MathWorks® Day — Poster Session

NEU, Roytheon Amphitheater MACHINE LEARNING ALGORITHMS FOR PERFORMANCE-BASED TORNADO ENGINEERING IN THE MATLAB®
ronday Teban e COMPUTING ENVIRONMENT

| Viet Le(!), Luca Caracoglia(?)
MathWOI'kS( (1)PhD Student, (2)Associate Professor

Department of Civil & Environmental Engineering, Northeastern University, Boston, MA 02115

ABSTRACT OVERVIEW OF RESPONSE SIMULATION PROCEDURE

1 Northeastern University

.Avergge OﬂﬂUCIl insured |Osses from Severe Convec-l-ive E --------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------- E
storms (includes fornadoes) in the United States }  Dynamical System Module Vertical Structure :
amount to 11.23 billions dollars (adjusted for 2016). . . i+ (Ro)éx + (S0t + (0d,)ex = Fe l

: Develop differential
: equations of motion ey + (Ry)ey +(Sy)ex + (wfy)ey = B : 000 T A [Histogem 3.5g

*Despite significant strides made In improving Wavelef-ealérk".‘ Hoduie [ | m . .
investigations of fornadic wind actions on the built £ . ' £ mp | histary of randomized
environment, the stochastic, non-stationary numerical 7 : WG anoroach (matix notation) @ ; siructural response
analysis is stil hampered by its heavy computational A Axiligg + [Aypg = B3 h*h\ 03
demand. Wind Loading Module i", 't ;:"',. [Ar2IMxq + [Az2Iny0g = {Fy) 06 o5 1 éﬁo 416

Synthetic generation of ’T: 1: '

*The predictive capabilities of machine learning wind fiela = c o | :
algorithms in the field of performance-based tornado terrueeressreessreesssereaseeeaateeaareesaseeeaneeesateesatereneeeaateesateeaneeeantensateesanerantenatenaateeaaneeaneeaateeaseenneeeneensateeaaneeaaneeesneenaaneeaneraneeernrennnnes E
eng"nee"'ng can furTher eﬂOble qurter, more riSk- Repeat as needed for Monte-Carlo generation of training data

informed decisions in prone environments.

INTRODUCTION

OVERVIEW OF MACHINE-LEARNING ENABLED RISK AND DAMAGE ASSESSMENT

Tornado
» Microscale columns of violently rotating and ascending air Fragility Module Hazard Module Risk Assessment Module
«Hi -stati ind fi Approximate fragilit T x=00
Highly complexuand non .stahonary wind field PP amee gility Dl MeHeHE GURES CCI|CLfJ|CITe probc?b]lhfy of  p =f Fo (IM)h(IMYAIM
-Kuo-Wen, Fujita, Modified Rankine, Burgers-Rott, Baker performance/failure x=0
* |nitial ’rouchd.own location Limit State . e
*Average radivs 100 m T, =183 m X — Il Ko Wen " i
« Tangential velocities between 18 and 140 m/s 400 210 <1010 <107 <10
1 s 12
TP — 35 m X 1—0 I 107 5 A o l 10

—
Thunderstorm

— - cloud base

_
<

Complementary Cumulative
Distribution Function

_
<

Conditional PDF, P(V

—
<
>N

4|0 5|0 _6IO 7|0 8IO 9|0 100

Fr(IM) = P[q™* > T;|IM] Fue o/

Hazard curve for maximum mean
tangential velocity of tornado.

(93]
S

Tornado
. condensation

funnel

T8 | Debris cloud
© (@) (b ©)

Machine-learning Module

Integrand probability for three tornado models.

$

| 1 km |
| |

(Left) Schematic of formation of tornado funnel cloud from thunderstorm. . e
(Source: Stull, R., 2016, “Practical Meteorology: An Algebra-based Survey of Atmospheric Science”) Smart Predictions

(Right) Tornado fouching down in Laramie, Wyoming, USA.
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