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Why does Deep Learning Need Data?
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4 Why does Deep Learning Need Data?

Logistic Regression
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In general, NNs require sufficient data to generate simply convex cost
function, and certain applications require HUGE datasets /
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Deep Learning Needs Lots of Data

MNIST: developed by NIST — a database of handwritten
digits, containing 60,000 training images and 10,000
testing images. Used for classifying digits from 0 to 9

IMAGENET: 14,197,122 images- one of the world’s
largest image databases used extensively for CNN
training

MIMIC-lll: Openly available dataset developed by the

MIT Lab for Computational Physiology, comprising de-
identified health data associated with ~40,000 critical

care patients - demographics, vital signs, laboratory

tests, medications, and more. /
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Deep Learning Needs Lots of Data

WAYMO OPEN DATA:

+ 1,950 segments of 20s each, collected at 10Hz (200,000 frames) in
diverse geographies and conditions

« Sensor data: 1 mid-range lidar, 4 short-range lidars ,5 cameras
Synchronized lidar and camera data, Lidar to camera projections
Sensor calibrations and vehicle poses

 Labeled data
Labels for 4 object classes - Vehicles, Pedestrians, Cyclists, Signs
High-quality labels for lidar data in 1,200 segments
12.6M 3D bounding box labels with tracking IDs on lidar data
High-quality labels for camera data in 1,000 segments
11.8M 2D bounding box labels with tracking IDs on camera data

y
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But What Happens When
There is Insufficient Data?

Equations that changed the world — a partial list — lan Stewart
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Physics Based Models — Methods of Solution

Analytical

e Separation of Variables- Sturm Louisville Problems
* Integral Transform infinite domains

* Green’s Functions — excitation/response
 Method of Characteristics- domain mapping

Numerical

* Finite Element

* Finite Difference

* Moment Method - reduction of integro differential
system to vector space (basis and testing functions)

8... Deep Conversations on Deep Learning Series




4

The World of Mechanical Diagnostics
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“Nonlinear and parametric coupled vibrations of the rotor shaft system as fault
identification system using stochastic methods”, T. Szolc, P. Tauzowski, J. Knabel, R.
Stocki, Institute of Fundamental Technological Research, Polish Academy of Science
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The World of Mechanical Diagnostics
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4 The World of Mechanical Diagnostics
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“Amplitude of Probability Density Function (APDF) of vibration
response as a robust tool for gearbox diagnosis”, P.T. Rzeszucinski,
J.K. Sinha, R. Edwards, A. Starr, B . Allen, Strain, Vol 48 No 6 pp
510-516, Dec 2012 /
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TSA spectrum with gear mesh overlay
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Time synchronous average
(frequency domain)

Time synchronous average
(time domain)

Shaft order 1 magnitude: magnitude of shaft first harmonic
in frequency domain, indicator of
mass imbalance or bent shaft

Shaft order 2 magnitude: magnitude of shaft second harmonic
in frequency domain, indicator of

coupling failures (misalignment) or
bent shaft

Shaft order 3 magnitude: magnitude of shaft third harmonic in
frequency domain, indicator of

coupling failures. /
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The World of Mechanical Diagnostics
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The World of Mechanical Diagnostics: PBM
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The World of Mechanical Diagnostics: PBM

S-N CURVE FOR BRITTLE ALUMINIUM WITH A UT.S OF 320 MFPA
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The World of Mechanical Diagnostics: PBM

PHYSICS BASED MODEL PROCESS
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4 Electromagnetic Path Evaluation: LIDAR
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4 Electromagnetic Path Evaluation: LIDAR

Elastic Backscatter LIDAR Extinction Ambiguity

\o

Pro(R) = =2 |57 (R) + Bie (R) | T3, (R)Oxg (R)

where P, (R) is the LIDAR elastic backscattered power (W) from range (R), K, is the
LIDAR system constant incorporating the transmitted optical pulse energy, the
effective telescope receiving area, and the optical path losses in the system. B%:" and
B"wl comprise the two elements of the extinction coefficient: aerosol backscatter and
molecular absorption. Tﬁo(R) represents the two-way admittance from the instrument
to the backscatter target. 0,, (R) represents to so called overlap function,
incorporating the unit normalized cross over function between the laser illuminated
atmosphere at range R and the telescope’s field of view.
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Electromagnetic Path Evaluation: 5G

Comparison of NN, KNN, and Least Squares Channel Estimatation
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Deep Networks for Equalization in Communications
Technical Report No. UCB/EECS-2018-177
December 14, 2018 /
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Electromagnetic Path Evaluation: PBM
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Electromagnetic Path Evaluation: PBM

PHYSICS BASED MODEL PROCESS
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Physics Based Modeling:
Additional Considerations

* Algorithms

« Software Design

« Computer Resources

« Data Conventions and File Structure
 Open Access/Collaboration
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Thank you

Many thanks to Dr. Ali Abedi, NE Area
Chair, IEEE Region 1 for providing Webex
Resources

W.D Rawle PhD
Senior Member, IEEE
Chair, IEEE Maine Section

wrawle@hotmail.com /




