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INTRODUCTION-ESTIMATION
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High-Speed Vehicle Target Tracking

* Observation , Dynamic Equations

« Position, Velocity, Acceleration of Target
« EKF, UKF, Particle Filter

« Traditional Problem




INTRODUCTION-PREDICTION
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High-Speed Vehicle Target Prediction

Predict future State (t + L) at present point (t)

Traditional Methodology (EKF,UKF, etc.) have a limitation

* No observation betweent + 1~t + L
« Cannot update estimated value efficiently

« It is hard to predict accurately
Application of Data-Driven Approach

Estimate the X; accurately = Predict X;,; based on Estimated X;



PREVIOUS RESEARCH

B . Ballistic Coefficient

Prediction
Research Contents Estimation Prediction .
with 8
Interacting Multiple Model * Propose IMM filter with three kalman filter
Filterfor Tactical Ballistic Traf‘iic;?;:)ng/reentry dynamics , Acceleration, IMM with KF
Missile Tracking [1](2008,AES) e Trackingtactical ballistic missiles(TBM)
* Multitargettrackingin clutter
lterative Joint Integrated * Deal with a number of targets in mutual
Probabilistic Data Association proximity , L . Iterative JIPDA
[2] (2013, Fusion) * Propose aniterative implementation of JIPDA
! * Similar performance with JIPDA but can be used
inreal time system.
Artificial Neural Networks for . .
Estimation and * Fuselong-haul sensor networks information
Fusion in Long-Haul Sensor * Artificial neural network (ANN) ANN
Networks [3] %2015 Fusion) * Estimation of ballistictarget state
CI§SS|f|cat.|or.1 andlaun.chjlmpact * PredictLaunch and Impact point of Ballistic
point prediction of ballistictarget . . . Known f8
. . . Target Estimates Dynamicequations
viamultiple model maximum e . . . (Stored 8
- . * Classification the trajectory based on radar burn-outtime Stored parameter .
likelihood estimator (MM-MLE) B in DB)
[4](2006, |EEE Radar)
The novel impact point prediction | * ImpactPointPrediction of Ballistic Target
of a ballistictarget with * IMM with EKF IMM with 2nd order Fixed 8
interacting multiple models » Predictthe trajectory with 2" order Runge-Kutta EKF Runge-Kutta (Constant)
[5](2013,ICCAS) method (calculate the state evolution)
Data-Driven Ballistic Coefficient * Impact Point Prediction(PIP) of Target Dynamics equations
Learningfor * IMM with UKF IMM with Nonparametric Unknown 8
Future State Prediction of High- * Predicttargetstate with predicted betaand UKF nonlinearRegression | (Predicted f8)
Speed Vehicles (Our model) dynamicequations (Gaussian Process)
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PROBLEM DEFINITION v =| Azinf  ang!

Eleva ang

High Speed Vehicle Dynamic Model

. : Up
I,ECEF coordinates G = = 3 : Gravitational acceleration
- p=v - |Ipl|
* p=Ixy2]" (Position) ap = ——||v||v :Aerodynamic drag acceleration
s V= ag + ap + ac ZB

T : D (z) . Coriolis acceleration +
© v = v, m,v] (Velocity) ac =a; " +a; Centrifugal acceleration

_ _ _ P :Nasa standard atmosphere model
High Speed Vehicle Observation

- Sensor perspective
\/(x —x:)2 +y — )% + (z — z.)?

n ta -1 (y_J’r) + =

x_x‘r'

(Xr,¥r, Zr) : Sensor position

<
Il

e : Measurement noise

t -1 Z_ZT
4 (\/(x_xr)z'l""(y_J’r)Z)

Ballistic coefficient
 Ballistic coefficient 8 is unknown parameter
« Accurate estimation of 5 is needed
* [ is used to calculate aerodynamic drag acceleration
« Estimates f using IMM(Interacting Multiple Model)
* Predict future g with several regression models




Current Time : t
Lookahead Time : L (Predict X,,, at time t)

M ETH OD O LO GY T OVERVIEW [ ?9): :k:;;?(erf;;rigrlggftg‘nregression function

f : Dynamic Equations

Time t
« Utilize Observation Data
IMM Filt .
Obs. Y, mmmp e  IMM with UKF
UKF [ UKF | [ UKF | e B,~B, , X,~X, Estimation
* Use estimated S drawn by
— Ballistic Coeff.
Past N Ballistic Coeff. . . IMM (ﬁt—n+ ilp ooo g ﬁt)
Prediction Model, LA ~
Bt-n+1~Bt r(t: 0) « Predict f;,1~B:+., based on
(GP, SVR, LR...) Bt—n+1~Pr¢
e Utilize several kinds of

¢—' regression methods

* None (constant)

Regularized Linear Regression
*  Support Vector Regression
* Gaussian Process Regression

‘ Future L Ballistic Coeff., Br11, ) Bess

Predicted
Impact
Point

Xty

« Predict X,,; based on

Bes1~Besr » Xex1s o Xerr—1
» Use dynamics Equation

recursively

Time t+1




Current Time : t
Lookahead Time : L (Predict X,,, at time t)

M ETH OD O LO GY T OVERVIEW [ ?9): :hr;?(—:-rre;;rigrlgg(r:tg‘nregression function

f : Dynamic Equations

Time t

« Utilize Observation Data
 |IMM with UKF
[_UKF_| e Bi~B: , X1~X, Estimation

IMM Filter

Obs. Y,

* Use estimated S drawn by
Ballistic Coeff.

Prediction Model, IMM _(ﬁt:n+ 1ree ,Bt)
r(t; 60)  Predict B;,1~pf:4+, based on

(GP, SVR, LR...) Bt—n+1~Bt
e Utilize several kinds of

¢—' regression methods

* None (constant)

* Regularized Linear Regression
*  Support Vector Regression

* Gaussian Process Regression

Past N Ballistic Coeff.

ﬁt—n+1~ﬂt

‘ Future L Ballistic Coeff., Br11, ) Bess

Predicted t

|P m_patact * Predict X, based on
oin 2 2 4 v

2 ,3t+1~,3t+L :Xt+1r »Xt+L—1
t+L

» Use dynamics Equation
recursively

Time t+1




Mode = [M1,M2,M3] =

METHODOLOGY-IMM [10000, 110000, 210000]

Mode Probability

IMM (Interacting Multiple Model) [6]
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Current Time : t
Lookahead Time : L (Predict X,,, at time t)

M ETH OD O LO GY T OVERVIEW [ ?9): :hr;?(—:-rre;;rigrlgg(r:tg‘nregression function

f : Dynamic Equations

Time t
MM Filter » Utilize Observation Data
Obs. Y, mu . IMM with UKE
= L_UKF_| L UKF_|  B1~B: , X;~X; Estimation

« Use estimated £ drawn by IMM

Past N Ballistic Coeff Ballistic Coeff. (ﬁ ,8 )
' Prediction Model, A DI
Bt-n+1~Bt r(t; 0) . Zredlct [l))gtHNﬁHL based on
(GP, SVR, LR...) t-n+1~Pt
Redression » Utilize several kinds of
g ¢—' regression methods

* None(constant)

* Regularized Linear Regression
* Support Vector Regression

* Gaussian Process Regression

‘ Future L Ballistic Coeff., Br11, ) Bess

Predicted «  With various kernels.
Impact  Predict X,,; based on

Point 2 2 e e

5 ,3t+1~,3t+L ;Xt+1; ;Xt+L—1
X+

» Use dynamics Equation
recursively

Time t+1




METHODOLOGY — NONE (CONSTANT)
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None (Constant Prediction)

Use a current beta value as a predicted

beta value
* (Last estimated beta)

Assume that (g4, ..., B;) are estimated

= (Besrr +r Bea) = By e Br)
Traditional Approach

Nonlinearity of beta
True beta and Estimated beta have

nonlinearity form (similar with quadratic)
None(Constant regression) is hard to fit

beta well



METHODOLOGY — REGULARIZED LR

16 /"ID'Er
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linearly
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Regularized Linear Regression [7]
* L2 Regularization
+ E0) =231y - y(1,0)Y + 2161
« 0 =TT+ ADTT-B
« T: Collectionof Time Points
e <t—N, .., t>
B : Collectionof ballistic coefficient estimate
* <PBt-ni B>

Regularized LR

Overfitting
At the symphony...
« Want to listen to symphony only
« Without noise
« ex) neighbors shuffling
« Overfitting
* Hear more noise than we need
- William Chen, Data Scientist at Quora
At the target tracking...
« Many observation noises
« Want to identify signal and noise
 Model as much signal as possible
» Model as little noise as possible

~

Ridge Regression
More Stable than least squares
(normal linear regression)
Prevent Overfitting
* Prevent sum of norms of the slopes
get too high

J




Regularized LR

METHODOLOGY — REGULARIZED LR

Training errorbecomes small
o 105 | | | | | Overflttl n 9[8] Test error becomes verylarge
True \
Fit the dat SR = : '
L I e data - ..
" i | % —©— Training \/
Inear

<% 1af
g -
w12} Ct) [
= L
1.1
1t
D'QIZI' SID ‘1IJI'IIII ‘1D @ZIiD ZSID 3EIiD 350 0 (I) I I . 9
Model Complexity -

Regularized Linear Regression [7]
» L2 Regularization * Ridge Regression )
. E)= %2;:3]{(,31:—] _ y(Tj,g)}Z + % | ] |2 * More Sta_ble than Ieas.t squares
. QtLR'* — (TTT + AD)~TT - B (normal linear regression)

« T :Collectionof Time Points * Prevent Overfitting
« <t-=N, .., t> * Prevent sum of norms of the slopes

- B : Collection of ballistic coefficient estimate get too high J

S <ﬁt—N""'ﬂt>




METHODOLOGY - SVR

Support Vector Regression [9,10]

SVR

Nonlinear Regression with kernel )
1 Hard to optimize kernel hyper parameter
t€ Cross validation also has a limitation to optimization
—€ « Parameters bnly depend on human’s choice
o Ex) if Adegnai =[0.1,0.5% 1, 2,10],
Ashou beon of Acgnai -/
X =< X : data point with L. (y;,7;) = 0 Examp le of SVR
- X : data point with L.(y;,%;) > 0
> 15 r"ID'Er
0 If |y, v;] < € True.
L . 7)) — { N YirYi - & Training
E(yl YL) ly;, 7i| — € Otherwise al [ Hard to fit SVR
n -y accurately
. <, 1 2 ' ~
mi Cz Le(yl,yl)'i‘EllW” o 13r \\
; g
= Kernel cS /
s.t.y; = f(x;) = wlx; + wy (Nondinean| | = ~_~
. N E b g | ! —
— 1 ( g — *)( g — *)k T . 1.1 I ' i -""':'
X 5 a; —a; )\a; — a; )k(T;, Tj)
Dual ma < ij 1 |
form
—eZ(cxl+a )+2,31(a1 |
i=1 D'gn 50 100 150T_ 2(
suc tl}a N (ag—a)=0 m (
whe ai,al € [0, C]




METHODOLOGY — GP INTRO

1

GP

O - unknown

: known

GP (Gaussian Process) is a stochastic process such that any finite sub collection of
random variables has a multivariate Gaussian Distribution [11]

= f~GP(m(x),k(x,x"))

Joint of Gaussian distribution is also Gaussian = [f] ~N(lu*], kT K )

Conditional Gaussian distribution is also Gaussian = f,|X,,X, f~N(f.|u., Z.)

u. =u(X.) + KTK=2(f — ()
3, =K, —KI'K 'K,
. ) . . Whe K = k(x,x) ,K* = k(x; x*)yK** = k(x*;x*)
Stochastic Process is a collection of random variables {f(x) : x € X}




METHODOLOGY
— — GPRINTROT™

GP Reqression Demo [

R

-16 -14 -12 -1

-08 -06 -04 -0.2 0
X

Points as
saussian distributio

GP

Consider a point as Gaussian distribution [12]
= A point has its mean and sigma individually

When a new point is observed

= Consider it as a normal distribution also
= Can prédict its mean and,sigma
(~)Condit of Guass Yisals Causs

L

New Calculate
Observations mean and covarianc
3 3 \

3 \ { | { ' | | '
] TN HERRR
2 P
1 ) 1 [
! e \ 7 \o/ 1
0 0 - 0 -
-1 -1 Y, -1
-2 } -2 ‘ W -2 ‘
-3 ‘ e | | -3 | | | 3 | |
-2 -1 0 1 -2 -1 0 1 2 -2 -1 0




METHODOLOGY - GPR INTRO II

GP
| _ . | . )
Gaussian Process Regression [14] GPR is Nonparametric nonlinear regression
e B=f(T)+e,(i=t _N £) S Possible to optimize hyper parameter
L L L ) .
- Noise : ;~N(0,5?) * 0 isaparameter of K (kernel)
Prior: f(-)~GP%0,K(-")) 2 * Find 8 which maximize likelihood
5 = _1 x| _1pTpry-1p _ N41 Performs better than SVR usuall
lo gP(,BIT,B) 2loclK | >B (K*)~1p ——log y )
o K*=K(T,T) +0%I
. Olo PQITO _ 1 —~10K*\ | 1 o7 «—10K"
a6 - Ztrla (K ae)+2ﬁ & aeﬁ [ Example p ,
* B =K(T,T)K* B B (r,-T1)
e T,:t+1,..t+L (TestPoint) k(T Ty) = ofex (——m)

Covariance (Uncertainty) \ Covariance (Uncertainty)
2 ﬁ  Isstill large 1l -2 E  comes to small
-2 -1 0 1 2 -2 -1 0 1 2

GPR without optimization [13] GPR with optimization [13] -
17



METHODOLOGY — GPR AND SVR i

_ ) [GPR is Nonparametric nonlinear regression \
Gaussian Process Regression [14] Possible to optimize hyper parameter

« B = f(Ti) +¢€,(= 2t —N,...,t) * 6 is a parameter of K (kernel)
. NQISE_ ; €i~N(2%0 ) 2 * Find 8 which maximize likelihood
Prior: f(-)~GPY0,K(:,")) Performs better than SVR usually

5 — 5 | _1pTpry-1p _N*1
€ gp('ng’ 0) = leclK | zﬁ (K78 2 log * SVR: Hard to optimize hyper parameter /
« K*=K(T,T) +0°I

. dlo P@ITE _ 1 ( *—1E) 1 o7 pe—10K*
a0 a Ztrla 4§ a0 +2ﬁK aoﬁ fmlal_e p , h
) 'BH_L - K(T*'T)K* 'B . K(T- T-) = gex (—‘(Ti — Tj) )
e T.:t+1,..,t+L (TestPoint) v p 212
SVR GPR
. «10° . . . . . . 15 «10°
B rue True
Hard to f|t s} ir&ining Easy to F|t 2 Training
SVR i GPrg
14} accurately i
Hard to fit ' VRSN -~
o 3¢ \ ~ Moy,
b accurately : ( J U i
33 arll ” GE ~N_"7
& 127 *T ) ~—
a 11 a
1 |,
0.9 L . :
0 50 100 150
Tim




METHODOLOGY — GP SE

Gaussian Process Regression [14]

* Nonparametric Nonlinear Regression

 Kernel Calculation

 Bi=f(T)+e,(i=t—N,..,t)
3 Noise : €;~N(0,52)
* Prior: f(:1)~GP(0,K(-,"))
« lo P(BIg,0)
1 1
— _ _ x| _ — pT *\—1p __
= —2lo K| =2 BT(K) B
« K*=K(T,T) + 02l
dlo P(BIT,0)
ag €

1 <*_16K*> 1
= ——tra K* — —

N +1
2

2 90 ) T2
* Bur=KT, DK
e T.,:t+1,..,t+L (TestPoint)

Kernel [14]
* Kind of similarity
« Betweendata points
« SE(Squared Exponentigl) Kernel
¢ kg (TuTy) = oZex (-7
. 05 : determine average distance
« [:determinewiggle

Well Fit
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a
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Gaussian Process Regression [14]

METHODOLOGY - GP RQ

Nonparametric Nonlinear Regression
« Kernel Calculation

Bi=f(T)+e,(i=t—N,..,t)

: Noise : €;~N(0,52)
* Prior: f(:1)~GP(0,K(-,"))
lo P(BIE,6)
1 1 N+1
=—Zlo |K*| == BT (K*)1B - l
250 |K*| Zﬁ (K")™'B 5 log
. K*=K(T,T)+021
dlo P(BIT,0)
ag €
- lt K*_la_K* 1 TK*_la_K*
B a9 ) T 2" a6 P

Ber, = KT, KB
e T.,:t+1,..,t+L (TestPoint)

Kernel [14]

Kind of similarity
« Between data points
RQ(Rational Quadratic) Kernel
2\ —a
. kRQ(Ti,’]}.) = o (1 _I_(Ti—T-) )

2al?
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Gaussian Process Regression [14]

METHODOLOGY — GP SENOISE

Nonparametric Nonlinear Regression
« Kernel Calculation
Bi =f(Tl)+El,(l = t—N,...,t)
: Noise : €;~N(0,52)
* Prior: f(:1)~GP(0,K(-,"))
lo P(BIE,6)
1 1
—_ __ x| _ _ pT *\—1p __
=23l |K*| 2ﬁ(l'() B
« K*=K(T,T) + 02l

dlo P(BIT,0)
_10K~* 1 _10K*
= ——tra <K* 1—>+—/3TK* 1=— 3

N +1
2

log

ag €
2 a0 2
Ber, = KT, KB
e T.,:t+1,..,t+L (TestPoint)

Kernel [14]

Kind of similarity

« Between data points
SEnoise(Squared Exponential Noise
Kernel) °
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METHODOLOGY — EXPERIMENTAL SETTING

Z Position(km)

Entire Trajectory © Considered Trajectory

e End
! Point
0.5
o
05 590s ~ 621s
«10* -
b " N 2 3 : <108
¥ Positiontkm) o X Position(km)
%10%
7
E 6
~ 5
c
o ¢
=
2
Q 2 . . .
Q , —I— Observation w ith noise
N
Target State Estimation
6.55 O True State
/k’bo 6.6
7% 13
/0/7 _6.65 1o 1.25
) 11 " x position(#i)

High-Speed vehicle flight time: 0s~621S

Sensordetectiontime : 590s~621s

Estimate Betaand Position using UKF-IMM
« BetaHypothesis = [10000 110000 210000]

PredictBeta Bs,1~B¢+1 , USing Regression
« TrainingBeta = [5s, 10s, 155]
* The number of recent beta used to training
regression model
* |Ifwe predictf;1~B4+y basedon B;_,i1~PBs
« = TrainingBeta=n
« Lookahead=[0.1s, 1s, 3s, 55]
» Time interval betweenthe start and end of prediction
» Ifwe predictf;.1~Br4+y basedon B;_,11~PBs
« = lLookahead=L
« Experimentwith 6 models
* None (hold current 5)
 LR(Regularized Linear Regression)
SVR(SupportVector Regression)
* Gpse(GaussianProcess with SE kernel)
* GPrg(Gaussian Process with RQ kernel)
* Gpsenoise(Gaussian Processwith SE noise Kernel)
» Calculate BetaDifferencefor each model
Predict Position Xy, 1~X;4 g
« Predicted Beta
« Dynamics Equations
« Calculate Position Differencefor each model
Repeatexperiments 10times individually
22



RESULTS — BETA

Bad Fit Bad Fit Bad Fit
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| o TrueBeta © EstBeta Predicted Beta‘ >

617sec~ 620sec

GP shows good result in 617sec~620sec
(right after inflection point) remarkably



RESULTS — BETA

TrainingBeta : The number of recent beta used to training regression model
Lookahead : Time interval between the current and end of prediction

| GPrg [

‘-Nme I LR I SVR | | GPse |
4 T T

35}

P
wn ]
T

RMSE(kg/m?)
[

10
TrainingBeta(s)

| GPsenoise | I Mone LR [ SVR | | GPse | | GPrq | | GPsenaise
3.0 T T T T
r 4}
GPsenoise shows the 25|
best performance '
g |
== .
= NE o -
'-&2.5
x
]
o2t _ _
=
v
15
1t
0.5t
0
1 3 5
Lookahead(s)

« Regression model based on GP predict f(non-linear form) accurately

GPsenoise shows the
best performance

« Gpsenoise performs well in all cases (every TrainingBeta , Lookahead settings)



RESULTS — POSITION

MAE RMSE
None 341.52 385.3968
LR 343.4452 388.2391
SVR 341.4957 385.0937
GPse 341.0656 384.7834
GPrq 341.0688 384.7886
GPsenoise 341.0656 384.7834

y; . True value / y; : Predicted value

MAE = Mean Absolute Error
1 ~
* ;Z?ﬂ lyvi —Jil
RMSE = Root Mean Square Error

: \/%Z?:l(yi — )

1200

Predicted Position Difference

— & —none
Ir
==
SYT
1150 + gpee None . P

aprq =T
. gpsenoise .
E 1100 -
E -
[= e
E -
fir} [ o
= 1050 - Y GPsenoise
(] £
5 g
= #
(73]
38 1000
s #

=

&
950F =7
i
2S

/
N

=T
T PP orere PPV \
\ 619 6191 619.2 6193 6194 6195 6196 619.7 6198 519.5( 620 ,

Time(s) S

7’

GP regression predict relatively accurate

position

* GPsenoise>GPse>GPrg>SVR>None>LR

GPsenoise shows the best
performance in position difference
But the improvement is not large
(MAE : 0.5m , RMSE : 0.6m)

* |t will be more useful

When the beta changes suddenly

For tracking a target which is
strongly influenced by




CONCLUSION

Experimental Setting

1) Beta / Position Estimation : IMM with UKF

2) Beta Prediction : Regression (Gaussian Process / Support Vector
Regression / Regularized Linear Regression / None(Constant Prediction))

3) Position Prediction : Predicted Beta + Dynamics Equations

Beta prediction

» GP based regression model predict relatively exact
« Gpsenoise shows the best performance (SE kernel + Noise kernel)
* [ :Unknown Paramter to calculate aerodynamic drag acceleration

* ap = —%HVHV

Position prediction

» GP based regression model predict relatively exact position
« Gpsenoise shows the best performance (SE kernel + Noise kernel)
« It is possible to predict position well by predicting g accurately
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