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Introduction - Problem & Solution

The Problem

> Safety
-> State Data
-> Noisy Measurements

— The Solution

-> Fuse Data
=> Estimate State Using Model
- Ensure Reliability

Image Source: Freepik
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Baseline - Input & State Estimation (ISE)

=> Joint Estimation

- State & Unknown Input

=> Enhance Prediction

Key Limitation

Sensitive to:

-> Non-Linearity

—=> Non-Gaussian Noise

=  Qutliers Image Source: Freepik
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Baseline - Distributionally Robust Estimation (DRE)

Core Idea | —
2] Space containing candidate
o] distributions

Robustness

] Nominal distribution

® Worst-case distribution

Deviating Noise Distributions

True underlying uncertainty
probability distribution

Ambiguity Sets

\ JEE 2B

Worst-Case Optimization

Key Limitation

=> Sensitive to Outliers

-y
7=z (o>

- Ignores Unknown Inputs — ] o

Image Source: Researchgate.net,
Gran-Turismo
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Problem Formulation

System Model

unknown input

\

Tri+1 = Arxr + Brur + Grd, + wy

- / \

state vector known input uncertain process
noise distribution

Y = Crxg + Vi

_— \

sensor measurements uncertain measurement
containing outliers noise distribution
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Building Block 1: Unknown Input Estimation

Unknown Inputs

actual measurement

di—1 = My (yrx — Cr3y,)

unknown input predicted value

gain matrix

Image Source: Freepik
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Building Block 2: Distributionally Robust Estimation

Uncertain NOiseS worst-case scenario

/

min max 1) T, — T
¢(-) e, |P(xk, Yk |yr—1)EF’ P("'l')[ & ¢(yk)][ ]

»-]  Space containing candidate
o] distributions

T L T L ] Nominal distribution

best performance amblgulty Set b » Worst-case distribution
1 - True underlying uncertainty
estimator CETERIN ®  robabiliy dtbution

Image Source: Researchgate.net
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Building Block 3: Robust Update

Outliers

measurement residual

\ —-K, u<-K

Y(p) =<, |p <K
K, pz2K

tuning threshold
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Block Diagram - DRISE Framework

Distributionally Robust Input and State Estimator

[ Controller 1 ke U ; :[ Prediction ]
Control Signal ! Alg. 1 Stepl , T -
J PR ) Distributional
Time Measurement
' Update Und
| ¥ Alg. 1 Step3 P ate
Unknone di Yr | (Unknown Inputw \ AlgIStept )
L Measurements Estimation
: L Alg. 1 Step2 J
CARLA S Y
Process ] Wk Uk ( Measurements s .
Noise J L Noise
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The DRISE Algorithm Cycle

Prediction » M, Input est. gain.

&, = Ap_18r—1+ Br_1up—1 » L;: Robust gain involving
ambiguity sets.

» Ui (-): Influence function.
» sr = yYr — Crxg: Innovation.

A Input Estimation
dip—1 = My(yr — Cr,)

Time Update

. . A » S:.: Robust innovation
Ty =&, +Gr_1dr_1

covariance.

A Robust Measurement Update

Ty +— B + Lkwk(sk_lmsk)
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Simulation Setup

Reference/desired point S'mUIat'on Sett'ngs

is at the front axle (xs, yy)
Model: Kinematic Bicycle (LTV)

Reference/desired point : j States €Ly - Pos Yaw Ve|S

is at the rear axle (x., yi)

Input w;: Steering, Accel

vvyyvyy

Unknown Input (d;):
Time-Varying Signal

Noise: Proc (Qx), Meas (Ry)

Outliers/Deviations: Included
in Tests

Reference/desired point is at the .
center of gravity (x, yc) Comparlson. KF, |SE, DRE

vy

Fi

d;, = [sign (sin(0.005k))] [1,10] '
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CARLA Simulation Environment
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Testing in CARLA Simulator

» Open-source, high-fidelity simulator for AV
research.

» Provides realistic urban environments,
sensors, and physics.

» Challenging testbed for evaluating
estimator performance under uncertainty.
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Results: State Estimation Error

State Estimation Error
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Results: Unknown Input Error

Unknown Input Estimation Error
T T LI T

20 T T T T T
ISE

151 DRISE J
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» DRISE: Lower Error
» ISE: Higher Error
» Benefit: Robustness Aids Input Est.

Method RMSE(d)
DRISE 7.48
ISE 8.40
DRE -
KF -
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Results: Trajectory Tracking
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Conclusion

DRISE Performance

» Superior Accuracy: Lowest State/Input Errors (RMSE)

» Robustness Confirmed: Best performance under combined noise/outlier/input
challenges

» Practical Benefit: Enables Most Accurate Trajectory Tracking

Benchmark Limits

» KF: Sensitive to ALL challenges
» ISE: Sensitive to Noise/Outliers
» DRE: Sensitive to Unknown Inputs/Outliers
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Thank you!

Questions?
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