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Outline

» Inverse simulation example: traffic accident
~ reconstruction

-;.;.':‘i{‘ » Generalized probabilistic inverse simulation
e . Inverse simulation with the highest
probability density

-+ Examples

~ .« Conclusions

W, * Future work
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n Example for Inverse Simulation —
Traffic Accident Reconstruction

~ + Direct simulation: Cause => Consequence
~ + Inverse simulation: Consequence => Cause
.+ Vehicle accident reconstruction involves

ok inverse simulation
e Given: accident conseguences
« Find: pre-accident events
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More Examples

|dentify pre-impact velocity

Determine vehicle
trajectory

|dentify cause

of injury
MISSOURI
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Challenges In
Traffic Accident Reconstruction

e Accident reconstruction simulation Is
computationally expensive

e Many uncertainties
e |nput information is limited

« Traditional reconstruction may generate

_ multiple solutions
MISSOURI*
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Inverse Simulation Under Uncertainty

(I
i

~ '« Direct simulation: Given x find y

v ) !

_« Inverse simulation
— Given:y
- Find:x
- * Vehicle Accident Reconstruction
— X: vehicle velocity just before collision
MISSOURI* — y: accident consequences from the scene

S&T — Random variables exist, such as coefficient of
friction
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Probabillistic Inverse Simulation
Classify inputs into three groups

X = (Xunknaxrandaxkn)T

- X nkyr UnNknown deterministic variables

- Xrand, unknown variables with known
distributions

- Xk, variables that are known deterministically

- Simulation equations

y — g(X) — g(Xunknaxrand)
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The New Method

Maximize the joint probability density
Function (PDF)

Max: Joint PDF

Subject to: Simulation Equations
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Detailled Model

» Reliability analysis and optimization are employed
~ |+ Maximize the joint probability density
-+ Aunigue solution is identified

 The solution of Xiaud IS Xanq, Where the joint
probability density is maximum.

5 ’y1 — g1 (Xunknaxrand) max f(XI‘and)
Yo = G2 (x kn s X d) i X
3" — unkn » 4ran .
B ’ I subject to
MISSOURI " [ _
S& | Yn = Gm (Xunknaxrand) y - g(Xunkn7XI‘aHd)
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When Model Uncertainty Included

max f(Xunca Xrand)
(Xunkn »Xrand )

subject to

) (1 _ 51)y1 < 91 (Xunca rand) < (1 + 51)y1
(1 - 52)y2 S g2 (Xunca rand) S (1 + 82)y2

(L= €n)ym < g (Xune, Xrana) < (14 €m )Ym

 Model uncertainty is treated in an interval

.+ The bound is the percentage error
MISSOURI

S&l
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Implementation

Transform random variables into standard normal
random variables U

Trand
min > u?
(Xunkn ,11) 1=1

subject to
1 (1 — 51)?J1 S gl(XunknaF_l((I)(u))T) S (1 + <C:1)y1
(1 —&)ve < go(Xuutan, FH@())) < (1 4 &2)ys

(1 R sm)ym < Im (XunknaF_l((I)(u))T) < (1 + sm)ym
MISSOURI "
S& Control variables are xuum and u
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Advantages

o All information available is used.

* Highest confidence is obtained.

e A unigue solution is identified.
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f N —a0 (Xunkn » Xrand )

— Z -+ Lrand,1 —+ Lrand,2

unkn

Yo = g2 (Xunknaxrand)

- T . + erand,l + 3xrand,2

Table 1 Qutput vanables and distributions of random input variables

Variable H 12 Trand. 1 Irand, 2
Type Det Det Normal Normal
7 B Mean 1 3 1 1
MISSOURIL" STD 0 0 0.3 0.3

&
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Examples — A Mathematical Example

Y = gl(Xunknaxrand>
=T . + Lyrand,1 + Lrand,2
Yo = G2 (Xunknaxrand)

=T . + 2331°ar1d,1 + 35131"and,2

Jont PIOF

r 405w +uy) =—1
T+ u +1.ou =0

Figure 2. Joint PDF of 1y and s

MISSOURI
& w =04 u = 0.8
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Application — Traffic Accident
Reconstruction

~ » The vehicle speed at
~ the moment of
accident needs to be
determined.

-« Post-accident data
were collected at the
accident scene, such
as the rest position of
the victim.
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Task

Given: y, rest position of the victim according to
blood marks

Find: Xu«, Vehicle speed at the moment of accident

Xang, COEfficient of friction and relative
distance between vehicle and victim

Variable S (m) Sfm) v (kmh)  d(m) A

; Type Det Det Det Normal Normal
MISSOURI = Mean 059m 17.02 40,1000 04m 0.7

S STD 0 0 0 02m 0.1
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Direct Crash Simulation
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'a) Front view b) Side view

MISSOURI

(c) Top view
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Inverse Simulation Model

~ Probabilistic inverse simulation
| Min iug Polynomial Chaos
o Expansion (PCE)

Subject to

& = u, & = up

Hj(§2)Hk(§3) S Sy(l + €y)

S&T - Surrogate models are constructed to replace the direct
simulation model

MISSOURI
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Results
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Conclusions

~ « Uncertainties in inverse simulation
- should be considered.

"« Probabilistic analysis methods can be
* used to accommodate uncertainties.

 The proposed method involves

reliability analysis and optimization.
= ¢ Itmaximizes the joint PDF.
.+ Examples demonstrate the
. effectiveness of the method.
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Future work

_.ff: « Consider conditional probabilities

¢ "f" h ‘,f

~ « Incorporate probabilistic model

o % N
i

| uncertainty
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