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Cicrulant matrices and self-repeating signals
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A = QA0 =

Bases of sines and cosine pairs share the same feature – replacing a big left matrix by a small right matrix..

A real speech example
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4 sources x 4 microphones Linear equations, block matrix system

Algorithm Results

Summary on direct inversion of model

§ Direct inversion of mixed signal segments works!

§ Perhaps no need to learn beam forming after all? J

§ The example was very simplistic, straightforward. Used only 4 sources.

§ Not clear what will happen when number of virtual sources increases

§ Probably very ill-posed! Some though variance-bias choices ahead..

§ In real life, you have no control over number of or exact position of sources

§ So you just have to include "loads of virtual sources" to be sure to cover all options

§ We didn't utilize knowledge of signal smoothness

§ => can be shown to make it very sensitive to noise 
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What we did didn't help us understand beamforming – yet!

Towards beam forming

24
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In scenarios with lots of noise…

Interpretation:

The (transposed) block 
matrices pads the      vectors 
with zeros, shifts them 
up/down and adds them up!

The shifts are the opposites of 
those introduced as the 
original sources were 
propagated to out the various 
array microphones

Interpretation:

The (transposed) block 
matrices pads the      vectors 
with zeros, shifts them 
up/down and adds them up!

The shifts are the opposites of 
those introduced as the 
original sources were 
propagated to out the various 
array microphones
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DSP engineers will see that that we compute all directions at once.  A single direction corresponds with single block row

In scenarios with lots of noise…
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Delay-and-sum principle

This is what goes on in classic beam forming: the microphone signals are artificially delayed and summed up 
("back into focus") so that the source of interest has coherent signals that are magnifined relative to noise and 
interference when averaged (or summed up)

Summary on delay-and-sum

§ If there is a lot of sensor noise, the resulting MMSE estimator (Least 
Squares with Noise) is close to delay-and-sum operator

§ In some special cases ("critical sampling"), the signal noise n could 
also represent inteferrents from the room, i.e. not just sensor noise
§ Probably a more realistic assumption than "infinite sensor noise"
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The real reasons for using delay-and-sum (and its variants) are tied to the history of analog signal processing 
and will be covered in greater detail in the next section
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w1

w2
w3

w4
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w1

w2
w3

w4

These delay-weight-and-sum operations are really easy to implement in analogue electronics!

What goes on inside a beam 
former?

(we know that it is not statistical estimation, really ;)
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Workhorse 1: Least Squares & Bayes Estimation
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Least squares, no 
noise or errors

Additive noise with 
known covariance 

(white)

Additive noise with 
known covariance 
AND known signal 

covariance



Workhorse 1: Least Squares & Bayes Estimation
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Least squares, no 
noise or errors

Additive noise with 
known covariance 

(white)

Additive noise with 
known covariance 
AND known signal 

covariance
Nice J gives you an 

error estimate

Workhorse 1: Least Squares & Bayes Estimation
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The Bayes Estimator is easy to derive – and very powerful both for interpretation and practical estimation

Workhorse 2: Filters as matrix operations

35

Workhorse 2: Filters as matrix operations
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Gives a the statistical 
distribution/model of 

a filtered "signal 
chunk"!



DSP people love cosines and sines!

Why? Beacuse if a signal is a sine, a cosine or a delayed sine/cosine, the effect of a 
signal time delay can be expressed as a linear combination of a sine and cosine 
with the same frequency:
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cos $% − ' = ) cos($%) + b sin $%
sin $% − ' = ) cos($%) + b sin $%

Also sums (and differences) of sines and cosines of the same frequency 
becomes sum of sines/cosines of that same frequency

). cos $% − '. + ⋯+)1 cos $% − '1 = 2. cos $% + 23 sin $%

Let's consider any and all microphone signals as linear combinations of a sine and cosine of a single frequency $!
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Propagation

s1

s2

s3

s4

+t

N=256

N=256

N'=303

y1=s1 y3=s3

x1

x2

x3 

Keys:
(a) are longer than        - and         "cuts out adds up" portions of x_i
(b) a single non-sinusoid-only part of x_i could give a non-sinusoid y_j

Observe: to guarantee that any sum 
of signals (from all speakers) can be 
represented solely as a sinusoid of 

!, each signal x_i must be a 
prolonged sine/cosine wave!

Why is this important?

§ We want to model the receive signals y_j precisely
§ We don't want any errors that can propagate upon inversion..
§ Orthogonal errors may be ok (as we will see), but not other ones..
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If we want y to definetly have this basis…. …all the x's must have this basis
40

Define:

N Pj

2
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Define:

N Pj

2

basis
(individual)

basis
(common)
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This theorem says that if all the x's are in the extended cosine/sine space, then all the y's are in the 
corresponding cosine/sine space

If we want y to definetly have this basis…. …all the x's must have this basis
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Also works for multiple frequencies (as long as they are orthogonal), and also for linear 
combinations of pick-up matrices - including the fractional time-delay approach!
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Does your (extended) selected basis + the other (extended) frequencies span all that the x can be?
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No! To span the space, you need another part of it – the transient - the orthogonal complement to                        !
46

48

In the inversion step (to recover the signal of interest), the error will explode!
49
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?
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Error! L

SSuummmmaarryy  oonn  ((mmuullttii--))  nnaarrrrooww  bbaanndd  aanndd  ttrraannssiieennttss
§ Transient error impacts on each frequency: extending to multiple doesn't help! 

§ You can use the full spectrum if you like, but the transient will still plague you!

§ How badly the transient error impacts will depdent on inverse matrix choice
§ Transposes are more robust than pseudo-inverses
§ But also less accurate..

§ There would be no residual issue if our x's were sums of extended sinusoids 
§ Which is the same as saying they are self-repeating signals
§ It is conceivable that a single frequency signal would go on to repeat itself…
§ But a multi-frequency signal - ??? Thats weird!
§ Yet, that is the assumption you implicitly make when doing fourier-based beam forming
§ If your signal is not periodic, you introduce a real error (not just a "conceptual one")
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The Fourier Approch
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:
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:

Circulant matrix Shorter x-vector (length N)
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:

We now work 
in parameter 
domain (not 

signal 
domain)
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:

(transposed) N-by-2 matrix (cosine and sine vectors)
57

:

N-by-2 matrix results
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:

Angle count/index

Sensor (mic) index
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:

A block with 2 supervector columns. Each Nx1 sub-vector describes potential contributions from r'th angle
to the signal of the j'th microphone (sine and cosine)

r
j
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:

r
Angle r wave 
image (cosine)

Angle r wave 
image (sine)
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:

r
Angle r wave 
image (cosine)

Angle r wave 
image (sine)

For each frequency, we "explain what we see" as linear combinations of signals that can possibly arrive from each of the 
N different angles
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Y
+….+

* *

=

Mic 1

**

+….+

+ +

+ +

Y =

:
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Y
+….+

* *

=

Mic 1

**

+….+

+ +

+ +

Y =

:

"unstacked" vectors 
= 

"wave images"

Sine and cosine "wave 
image" from #1 direction 

(low frequency)

Sine and cosine "wave 
image" from #1 direction 

(high frequency)

Sine and cosine "wave 
image" from #N direction 

(high frequency)

Parameters 
to be 

estimated
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Y
+….+

* *

=

Mic 1

**

+….+

+ +

+ +

Y =

:

These "wave images" are not just important for visualization – they form the basis of the regularization schemes used 
in the beamforming "estimation" approach
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Y
+….+

* *

=

Mic 1

**

+….+

+ +

+ +

Y =

:

Estimate all 
directions

Estimate select 
direction i

Add antenna 
weighting

Classic beam 
forming!
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For all frequencies simultaneously:

For any chosen frequency:
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For all frequencies simultaneously:

For any chosen frequency:

Why D? It enables us to design a our beam-pattern – to be defined.
"D is our flexibility in designing (or modifying) our inverse matrix - as 
enabled via analogue electronis"

w1

w2
w3

w4

<.,.><.,.>
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For all frequencies simultaneously:

For any chosen frequency:

Y
+….+

* *

=

Mic 1
+ +

i=1

<.,.><.,.>
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For all frequencies simultaneously:

For any chosen frequency:

Y
+….+

* *

=

Mic 1
+ +

i=1

What goes on is 
wave image 

matching
Hope for mismatch 

= contribution 
close to 0!



<.,.><.,.>
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For all frequencies simultaneously:

For any chosen frequency:

Y
+….+

* *

=

Mic 1
+ +

i=1

In essence, we have constrained our estimator for a given component pair (direction) to be equal to the 
physical wave response from that direction - plus possibly a weighting of the microphone signals.

<.,.><.,.>
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For all frequencies simultaneously:

For any chosen frequency:

Y
+….+

* *

=

Mic 1
+ +

i=1

In essence, we have constrained our estimate of a given component pair (direction) to be equal to the 
physical wave response from that direction - plus possibly a weighting of the microphone signals.

We could call this "physically inspired regularization"

Parallell: Bio-mimicry in 3D computer vision
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Lesson: You may start out by mimicing biology (or physics) but you shouldn't constrain yourself to doing so!

Passive stereo camera (correlation, matching) – "humanlike" Pulsed laser – no human can do that J

73

in these cases, the signal 
direction is no one physical 
direction, it is still a single 
vector, but now a sum-of-

directions.
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In MIMO communication systems, you cannot be picky as to whether your weights correspond to a physical 
direction – every % reduced bit error rates (BER) counts ($ millions!)

Multipath increases channel capacity 
(echoes not a problem)

It's all about finding directions (physical 
or not) with enough information

Least Square Estimation: Part 1

75

:

76 77

Clearly, the inverse estimation operation is also separable, as we already know:



78 79

80 81
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Signal

Fourier representation
(sines, cosines)

Phase "scrambling" 
(per frequency)

Modified Signal
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Signal

Fourier representation
(sines, cosines)

Phase "scrambling" 
(per frequency)

Modified Signal

Information!

Information?
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Signal

Fourier representation
(sines, cosines)

Phase "scrambling" 
(per frequency)

Modified Signal

Information!

Information?

If we are hunting for information, then decoupling frequencies and working on them individually 
would be a really bad idea:  The information lies in the relationship between the phases! 85

From: "Microphone Array Processing for Distant Speech Recognition: Towards Real-world deployment", by Arakawa et al, 2012
[Disney Research, NEC, Toyohasi University of Tokyo, Carneige Melon University, Microsoft Research (Ivan Tashev)]



86
From: "Microphone Array Processing for Distant Speech Recognition: Towards Real-world deployment", by Arakawa et al, 2012

Information-seeking + narrowband!

[Disney Research, NEC, Toyohasi University of Tokyo, Carneige Melon University, Microsoft Research (Ivan Tashev)] 87

MVDR + DNN = baseline – all competitors beat it!

Least Squares Estimation – part 2
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* + … + *

=

* + … + *

+

Mic 1

Mic 4

What kind of linear inverse problem is this – really?
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* + … + *

=

* + … + *

+

sine images cosine images

Mic 1

Mic 4
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* + … + *

=

* + … + *

+

sine images cosine images

Mic 1

Mic 4

We have a 4 x 1000 (or 10,000?) linear circulant and highly locally colinear system!
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* + … + *

=

* + … + *

+

sine images cosine images

Mic 1

Mic 4

We have a 4 x 1000 (or 10,000?) linear circulant and highly locally colinear system!

Locally colinear – why? 
Because two, neighboring 
wave matrices (vectorized) 

look very similar!

92
Applying the inverse matrix (or some estimate or variant of it) results in smearing of parameters!

93
The result of computing a single parameter (pair) in this context = beam pattern

20*log10(|.|2)



Dealing with a (very) ill-posed problem

§ The system has really poor dimensionality
§ Co-linearity adds to the problem and results in smearing
§ We can perhaps tweak the inverse matrix a little…?
§ But better still – do we know something we could use?
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The spatial covariance matrix could be estimated (or guessed or modelled) by studying the scene over time..

If for instance, many of the coefficients were 0 or close, we would get some useful dimensionality reduction

Option 1: Least Squares with Known Covariance Matrix
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Option 2: Pruning of directions – by guess or by estimates
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0

0

0

0
0
0

0
0

Known/guessed
(correctly) to be
0

Keep
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' '

We almost have to hope for something like this – to get down to something managable!
[Hidden assumption: our scene is sparse and/or can be modelled as something sparse + something known]

Note: an L1 or L0-norm approach 
Would get us close(r) to this – even if the 0-
or close-to-0 directions were not known!
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=

=
Single pair

(=one direction)

Single vector pair
(="weights")

Option 3: A guess on a stronger signal from one direction
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=

=
Single pair

(=one direction)

Single vector pair
(="weights")
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=

=
Single pair

(=one direction)

Single vector pair
(="weights") Sequential (per-direction) computation of 

inverse matrix – subject to "unbiased 
estimation" in the direction chosen 

Minimum Variance Distortionless Receiver (MVDR) 
or Capon Beamfomer
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=

=
Single pair

(=one direction)

Single vector pair
(="weights") Sequential (per-direction) computation of 

inverse matrix – subject to "unbiased 
estimation" in the direction chosen 

1) Bayesian interpretation (after looking at 
Lagrange multiplications): reflects a strong 
belief that there is a "dominant" signal of 
interest in the chosen direction

2) Prevents "damping" of target source estimate 
when there are many zero-like neighbors

3) This is still a physics-inspired regularization 
scheme
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Method Transient blow-up 
issue

Utilizes sparsity in 
space [if present in 

scene]

Utilizes learning (of 
covariance matrix) 

to improve 
estimates

Physics-mimicry: 
prefers physical 

direction

Facilitates 
connection 

modelling between 
frequencies

Facilitates 
utilization of 
sparse-time 
modelling

Direct inversion (A+) 
on original signal x

No No No No Yes Yes

Inversion in 
[Fourier] subspace Yes No No No Yes Yes

Delay-and-sum (AT) 
on original signal x

No No No Yes Yes No

Least squares per 
frequency

Yes No No No No No

Least squares per 
frequency with 
knowledge of E(xxT)

Yes(?) Yes Yes No (perhaps) No No

Minimum Variance 
Estimation (MVDR) 
per frequency

? Yes Yes Somewhat No No

L0/L1-norm 
minimization per 
frequency

? Yes [How?]
probably 

moderately
No No
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Method Transient blow-up 
issue

Utilizes sparsity in 
space [if present in 

scene]

Utilizes learning (of 
covariance matrix) 

to improve 
estimates

Physics-mimicry: 
prefers physical 

direction

Facilitates 
connection 

modelling between 
frequencies

Facilitates 
utilization of 
sparse-time 
modelling

Direct inversion (A+) 
on original signal x

No No No No Yes Yes

Inversion in 
[Fourier] subspace
with E(xxT)

Yes Yes Yes No Yes Yes

Delay-and-sum (AT) 
on original signal x

No No No Yes Yes No

Least squares per 
frequency

Yes No No No No No

Least squares per 
frequency with 
knowledge of E(xxT)

Yes(?) Yes Yes No (perhaps) No No

Minimum Variance 
Estimation (MVDR) 
per frequency

? Yes Yes Somewhat No No

L0/L1-norm 
minimization per 
frequency

? Yes [How?]
probably 

moderately
No No

L0/L1-norm on 
subspace or original ? Yes [How?]

probably 
moderately

Yes Yes 
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Method Transient blow-up 
issue

Utilizes sparsity in 
space [if present in 

scene]

Utilizes learning (of 
covariance matrix) 

to improve 
estimates

Physics-mimicry: 
prefers physical 

direction

Facilitates 
connection 

modelling between 
frequencies

Facilitates 
utilization of 
sparse-time 
modelling

Direct inversion (A+) 
on original signal x

No No No No Yes Yes

Inversion in 
[Fourier] subspace
with E(xxT)

Yes Yes Yes No Yes Yes

Delay-and-sum (AT) 
on original signal x

No No No Yes Yes No

Least squares per 
frequency

Yes No No No No No

Least squares per 
frequency with 
knowledge of E(xxT)

Yes(?) Yes Yes No (perhaps) No No

Minimum Variance 
Estimation (MVDR) 
per frequency

? Yes Yes Somewhat No No

L0/L1-norm 
minimization per 
frequency

? Yes [How?]
probably 

moderately
No No

L0/L1-norm on 
subspace or original ? Yes [How?]

probably 
moderately

Yes Yes 
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Method Transient blow-up 
issue

Utilizes sparsity in 
space [if present in 

scene]

Utilizes learning (of 
covariance matrix) 

to improve 
estimates

Physics-mimicry: 
prefers physical 

direction

Facilitates 
connection 

modelling between 
frequencies

Facilitates 
utilization of 
sparse-time 
modelling

Direct inversion (A+) 
on original signal x

No No No No Yes Yes

Inversion in 
[Fourier] subspace
with E(xxT)

Yes Yes Yes No Yes Yes

Delay-and-sum (AT) 
on original signal x

No No No Yes Yes No

Least squares per 
frequency

Yes No No No No No

Least squares per 
frequency with 
knowledge of E(xxT)

Yes(?) Yes Yes No (perhaps) No No

Minimum Variance 
Estimation (MVDR) 
per frequency

? Yes Yes Somewhat No No

L0/L1-norm 
minimization per 
frequency

? Yes [How?]
probably 

moderately
No No

L0/L1-norm on 
subspace or original ? Yes [How?]

probably 
moderately

Yes Yes 

Use a sparse wavelet-basis for x-
signals to realise sparse modelling 

– or information-theoretic 
modifications A statistical approach

Forget about fourier bases, transients and the likes
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108

Simple approach, no utilization of additional knowledge 
such as prior signal information or signal smoothness

109

Simple approach, no utilization of additional knowledge 
such as prior signal information or signal smoothness

Next leve: subspace approach – include knowledge about x, including (known) smoothness of signals:



110 111
Just a little bit of sensor noise can ruin (or help ruin) the subspace approach!

112
Robustenss may be one of the reasons traditional Delay-and-sum approaches are still in extensive use

113



114 115

116 117



118 119

120

By using filtering, we have "shaved off" a subspace that made our modelling approach difficult

121
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In speech recogntion applications, this distribution is at least partially learnable – via y - by utilizing "silent" or 
single-speaker situations, or by using more complex approaches utilizing the NON-STATIONARITY of the 

sources – ICA, BSS,…
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In speech recogntion applications, this distribution is at least partially learnable – via y - by utilizing "silent" or 
single-speaker situations, or by using more complex approaches utilizing the NON-STATIONARITY of the 

sources – ICA, BSS,…

If nothing else is known or estimated, we can still define the filter so that we "zoom in" 
on a certain sub-band of interest (or utilize sampling system knowledge to define 
smoothness levels) – and we thereby enable inversion without transient issues.
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As long as we span the subspaces R(F) and 
R(FT) we can pick any set of basis vectors for 

those spaces in the modelling to follow
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As long as we span the subspaces R(F) and 
R(FT) we can pick any set of basis vectors for 

those spaces in the modelling to follow

Wavelet basis + sparse (L1) estimation?

If we believe our signals to be "sparse in time" – i.e. utterances followed by silent periods – we can model that!
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Average or "static" covariance 
estimation (assumes stationarity)

Dynamic covariance estimation, 
utilizing amplitude fluctuations

(=non-stationarity)

Can make much better filters when parts are computed!
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Model summary:
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Bayes:
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Bayes:

Gives you an error (~=confidence) of the signal coefficients estimated!
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Method Transient blow-up 
issue

Utilizes sparsity in 
space [if present in 

scene]

Utilizes learning (of 
covariance matrix) 

to improve 
estimates

Physics-mimicry: 
prefers physical 

direction

Facilitates 
connection 

modelling between 
frequencies

Facilitates 
utilization of 
sparse-time 
modelling

Direct inversion (A+) 
on original signal x No No No No Yes Yes

Inversion in 
[Fourier] subspace Yes No No No Yes Yes

Delay-and-sum (AT) 
on original signal x No No No Yes Yes No

Least squares per 
frequency Yes No No No No No

Least squares per 
frequency with 
knowledge of E(xxT)

Yes(?) Yes Yes No (perhaps) No No

Minimum Variance 
Estimation (MVDR) 
per frequency

? Yes Yes Somewhat No No

L0/L1-norm 
minimization per 
frequency

? Yes [How?] probably 
moderately No No

Bayes subspace &
E(xxT) Yes Yes Yes Yes Yes Yes – with Wavelet 

basis & mods

SSuummmmaarryy  oonn  ssttaattiissttiiccaall  eessttiimmaattiioonn

§ We can use a (multiband, broadband) basis with filters 
§ It will take care of the "transient"

§ Utilizes commutativity of convolution operation

§ Can "model in" probability models (covariances) of speech signals
§ Can extend to dynamic models or mixture models of covariance matrices
§ Can utilize fluctuations in speech to tease out indivudal components

§ Can "model in" expected shape of speech (wavelets, other bases).

Multi-narrowband is not the same as broadband beam forming
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The (new) context: infinite compute!

§ There used to be a time that everything had to be real-time on ARM
§ With speech, most crunching is already running on the cloud
§ Wouldn't be a big leap to make high-performance array algorithms there too

§ Speech recognition is a game with "multiple lives"
§ If one set of parameters doesn't give you % recognition – try another!
§ You can also use % recogniton for validation and 'steering'

§ The same applies to other applications – like medical imaging
§ Not long ago, beam forming was in hardware 
§ There are still realtime requirements to guide the probe
§ However, if image analysis is also to be done with AI, you can post-process your 

stored signals to get images with much higher quality – potentially.
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RRoobbeerrtt  KK..  MMeerrttoonn

§ The fallacy of the latest word

§ The fallacy of the immediate interest
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