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Motivation

Why am | here?

Outline several of our research projects going on in the lab

Learn about your interests & priorities _ in physics based simulation

Identify potential projects where | and/or my lab can contribute

Talk Overview k 7sminues)

Mission of the Simulation-Based Engineering Lab
High-Fidelity Physics Based Vehicle Dynamics Simulation
Handling Uncertainty in Dynamic Systems

HPC in Computational Multibody Dynamics

Simulation-Based Engineering Lab
~ Mission ~

Prepare students for careers in Simulation-Based Engineering

Engage in research to advance state of the art in Simulation-Based Eng.
Focus on Computational Multibody Dynamics

Outreach, to fulfill the potential of Simulation-Based Engineering
Collaborations w/ Industry/Army/National Research Labs
Inform the public, spread the word (educational component of outreach)

Classes Taught at Wisconsin

Introduction to System Dynamics

Computational Kinematics & Dynamics

Elements of Mechanical Vibration

High Performance Computing for Engineering Applications

Advanced Computational Dynamics [2010]
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Outreach: Collaborators/Sponsors

Department of Energy (Argonne National Lab)

Ghiocel Predictive Technologies (subcontracting for TARDEC parent project)
Resilient Technologies (subcontracting for project with ARL)

British Aerospace Engineering (BAE) Ground Systems

MSC.Software

NVIDIA Corporation

Their financial support is acknowledged and greatly appreciated

Lab Outreach

PROmoting the Computational Science Initiative (ProCSI)

Brings African-American high-school students to UW for one week to learn
about computer modeling & simulation and engineering

First ProCSI program: July 6 through 11, 2008.
Second edition: July 5 through 10, 2009

Funding secured through 2013

Beginning : High-Fidelity Physics-Based
Vehicle Dynamics Co-simulation

Vehicle of Interest

US Army’s High Mobility Multipurpose Vehicle (HMMWYV)
Not identical but fairly similar

Vehicle Investigated: HMMWV

HMMWYV simulation, purposes

Stability and/or Performance analysis

Determine the load history on various parts for durability analysis
Supporting “What if?” scenarios for both of the above:

Change tires
Increase armor
Change suspension parameters

Change terrain conditions

What Do | Mean by Co-Simulation?

Leverage several domain-specific software packages by
combining their individual capabilities in a single simulation for
system level analysis of a vehicle model

+ Vehicle Simulation

i

+ Powertrain Simulation
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+ Tire Simulation




ADAMS/Car
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ADAMS/Car
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A modeling tool for vehicle dynamics physics based simulation
Commercially available
Subsystems combined together to form a full vehicle assembly
State of art in the area of vehicle simulation
Well validated

Wide range of post-processing abilities: forces, displacements,
accelerations, etc.

HMMWYV: Ride Over Uneven Terrain

Motivation for Co-Simulation
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Potential for Improvement of
ADAMS/Car model
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Powertrain System
Not sophisticated
Predefined by property files: torque vs. throttle vs. engine rpm
Only conventional powertrain systems supported

Can not predict fuel efficiency




Potential for Improvement of
ADAMS/Car model

Tire models

The native models available are basic

Accuracy lacking for simulations on roads with short
wavelength obstacles (typically smaller that the tire
circumference)

What Can Be Done?

Use co-simulation to

Simulate the powertrain system in “Powertrain Systems Analysis
Toolkit” (PSAT)

Simulate tire-terrain interactions in “FTire”
Available as an add-on to ADAMS/Car, smooth integration

Maintain the rest of the vehicle in ADAMS/Car
Use ADAMS for driver model
Use ADAMS for road model
Use ADAMS good post-processing tools

PSAT

PSAT
P S A T
Provides sophisticated powertrain systems
Conventional
Electric
Fuel cell

Several varieties of hybrid (parallel, series, power split,
series-parallel) powertrains

Able to predict fuel economy

Validated within 2% fuel economy for conventional and mild
hybrid vehicles (Honda Insight, Ford P2000) and up to 5% for
full hybrid vehicles (Toyota Prius)

Modeled using MATLAB, Simulink

More on PSAT

Co-simulation relies on PSAT to model engine and powertrain system

Engine Characteristics
More than 400 pre-selected configurations are available + new ones can be created
For light- as well as heavy-duty vehicles
Engine details including fuel efficiency are post-processed using PSAT.

Availability
SBEL has a working license of PSAT
Available for licensing from Argonne National Lab

FTire and Beyo
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FTire

Designed for even or uneven roads

Simulations on road irregularities even
with extremely short wavelengths

Fast (cycle time only 5 to 20 times
real-time) and numerically robust

Support for deformable roads:
apparently work in progress

Flexible Tire
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Component Mode Synthesis (CMS)
approach:
Relies on modal analysis of tire in ABAQUS

Tire element is subsequently imported in
ADAMS as a flexible body

Limitation: small defs. only
Advantage: fast simulation

Flexible Tire (Cntd.)

The MNF file used has 125 mode shapes and 6 rigid body
modes
Flexible tire model relevant in durability and fatigue analysis
studies
Craig-Bampton method: superposition of

Constraint modes

| Fixed-boundary normal modes

Flexible Tire, Nonpneumatic

Joint project with Resilient Technologies for HMMWYV NPT

ABAQUS used to get mnf file for subsequent simulation in ADAMS
Collaborator from ARL: Chuck Pergantis
Looking into full blown ADAMS/ABAQUS co-simulation

Co-simulation

Overview

MATLAB-Simulink used as the co-simulation backbone

Simulink model of ADAMS/Car vehicle is generated
FTire is invoked internally by ADAMS solver

Simulink model of the PSAT powertrain is generated

ADAMS and PSAT models are connected in MATLAB-Simulink
to run a combined simulation




Simulink Model of ADAMS/Car Vehicle

Simulink Model of PSAT Powertrain

Data Transfer Between Models

The vehicle + wheels + road blocks in PSAT model were
replaced by ADAMS/Car model

Driveline speed, longitudinal velocity
Driveline torque, brake demand

Combined Model

Co-simulation ADAMS-PSAT

is removed

ADAMS vehicle

. block is inserted
in Simulink to

/work with PSAT

FTire

used in

ADAMS

vehicle 34

Co-simulation Results




Straight Line Acceleration

1000 kg 1500 kg
2000 kg 2500 kg
3000 kg 3500 kg

Fuel Economy

CO, Emission
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Conclusions

High fidelity vehicle analysis achieved through co-simulation
Takes into consideration major vehicle components

Leverage COTS software packages

Open Issues

Co-simulation

The process is manual to a large extent

Not easily modifiable

Not tested with complex road profiles, driving schedules, etc.




End: Vehicle Modeling

Beginning: Uncertainty Handling
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The Uncertainty Side of the Problem

Complex multibody systems are modeled and
analyzed often times with incomplete information

External force sometimes unknown
Terrain description is vague

Parameters associated with model change in time and
from vehicle to vehicle

The Uncertainty Side of the Problem

Fundamental question

Given input uncertainties and model uncertainties, what can one say about the
response of the system?

Specifically ,
| need statistical estimates (average response, confidence intervals, etc.) to be
able to gauge the range of possible outcomes

Approach taken :

Produce a statistical representation of the uncertainty in the inputs and
propagate this uncertainty through the dynamics of the system

Rely on Gaussian Processes (GP) and Bayesian inference

Capturing Uncertainty

Rely on Gaussian Processes (GP)
Collection of random variables, any finite number of them having
a joint normal distribution

Completely defined by an average function and a
correlation function :

UQ in MBS

~Proposed Framework~

Summarized in image below
Fleshed out over next slides
General, but discussion placed in the context of vehicle simulation
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Before Getting Too Abstract... (Typical Example)

Modeled in COTS
(ADAMS) | —.

N
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Typical Example:

Road information available
on a sparse grid and/or with
noise in it —

Questions:
How can you generate road
information on a fine grid?
How can you generate
compatible road profiles on the
same grid?

Gathering Data

Why?
Needed later in characterizing the underlying statistics of
the uncertain information (the uncertainty in the inputs)

How?

For our example, measure the road profile (height at
each location

The more data, the better (at least in theory)
Design of Experiments pertinent and relevant

Select Correlation Function St

Run Parametor [enticalion
(Maximum Likelihood Estimation)

Gl Mean Vector and Govariance
Matrix for Fine Grid Distribution

Data on Fine Grid

un GOTS Soitware (ADAWS)
for Multibody Dynamics Analysis

Problem approached in a Bayesian framework
Start with uniform prior on weights for the regression function

Select Correlation Function > ]

Many choices available for correlation function
Stationary vs. nonstationary
Compact support vs. infinite support
Leading to smooth or nonsmooth random functions
Etc.

Learning from Data

Sample Postarior o Produce
Data on Fine Orid

Suppose the correlation function is (SE, OU):

O
O O

Fundamental Question: How do | choose the model parameters
that support the observed data?

Answer: rely on Maximum Likelihood Estimation (MLE)
Get the likelihood of the data conditioned on a set of arbitrary parameters

Select that set of parameters that maximizes the likelihood of the observed
data




. L ]
Learning from Data (cntd.) ]
L ]

L. ]

Log Likelihood can be computed as ﬁ

o Q

Notation:

I

First Order Optimality Conditions (for maximizing the likelihood):

Generating the Posterior Distribution

Choosing a family of Gaussian processes; i.e. a correlation
function, leads to infinitely many candidate functions

| need to select the ones compatible with the measured data

Generating the Posterior Distribution

Recall Bayesian linear model leads to Gaussian Process:

Condition the joint Gaussian prior
distribution on the observations y
taken at X

Sampling Posterior

Rely on MATLAB to generate sample out of
posterior normal distribution

Quantify Uncertainty through —
Monte Carlo Analysis —
. 1]

Rely on COTS (ADAMS) for vehicle model: ]

Quantify Uncertainty through —
Monte Carlo Analysis —
Produce average behavior, compute confidence intervals =
= 55 ]
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Conclusions, Uncertainty
Quantification in Vehicle Dynamics
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A framework for handling uncertainty in the response of nonlinear
multibody systems investigated

General

Nonintrusive (can be used in conjunction with COTS)

Posed in Bayesian framework and relies on Gaussian Processes
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Open Issues
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Handling large sets of data sometimes problematic

The process can require a vast amount of computational effort
Factorization of the covariance matrix
ADAMS simulations can take a long time to complete

Robustness an issue for large problems

Where Do We Go From Here?

Tackle Fatigue & Durability Analysis

Tough problem
Our lab doesn’t have the required expertise

Joint work with Dan Ghiocel, of GP-Technologies
Kindly provided several slides (logo of GP-Technologies at the bottom)

Leverage Vehicle Modeling Capability

Draw on Uncertainty Quantification Approach

Steps in Vehicle Reliability Prediction

1. Model the Uncertainty Space

2. Simulate vehicle model for various Uncertainty Space
sample scenarios

3. Use load cycle history as input for stress prediction (FEA)
4. Stresses then used in cumulative damage models

5. Stochastic damage models used for reliability prediction on
both component and system level
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Uncertainty Space

Vehicle simulations have a wide range of uncertainty:
Varying road profiles
Vehicle model parameters (e.g., old shocks vs. new ones)
Driver model, i.e. vehicle speed, driver aggressiveness, etc.

Lack of data/modeling effects
Accuracy of road profile data
Assumptions made in the tire model
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Stochastic Models

Focus is on uncertain variables with the
largest impact on vehicle dynamics

Operating environment variation
Road profile correlation, topology, driver model

Vehicle model variation
Bushings, shocks, tires

11



Operating Environment Variation

Road profile variation
High correlation (top), wheel
inputs are approximately the
same for the two front wheels
Low correlation (bottom),
wheel inputs are different for
front two wheels

Topology effects
Straight road

Rolling hills, short chicanes
(animation 1)
Long turns (animation 2)

Driver model

Vehicle speeds varied,
between 17 and 30 MPH

Road Profile Correlation

D fGD T, ias U

Rolling Hills

Long Turns

Road Profile Correlation Effects

Front left suspension UCA ball joint force, LC (top ), HC (bottom) from the
same section of the ChurchvilleB road profile

71

Vehicle Speed Effects

Front left suspension spring force, 17MPH (top) and
(bottom) same 257 feet section on Perryman3 road pr

30 MPH
ofile

12



Vehicle Model Variation

Focus is on the
suspension subsystem

Stochastic variables:
UCA bushings (4/wheel)
LCA bushings (4/wheel)
Shock absorber (2 variables)
Tire model (3 variables)

Front suspension and steering
subsystems in ADAMS

Suspension Stochastic Variables

Table 1. Set of multiplication factors for vehicle

stochastic parameters

SPRING-SHOCK

ABSORBER TIRE BUSHING UCA BUSHING LCA

STIFF | sTIFF | paMP | DAMP | STIFF | sTIFF | pamP | DAMP
STIFF | DAMP | PAR1 | PAR2 | PAR3 1 2 1 2 1 2 1 2
1.0157 | 1.0560 | 0.9993 | 1.0398 [ 0.8958 | 0.9992 | 1.0675 | 1.1589 | 0.9224 | 0.9366 | 0.9783 | 0.9446 | 1.0305
1.0184 | 1.0401 | 1.0268 | 1.0819 | 1.0008 | 1.0107 | 1.0333 | 0.9678 | 0.9933 | 1.0175 | 1.0296 | 0.9097 | 0.9834
09717 | 0.9641 | 1.0775 | 0.9428 | 09971 | 0.9891 | 0.9262 | 1.0265 | 0.9915 | 0.9889 | 0.9362 | 1.0634 | 1.0529
10107 | 09812 | 1.0111 | 1.0294 | 10347 | 0.9870 | 1.0299 | 0.9808 | 1.0773 | 1.0762 | 0.9601 | 0.9869 | 0.9744
09932 | 1.0534 | 1.1234 | 0.9736 | 0.9960 | 0.9718 | 1.0014 | 0.9357 | 1.0279 | 11137 | 0.9835 | 1.0536 | 1.0206
1.0158 | 1.0006 | 0.9998 | 1.0142 [ 0.9198 | 0.9804 | 1.0318 | 1.0102 | 1.0421 | 0.9688 | 1.0377 | 0.9786 | 0.9510
1.0165 | 0.9711 | 1.0447 | 0.9612 | 0.9975 | 0.9999 | 1.0697 | 0.9864 | 0.9654 | 1.0375 | 11115 | 0.9911 | 0.9782
0.9803 | 1.0010 | 1.0197 | 1.0109 | 1.0022 | 0.9176 | 0.9840 | 0.9186 | 0.9718 | 1.1242 | 0.9902 | 1.0092 | 0.8947
09748 | 1.0219 | 0.9402 | 1.0606 | 1.0606 | 1.0873 | 1.0638 | 1.0419 | 1.0614 | 0.9263 | 0.9747 | 0.9478 | 1.0198
1.0321 | 0.9705 | 1.1412 | 1.0013 | 09456 | 1.0028 | 1.0368 | 0.9371 | 1.0402 | 1.0434 | 0.9705 | 1.0098 | 0.9664
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End: Uncertainty Quantification

Begin: HPC in Computational Multibody Dynamics

14



ADAMS Model: Crawler

CPU Comparison

Track simulation for sprocket design
About 585 contacts active during the simulation

GSTIFF HHT
79h 25h

MSC/ADAMS: model & simulations Where we want to go with this...

P&H Mining of Milwaukee
Optimizing the digging cycle
1,500 Ton Electric Shovel: 4100XPC
Simulation approach Almost eight story high
Discrete collision detection
Penalty method

Simulations is slow:

1 second of simulation takes
over 1 hour of CPU time

(top) Type of large excavator used as a
basis for the ADAMS model (bottom )

87

L3
Pushing Frictional Contact to the Limit: o Ongoing work
Granular Flow Dynamics °

Teamed up with Anitescu and Tasora to speed up granular
dynamics simulations

The Rover: Ideally it would
move on sand... 1 cubic meter of sand: 1.5 billion particles

... we're working on it.

Use parallel computing




Model: Based on Differential Inclusions
(Anitescu & Tasora)

The measure differential inclusion comes from this model:
U (J UJ

Speeds

GPU Computing

GPU: Graphics Processing Unit

Each PC has a video card, most of the time is underutilized

NVIDIA decided to provide an API to let people tap into the
crunching number power of their GPU

February 2007: CUDA (Compute Unified Device Architecture)
C language SDK that provides access to processing power of NVIDIA GPUs

GPU vs. CPU
Flop Rate Comparison

IBM BlueGene/L

Entry model: 1024 dual core nodes

5.7 Tflop (compare to 0.34 Tflop for GPU)

Dedicated OS

Dedicated power management solution

Rudimentary productivity tools (debugging, profiling, etc.)
Require dedicated IT support

Price (2007): $1.4 million

Desktop Alternatives...

Lab spent $2700 to buy hardware

NVIDIA donated 2 GPU cards, and 2 Tesla cards

Put together desktop computer from scratch

Flop rate: 1.4 Tflop (compared to 5.7 Tflop for IBM BlueGene/L)

Fastest Lab Desktop

Price: $5000 (compare to 1.4 million for IBM)
Would have made the 2005 list of 500 fastest supercomputers in the worl

We'll use it to run billion body granular dynamics simulation

16



NVIDIA GPU

- (Device) Grid

Block (0, 0) Block (1, 0)
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Chrono::Engine Solver...

Use solver developed by Professor Tasora, Italy
Method developed by Anitescu and Tasora
Parallel GPU version by Negrut and Tasora

Our Lab helped with the GPU parallelization part

Two computational bottlenecks:
Collision detection (million to billion bodies colliding)
Finding the frictional contact force between all the pairs of colliding bodies

Emptying Silo Dynamics

Notes: w00
Some post processing is done in serial
for each found contact — this reduces
the effective speedup
Each body is tested in serial for collision
with the boundary geometry regardless
of its position — this also reduces the

JE—

effective speedup 0. yeeo -01413.
= o
Nomberctbotes | ccptine | cotme | swptime | ccprme | cotine | septme | copspeedsw | cospeen | sepspeesn
o000 ooz | owms | samo | om0 | owwe | oswess 1200 st 0o
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Liquid Sloshing

Goal: Co-simulation between
Chrono::Engine and MSC ADAMS/Car

Model the liquid as a collection of small
spherical particles with very small friction
coefficient

Current Status:

Successful simulation of 8,000 particles in
a cylindrical tank
A harmonic motion applied to the tank

Next Step:

Extract reaction forces, interface to ADAMS

Animation available at: hitp://sbel.wisc.edu/Animations/smallShake.avi
100

Liquid Sloshing: Fluid-Structure Interaction

Represent the fluid as a large number of spheres

A second grad student looking into Smooth Particle Hydrodynamics (SPH)

101

More granular dynamics...

Gravel falling
Number of bodies: 1998
Solving Dynamics problem, with same initial conditions
Only difference: different values of the friction coefficient
Run time: 61 minutes

0.4 mF0.23

17



End: HPC in Computational Multibody Dynamics
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Conclusions: Lab Mission

Prepare students for careers in Simulation-Based Engineering

Engage in research to advance state of the art in Simulation-Based Eng.
Focus on Computational Multibody Dynamics

Outreach, to fulfill the potential of Simulation-Based Engineering
Collaborations w/ Industry/Army/National Research Labs
Inform the public, spread the word (educational component of outreach)
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Research Directions

Vehicle dynamics co-simulation

Handling uncertainty in dynamic systems

High Performance Computing and frictional contact modeling

Numerical integration methods

Model Calibration, Verification, Validation
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Thank You.
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