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BDLM — General formulation
Transition model
X = Ax¢_1 + wg
~—
W~N(0,Q)
Observation model
y: = Cxt + v
~—~
V~N(0,R)

Transition and observation models are completely defined by
» A: Model transition matrix
» C: Model observation matrix
» Q: Model errors covariance matrix
» R: Measurement errors covariance matrix

For each generic sub-component, define A,C & Q
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Bayesian Dynamic Linear Model (BDLM)

[Google images]
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Sub-components

2.1 Generic sub-components

2.2 Assembling sub-components

2.3 Example - Monitoring Bridge Temperature
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Generic sub-components

Local level [@]

XLL — XLL

ALL — 1’ cLL — 1’ QLL — (O’L‘}‘L/)2

LL _
UW—l

Time - ¢

Goulet

State-Space Models - Linear Model Structures | V2.4 | Probabilistic Machine Learning for Civil Engineers



Sub-components
€00000

Generic sub-components

Local level [@]

15

XLL — XLL

ALL — 1’ cLL — 1’ QLL — (O’L‘}‘L/)2

—15

Goulet

10 15 20 25
Time - ¢

[CIV_ML/LL_demo.py]
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Generic sub-components

Local level [@]

XLL — XLL

ALL — 1’ cLL — 1’ QLL — (O’L‘}‘L/)2

okl =0.25

15 ‘ ‘

—15

5 10 15 20 25
Time - ¢
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Generic sub-components

Local level [@]

LL LL

ALL — 1’ cLL — 1’ QLL — (O’L‘}‘L/)2

UW—
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t
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Generic sub-components

0 5 10 15 20 25 0 5 10 15 20 25
Time - ¢ Time - ¢
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Generic sub-components

Local trend [@]

0 5 10 15 20 2 0 5 10 15 20 25
Time - ¢ Time - ¢
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Generic sub-components

Local trend [@]

0 5 10 15 20 2 0 5 10 15 20 25
Time - ¢ Time - ¢
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Local trend & process error covariance matrix Q

w; are caused by a

.. constant acceleration
Z; = [Zt Zy Zt]T . Zt ~ N(Zt; 0, EZ)

Z; over At
3 (level) Z Af
00 O 2 !
00 257 /
=100 Az = 2 ;
z I i [oom]g_l :
0 0 o |
w (trend/speed) EN
W, =AzZ; ~ N(w;0,Az3zA}), /
N—_—— ! r
Q t—1 t
At A8 ! (acceleration) -
Q=AzZzAL =02 | A NG |

~ A

t—1

N|
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Generic sub-components

Local acceleration [@]

XL

xLA: XT

XLA
1 Ar AP 177 At ad A
S 4 2 2
=lo 1 Ar |, C*=]o0 | Q*=@W?| 22 AR At
o 0 1 0 22 A1

0
10
—20
S 10 15 w0 » U 5 10 15 20 2 % 5 10 15 W »
Time - ¢ Time - ¢ Time - ¢
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Generic sub-components

Local acceleration [@]

XL
xLA: XT
XLA
2 At A8 At?
1 At AF 17 N -
=lo 1 Ar |, C*=]0| ,Q"=(W)’| &5 A2 At
0 0 1 0 22 A1
ol = 0.001
1 0.1
0
0
410 “ﬁ“—l\:ﬁ:*
—90 —0.1
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[CIV_ML/LA_demo.py|
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Generic sub-components

Local acceleration [@]

XL
xLA: xT
XLA
1 oac 82 1T ol >
2 3
=lo0o 1 A [, C*=]0]| Q*=0W)’| AC A At
2
0o 0 1 0 AL At 1
oA = 0.0001
1 0.1
0
0
10 “ﬁ‘—l\ﬁf
—90 —0.1

S 10 15 w0 » U 5 10 15 20 2 V% 5 10 15 W0
Time - ¢ Time - ¢ Time - ¢

[CIV_ML/LA_demo.py|
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Generic sub-components

Periodic [@]

Periodic components expressed in their Fourrier form

St 2 At
x® = [ X52 }}XSIZAmplitude, w=T20 Frequency

X p
g cosw  sinw s |1 3 syv| 10
A —sinw cosw |°C 70| Q (7w) 01

5 10 15 20 25 5 10 15 20 25
Time - ¢ Time - ¢
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Generic sub-components

Periodic [@]

Periodic components expressed in their Fourrier form

St 2rAt
x5 = §S2 x5t:Amplitude, w = et Frequency
i 1 10
AS = | cosw  sinw s _ 3 s \2
—sinw cosw |’ c 0|’ Q" = (ow) 0 1

Time - ¢
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Generic sub-components

Periodic [@]

Periodic components expressed in their Fourrier form

St 2 At
x® = [ XSz }}XSIZAmplitude, w=T20 Frequency

X P
cosw  sinw 1 1 0
As=| L CS = | S|, Q8= (0%,)?
—sinw cosw 0 01
‘ ofi-=0.001,p =10
3 3
— o
N W 1w » v 5 10 15 W
Time - ¢ Time - ¢

[CIV_ML/S_demo.py]
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Generic sub-components

Periodic [@]

Periodic components expressed in their Fourrier form

St 2 At
x® = [ X52 }}XSIZAmplitude, w=T20 Frequency

X p
g cosw  sinw s |1 3 syv| 10
A —sinw cosw |°C 70| Q (7w) 01

5 10 15 20 25 5 10 15 20 25
Time - ¢ Time - ¢
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Generic sub-components

Autoregressive [@ ]

XAR — XAR

AAR — ¢AR CAR =1 QAR — (O.AR)2

2
& 0 < ¢* < 1: stationary process — (o*0)2 = %

o =08, offfi =1

Time - ¢

[CIV_ML/AR_demo.py]|
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Generic sub-components

Autoregressive [@ ]

= XAR — XAR

AAR — ¢AR’ CAR =1 QAR — (O.AR)2

& 0 < ¢* < 1: stationary process — (o*0)2 = %

P =038, offft =05

Time - ¢
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Generic sub-components

Autoregressive [@ ]

= XAR — XAR

AAR — ¢AR’ CAR =1 QAR — (O.AR)2

& 0 < ¢* < 1: stationary process — (o*0)2 = %

o =038, ofiff =0.25

t

Time - ¢
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Generic sub-components

Autoregressive [@ ]

= XAR — XAR

AAR — ¢AR’ CAR =1 QAR — (O.AR)2

& 0 < ¢* < 1: stationary process — (o*0)2 = %

oM =02, offft =05

t

5 10 15 20 25
Time - ¢
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XAR — XAR

AAR — ¢AR CAR =1 QAR — (O.AR)2

2
& 0 < ¢* < 1: stationary process — (o*0)2 = %

oM =099, o}t = 0.5
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Generic sub-components

Autoregressive [@ ]

J

[

Time - ¢

[CIV. /AR_demo.py]
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Generic sub-components

Autoregressive [@ ]

XAR — XAR

AAR — ¢AR CAR =1 QAR — (O.AR)2

@ ¢** > 1: non-stationary process ¢** = 1 corresponds to
a random walk (= Local Level)

oM =1, it =05
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Assembling sub-components

Assembling sub-components

For a set of sub-components: %

Hidden state variables: x = [x™  x51 x52, x|
N~ N——

C
A
Q
R

Professor: J-A. Goulet

~—

e o ©

Observation and Transition Model matrices:

— [CLL CS CAR]
= blkdiag(ALL, AS, AAR)
= blkdiag(Q™, Q%, Q*%)

2
= oy

\

X¢ = Axi1+ wg
~—
W~N(0,Q)
y: = Cx¢+ v
~—
V~N(0,R)

® Polytechnique Mol
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Block diagonal matrix (Linear Algebra [—])

A block diagonal matrix concatenates several matrices on the
diagonal of a global matrix.

4 5 6
A:[é i] B=|7 8 09
10 11 12

120 0 0

340 0 0

blkdiag(A,B)=| 0 0 4 5 6
00 7 8 9

00 10 11 12
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Example - Monitoring Bridge Temperature

Temperature dataset

30
14

~15

—30 ) . ,

13-08 14-04 15-01 15-10
Time [YY-MM]

Temperature y; [°C]
o

Yi:T = [}/17}/27' T 7_yT]
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Example - Monitoring Bridge Temperature

Hidden sub-components

)

= 30

=

o 14

f} 0

215

g —30 ‘ ‘ ‘
& 1308 14-04 15-01 15-10

Time [YY-MM]|
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Example - Monitoring Bridge Temperature

Hidden state variables & model matrices

_ LL 1,81 1,82 2,81 2,82 AR
xt—[Xt 7Xt'7 ’Xt7 7X1.“7 vXt7 y Xt ]T

e ® o o

A = blockdiog (1, Tin D | [ Wl Sim ] o)
Q = blockdiag([0,0,0,0,0,*%?)

C = [1,1,0,1,0,1]

R — (O.V)2

0 = [o" 0", ¢"]T (Unknown parameters)
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Example - Monitoring Bridge Temperature

Initial hidden state mean and covariance

_ LL 1,51 1,82 2,54 2,52 AR 1T
xf—[Xt 7Xt’ aXt7 7£<t’ 7Xt, 7Xt ]

& & o o

po = [6,0,0,0,0,0]

Xo ~ N(xoi k0, 0) { 50— giag([5, 10,10, 10,10, 1]2)
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Example - Monitoring Bridge Temperature

Hidden state estimation

A

Xy = Axi1+ wg
C Y
W~N(0,Q)
Q Vi = Cxp+ v
~—
R V~N(0,R)

Kalman Filter

(lJ't|t7 zt|t7£t) = F”ter(ﬂt—1|t—1a Zt—l\t—h)’t? A,C,Q,R)

Note: Optimal parameter 8* must be identified using a
maximization algorithm (e.g. Newton-Raphson)
T

0" = arg max In L,

Professor: J-A. Goulet ? Polytechnique Montréal

State-Space Models - Linear Model Structures | V2.4 | Proba c Machine Learning for Engineers



Summar

1308 1401 1501 1510
Time [YY-MM]|
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Example - Monitoring Bridge Temperature

Hidden state estimation (cont.)

20/
= 10)
o |
- 0
& —10f
1408 14-04 15-01 15-10

Time [YY-MM]
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7308 14-04 15-01 15-10
Time [YY-MM]
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Hidden state estimation (cont.)

10
o O
o
e 0
g
8 =5
_ ! ! “ ]
19)—08 14-04 15-01 15-10

Time [YY-MM]
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Dependencies

3.1 Context

3.2 Sub-components

3.3 Assembling sub-components

3.4 Exemple — Monitoring temperature & displacement
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Context

Example - Monitoring temperature & displacement

26.5

Displacement y? [mm|

13-08 1404
Time [YY-MM]

[€)

o~ :

ST D: Displacement
£ 0 T: Temperature
g -15

£ -30 ‘ ‘ ‘

& 130 14-04 15-01 15-10

Time [YY-MM]|
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Sub-components

Regression

Regression components: no state variable of its own.

It expresses the dependence between any two
sub-component by adding a term in the observation
matrix,

[Cy = ¢*13*

where ¢113* € R is a regression coefficient.

Professor: J-A. Goulet ® Polytechnique Montréal
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Assembling sub-components

Assembling sub-components

= blkdiag(C*,C?,--- ,CP)
— blkdiag(Al,A2,---  AP)
blkdiag(Q', Q2,--- ,QP)
— blkdiag(R%, R?,--- ,RP).

a o P 0
Il
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Assembling sub-components

Assembling sub-components

= blkdiag(CP, CT)

T 0 P N
I
=
x~
o
o
(0]

(
(
(
(

= blkdiag(R?, RT).
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000 5 sfel 1o
Assembling sub-components

Assembling sub-components

Global observation matrix

Dependence matrix

1
c Cféz RS o 1 dip - dyj oo dip
C§,1 C e c§7j N CE,D d2’1 1 e dz,j . dZ,D
c— : : : : . : D : : : : . :
C1 Co o G o G dip dip oo 1 o dip
C5, C5, 0 C5; o C d,1 2 b,

diJZO — C,C’J=[0]
dij=1 = €5 =00, 0| e Y

¢ ilj regression coefficient — linear dependence between the k"
sub-component from the j time series and the it" time series.
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Exemple — Monitoring temperature & displacement

Example — Monitoring temperature & displacement

o

= 30

=

o 14

3 |

g0

& 15 D

=

z —30f . . ) _ 1:T

& 1308 14-04 15-01 Bl YT = [ yT ]
Time [YY-MM] LT

E 265,

%= D: Displacement

= 26.0f

E T: Temperature

j)

2255

8 1308 14-04 15-01 15-10

Time [YY-MM]
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Exemple — Monitoring temperature & displacement

T T,LL T1,51 T1,S2 T2,51 T2,S2 T,AR T
Xt ) Xt ) Xt ) Xt ) Xt y Xt ]

~~

T — . S~~~ ~ :
e YN @ @p:365.24 @p:l @

) T501 =0

Tine [YY-AV]
e ®
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Exemple — Monitoring temperature & displacement

Hidden state variables & model matrices (T)

Xt — [ T,LL XtTi’Sl,X;_.rl SQJ XtTQ S1’ ;I'Q SQ’X;T AR]T
Ve

. cos wT sinwT coswT sin w™?
AT = block diag <1, [ —sinw™  cosw!? 7¢T’AR

—sinwT coswT

Q" = blockdiag([0,0,0,0,0,074%]?)
CT = [1,1,0,1,0,1]
RT — (UT,V)2

0T = [oTM TV ¢TART  (Unknown parameters)

Professor: J-A. Goulet ? Polytechnique Montréal
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A’ = blockdiag (1, ¢"4%)

Q" = blockdiag ([0, c™*]?)

Cc® = [1,1]
RD — (O’D’V)2
° = [oPAR PV @PAR]T - (Unknown parameters)

Professor: J-A. Goulet ? Polytechnique Montréal
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D T
Xt
7\

_ D,LL D,AR  TLL T1,8; _T1,So T2,S; _T2,So _TARyT
[t, ’ ’ aXt aXt 717Xt 7Xt7 axt7 ]

N N
® @ W &

= blockdiag (AP, AT)

= blockdiag (C", CT)

= blockdiag (R, R")

= blockdiag (Q°,Q")

b_ |11 c_[1 10 PT 0 gPIT2 @ @PIT2
101 “loo1 1 0 1 0 1

D|T D|T D,AR
G)‘l’ ¢‘27 ¢7 ) g

[ ¢T,AR oDAR - STAR
=[-0.017, 0.01, 0.982, 0.997, 0.024, 0.28, 10=>, 10747

DV VT
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D T
Xt Xt
7\

~ ~

DLL _DAR _TLL _T1S; _T1,S; _T2S; _T2,S> _TARjr
[ ’ ¢ BT A e N |

o 6 o )

. Ho = [267076707070707O]T
Xo N(XO'”O’ZO){ ¥y = diag([0.5,0.1,5,10,10, 10,10, 1]?)
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5 s )OO0000080
Exemple — Monitoring temperature & displacement

Hidden state estimation

A Xt = Axi1+ wg
C
W~N(0,Q)
Q ye = Cx¢+ v
~—
R VAN(O,R)

Kalman Filter

(I‘l‘t|t7 zt|t7 £i‘) = F”ter(l“l‘t71|t717 ztfl‘tfla Yt A7 C7 Q7 R)
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0O000000e

Exemple — Monitoring temperature & displacement

Hidden state estimation (cont.)

27y
S pyr £ oyr
— 7

T s T
Time [YY-MM]

17 o)

Bog 11 1300 1510
Time [YY-MM] S

=

50 T
il

oy
Time [YY-MM

& 1501 T10
Time [YY-MM

13-08 14-04 15-01 15-10
Time [YY-MM]
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Case-Study SKF
4.1 Example : Dam in Canada
4.2 Results
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[Hydro Quebec]
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0O@000000

Dam displacement
along the x-axis

[Hydro Quebec]
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Example : Dam in Canada

Data

~2.78
E
£
= —1325
o
)
)
—25.28

02-12 06-03 09-07 12-10 16-02
Temps [YY-MM]

[L.H. Nguyen 2017]
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Example : Dam in Canada

Model Construction

Normal

V.S.

e

Professo Goulet

Abnormal

[L.H. Nguyen 2017]
Polytechnique Mo
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Hidden state variables & Model matrices

7 L T LA _T1,8; _T1,S; _T2S; _T2,S; _AR
Xt—[Xt v Xt oo Xp o Xy Xt Xp Ty Xt )y Xt ]T
S~

—~ ~
@ @ @ @p:365,24 @p=182.62 @

Y
/

1 At 0 1 At AF
A(l),LA — 0 1 0 , A(2),LA — 0 1 At
0 0 O 0 0 1
le 1— le
Z=|,_ 2
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Case-Study SKF
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Results
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Période d’entrainement = 5 ans

-30
1.
—DModele anormal

“n
= 0.5¢
[al
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02-12 06-03 09-07 12-10 16-02

Temps [YY-MMI
KEPIEIE] (k)
[L.H. Nguyen 2017]
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ooe

Results

Local Trend

3
= 1000
I /\-2.0 mm/year /\-2.9 mm/year
E-371
£
. /\-77.6 mm/year _|
* 12051 06-03 09-07 1210 16-02
Time [YY-MM]
Local Acceleration
fw 1070 2
T 200" /\-0.0054 mm/year /\-0.012 mm /year*
Données brutes E ~
ES
5 £
1325 o /\-24225 mm/year’ _|
= x 0212 06-03 09-07 210 T6.02
g Time [YY-MM]
—2528
1A AVAVAVAVAVAVAVAVAVAVAVAVAV)
= Normal 5610-07.11——
= 0.5/
& 2010-07-08 ~_ /20““’9'08 0212 06-03 09-07 210 16-02
/N Anormal Time [YY-MM]
[5H) 06-03 00-07 1210 T6:02
Temps [YY-MM]
0212 06-03 09-07 1210 16-02
Time [YY-MM]
L

0212 06-03 12-10 16-02

09-07
Time [YY-MM]

Professor: J-A. Goulet ? Polytechnique Montréal

State-Space Models - Linear Model Structures | V2.4 | Probabilistic Machine Learning for Civil Engineers



Canari
0

Canari

5.1 Data preprocessing

5.2 Components

5.3 Examples of configuration files for Canari
5.4 Practical Examples

5.6 Other Libraries
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[e] o

Canari — Python library @

canari
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°

Data preprocessing

Data processing

» Loading data
» Normalization Timestamps:  YYYY-MM-DD HH:MM:SS
» Resampling Values: float

» Train/val./test

split
Raw — Normalized — Analyses — Unnormalization
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Canari
°
Data preprocessing

Data processing

Timestamps:  YYYY-MM-DD HH:MM:SS

Values: float
Data

» Loading data

» Normalization

» Resampling

» Train/val./test
split

Normalized

Time !

Raw — Normalized — Analyses — Unnormalization
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°

Data preprocessing

Data processing

Timestamps:  YYYY-MM-DD HH:MM:SS

Values: float
o Real valued o NaN (missing data) o NaN (padding)

» Loading data 81] o
L By 1
» Normalization 23 e e e e oo
. = -
» Resampling Time
» Train/val./test %;
split £3
'_

Time

Raw — Normalized — Analyses — Unnormalization
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Canari
°

Data preprocessing

Data processing

Timestamps:  YYYY-MM-DD HH:MM:SS

| 2 Loading data Values: float
Training Valid. Test

» Normalization | [ ]

> Resampllng Initialize hidden states k Forecast
» Train/val_/test Learn LSTM's param. (TAGI) Detect
. anomalies
split Learn hyperparameters

(components, LSTM, SKF)
Raw — Normalized — Analyses — Unnormalization
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Components

Canari's basic components

Baseline
» Locallevel( )
» LocalTrend( )

» LocalAcceleration( )

TLL

t Periodic/Reccurent
» Periodic( )
» LstmNetwork( )

Residual
» WhiteNoise( ): ~ V

» Autoregression( )
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Canari
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Examples of configuration files for Canari

Displacement example

# Components
LL = LocallLevel(mu_states=[25.5],
var_states=[1],

£ std_error=0)

= 60 PD_y = Periodic(period=365.2422)

g PD_d = Periodic(period=1)

g 25.5 AR = Autoregression(

z _ _ std_error=param["1"],
2 1308 1404 15-01 15-10

Time [YY-MM]| phi=param["0.9"])

V = WhiteNoise(std_error=param["0.1"])
DSOS

# Model building
model = Model(LL, PD_y, PD_d, AR, V)

param["..."] are optimized using the Ray library

Professor: J-A. Goulet ? Polytechnique Montréal
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Examples of configuration files for Canari

Regime Switching Example

Configuration file

# Normal model

g3l gy toy model = Model (LL, AR, V)

= 12f — U

z 11

210 # Abnmormal model

& il _ ab_model = Model (LT, AR, V)

17-01 17-05 1708 1712
Time [YY-MM]
# Switching Kalman filter
skf = SKF(
norm_model=model,
] abnorm_model=ab_model,
A —~— std_transition_error=1e-3,
Model #1 Model #2 norm_to_abnorm_prob=1le-4,

abnorm_to_norm_prob=le-4,
norm_model_prior_prob=0.99)
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Canari

Practical Examples

Water Flow in a Dam 8

S
<4
Forecast
(‘(]6—()9 08-10 10-11 12-12 14-12
Time [YY-MM)|
104 (b) Irreversible behavior
6 Forecast
5 3
& O Training obs — Tefiing obs Forecast "0
P g ©
g 4 ~706-09 08-10 10-11 12-12 14-12
£ Time [YY-MM]
é ' (c) Speed of the irreversible behavior
0 06-09 08-10 10-11 12-12 14-12 ' Forecast
Time [YY-MM] N
(a) Raw time series: Flow rate [//s] <, 0 M
-4 06-09 08-10 10-11 12-12 14-12
Time [YY-MM]|
4 (d) Reversible periodic effects
Forocast
50 mottgtertnrte P | b
B
40500 0510 [PAV) 112

10-11
Time [YY-MM]
(e) Residual term that cannot be explained by the model
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Practical Examples

Ca

nari

Anomaly Detection

Displacement. [mm)]

Profess

Pr(anomaly)
o

--- Forecast
= Uncertainty Bound

— Observation

Forecast.

02-12

06-12 11-01

Time [YY-MM|

(a) Raw time series: displacement [mm]

15-01

19-02

Forecast

2-12

06-12 11-01

Time [YY-MM]|

15-01

(b) Probability that a system is in an abnormal regime

A. Goulet

19-02

Forecast

2-12 06-12 11-01 15-01
Time [YY-MM]

(d) Speed of the irreversible behavior

RVATATAAAVAVAVATATAVAVAVE

—wr TS
02-12 06-12 11-01 15-01 19-02
Time [YY-MM]
10-3 (c) Irreversible behavior
Forecast
0; 19-02

Forecast

-
2-12 06-12

11-01 15-01
Time [YY-MM]

(e) Reversible periodic effects

19-02

10 Forecast
O e
—10]
02-12 06-12 15-01

11-01
Time [YY-MM]

19-02

(f) Residual term that cannot be explained by the model
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Practical Examples

Quantifying the rate of change

53-01 68-04 83-07 98-10 13-12
Time [YY-MM]|

107 (b) Irreversible behavior

27 [°C/day]

30 -2
= 15 ’ - Ty -
i 0 { 53-01 68-04 83-07 98-10 13-12
S 15 Time [YY-MM]
—30 (c) Speed of the irreversible behavior
53-01 68-04 83-07 98-10 13-12 _ X I
Time [YY-MM] S
]
(a) Temperature YUL: Flow rate [°C] ER —10
53-01 68-04 83-07 98-10 13-12
HLTT\T = 0.17x107% C/day x 365days = 0.06°C /year Time [YY-MM]
LT 0.05°C (d) Reversible periodic effects
a = U. ear
TIT [y w0
P o5
- 0
2 5
= -0
53-01 68-04 83-07 98-10 13-12

Time [YY-MM]|

(e) Residual term that cannot be explained by the model
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Introduction

candari

Canari release on GitHub — July 1, 2025

» Preprocessing tools: Data loader, normalization
& time-synchronization

» Automated: model construction, parameter estimation
& state estimation

» Post-processing tools: export + plots
» An open platform where you can develop your own tools

Professor: J-A. Goulet ? Polytechnique Montréal
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Other Libraries

Other Python libraries for time-series forecasting

» Dynamax (K. Murphy @Google)

» Low-level library for the Kalman filter and smoother & +++
» General purpose library
» Require a manual definition of models

» Bayesian Structural Time Series/Causal Impact (Google)

» High-level library for time-series using the Kalman filter
» Several generic models to analyze a large number of time series
» Not best suited for the civil engineering reality...

Professor: J-A. Goulet ? Polytechnique Montréal
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https://probml.github.io/dynamax/
https://pypi.org/project/pycausalimpact/

Introduction

Context

Visual inspection data

structure
001 * % * %
002 * * I$ * *
~10000 % I$ * * *

2008 2010 2012 2014 2016 2018
année

> 10° data points
{1:5} per structure

Professor: J-A. Goulet

Year: 2017
Structure:  #002

X002 =

s

type
material
#£vehicule
location
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Context
Model structure

Kinematic equations
o

-~

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)
S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)

a
9 e
---..'~~
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OpenlPDM Summar

0e00

éOntEXt
Model structure

Kinematic equations
o

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)
S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)
S

Initial state: sq

2 3

=
N
Y
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0e00

éOntEXt
Model structure

Kinematic equations
o

-~

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)
S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)

S ( Predicted state:f(s1]so)

Initial state: sq
2 3 4

o‘
—
Y
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0e00

éOntEXt
Model structure

Kinematic equations
o

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)
S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)

S ( Predicted state:f(s1]so)

------ ko)
X
’\Observation: U1
0 1 2 3 4 t'
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0e00

éOntEXt
Model structure

Kinematic equations
o

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)

S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)

S

___:::_O/Updated state: f(s1]s0,v1)
e
’\Observation:m
0 1 2 3 4 t'
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Introduction

Context

Model structure

Kinematic equations
o

yi=S11+Vv = s+ sAt+ %§tAt2 + w + v (Position)
S.t+]_ = Slt + gtAt + w (Speed)
St41 = S+ w (Acceleration)
S
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Context

OpenlPDM
ooe

Inspector’s uncertainty
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The uncertainty must be estimated for each inspector
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Testing our model with synthetic data

Validation set — Synthetic data %
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0000
Testing our model with real data

Real data

[Google images]
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)O®@000

Testing our model with real data

Example — Real data =4

100 T \
& J’--'!"'O---o.__ -"¢"--¢--
R T1gg ---¢-"¢"'l---A ‘ I
= 950 I S Er= |
= Iggy +
= Iso
= )
3
O
2 85
=
g
£ 80
o5}
a
75 Il Il Il Il Il Il Il Il Il Il Il
O L D O N NI D DO 0N .99 S N
L’ A A A AAH XD D QY
ST TS

Time (Year)

Professor: J-A. Goulet ? Polytechnique Montréal

State-Space Models - Linear Model Structures | V2.4 | Proba c Machine Learning for Engineers



Testing our model with real data

Validation set — Real data =4
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Testing our model with real data

Quantifying the effect of interventions
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Testing our model with real data

Quantifying the effect of interventions
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OpenlPDM Library

OpenlPDM

Summar
0oe O

OpenlPDM

OpenBDLM
Tutorials are

Professor: J-A. Goulet

is available on GitHub — Zachary Hamida
available on the @Youlube channel
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°

Summary

Bayesian Dynamic Linear Model (BDLM):

Transition model

Observation model
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