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Motivation Oregon State

« Ocean waves will displace a robot

« Wave disturbances lend to increased
sensor drift

Source: National Geographic, 2012, R. D. Ballard

« Sensor drift reduces robotic observation quality

* Impending wave forces can be estimated

* Objective: keep a station-keeping robot stationary
under the influence of a wave field
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Related Work | CEEEES
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* Model Predictive Control (MPC)

« Path planning with
In situ ocean currents -
(Medagoda, 2012) BEE Tl g MPC for

Situ ocean * WEC power
UL optimization
 Wave Energy Converter input

(WEC) optimization
(Brekken, 2011)

« Station-keeping under water waves (Heidel, 1998)
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Parts of a Wave

* wave
; ¥heignt s
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Negl-igible water movement
below /2 wavelength

Y Ve~

Wave movement
Crest Crest

Trough Trough

Wavelength —— --l

Water S
- particle
motion

Source: Waves, Tides and Shallow-Water Processes, 1999, J. Wright, A. Colling, D. Park
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Water Motion under Waves - Oreoentate
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=02 @ Deep water wave
Q @ g e circular paths, exponential decrease with depth
‘ i - : e wlp=1,2 atz=—1,closeto 0 at z=—2,2
e Shallow water wave
Ty 9 e More lateral motion than vertical
Sl ———— e More elliptical with depth, virtually lateral at depth
e Transitional water depths
<<i>> - %D e Intermediate elliptical patterns E ‘5
S & = e Majority of waves in this work

1 1
¢ 3p wave ength = depth = ) wavelength ! )

Source: Waves, Tides and Shallow-Water Processes, 1999, J. Wright, A. Colling, D. Park ’ - -
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Water Motion under Waves - Oreoentate

e Deep water wave

Q @ Q e circular paths, exponential decrease with depth
" — : e wp=12 atz=—1m9, closeto 0 at ==—2
e Shallow water wave
e More lateral motion than vertical
: e More elliptical with depth, virtually lateral at depth
e Transitional water depths ¢
%) - %D e Intermediate elliptical patterns ; J@
R R = Sl = e Majority of waves in this work |

1 1
¢ 3p wave ength = depth = ) wavelength ! )

Source: Waves, Tides and Shallow-Water Processes, 1999, J. Wright, A. Colling, D. Park -



Simulation Setting (NETS)
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e North Energy Test Site

e Operational depth: 50m

e \/alidation of wave field

AWAC acoustic measurements
Deployed at NETS

August — October 2013

(600) 40 minute profiles (2Hz)

!laldport Hinsdale
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imulation Setting (NETS) Joresenitate

AWACS Heave Data for 25 September 2013, 6:00 A.M.
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Simulation Setting (NETS) < Oreaensiate

Real Data

AWACS Heave Data for 2 October 2013, 4:00 P.M.
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Random Seas e

e Superposition

o Sea surface can be represented by the
sum of sinusoids with component periods
(T), amplitudes (a), and phase offsets (¢)

/\U/\Uf\vﬂvf\v/\u/\ Auﬂ\/ﬂ\/ﬂ\jﬂ\/\\fﬂun /\Vﬂuﬂuﬂv/\uﬂ R B ‘@

Source: Waves, Tides and Shallow-Water Processes, 1999, J. Wright, A. Colling, D. Park - -— —




Oregon State

Input Wave Field onziate

Component Wave 1|2 |3 | 4
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Linear Wave Theory

e Assumes potential flow: .-

e Dispersion Relation: .r-gumniua
o Wavelength: L=gT12 /27 fanh (w12 d/g )13/4 ) ]12,/3
e \Vavenumber: =21/

an
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Water Motion under Waves
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e | ateral motion in transitional water
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Water Motion under Waves

e \ertical motion In transitional water
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Simulator (Fluid Motion) SO

Flow Velocity Vectors beneath a Monochromatic Wave, L =100m
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e SeaBotix vLBV300

Payload: 10kg

Depth Rating: 300m
Doppler Velocity Log (DVL) &
Inertial Measurement Unit (IMU) S ey SesBot
(6) 100mm brushless DC thrusters

Low light color camera with 180° vertical tilt




Source: Teledyne SeaBotix Inc.

N o o bk o Ddh -~

Port aft thruster
Electronics tube

Starboard aft thruster
Starboard vertical thruster
Starboard forward thruster
Port forward thruster

Port vertical thruster m
|2




Remotely Operated Vehicle - Oresentate

Parameter Symbol Value
. Density of Seawater Dica 1030 kg/m?
. D assa u |t S O I I d WO rkS Incident Area, x Ay 0.156 m?
Incident Area, z A, 0.273 m?
Moment of Inertia, x L 0.62 kg m?
Moment of Inertia, z L. 1.60 kg m?
. An SyS AQWA Dry Mass My 22.2 kg
Added Mass, x Madd.x 8.1 kg
Added Mass, z Madd. 36.7 kg
i

Drag Coeflicient, x Cd.x 0.8
Drag Coeflicient, z Cdz 1.06
Max Thruster Force J S0 20.7 N

Z Thruster Angle, Forward 05 35°
Thruster Angle, Aft 0, 45°
Thruster Angle, Vertical 0, 20°

X
e
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Dynamics

e System differential equation of motion:

Mv, = Fiprust + Fa + Fg + F.

e Simplify, sub inertia and drag relations:

, * g Y 1 : b
MaryVa - MyddVy = Fth.'ru.st T 5/—7.5'6(1.*’4‘i (.‘dIVr,~|V-r my)]
.
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Dynamics

e System differential equation of motion:

Mv, = Fiprust + Fo +/F(g —l—/F(c

e Simplify, sub inertia and drag relations:

) * Y Y 1 : b
MaryVa + MyddVy = Fth..'ru.st T 5/‘)36’@‘"—% Cd |VT|VT mg‘
=
(S
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Dynamics | e
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e Substitute ., such that ..-vwim:

7n’d7'y + Madd x X Fth:rust.,x I ‘nladd,x Vp,x pSé(L Ai,xCd.x ‘X - Vp,x‘(x — Vp,x)

Mgy + Madd.z y/ Fthsrust.,z Madd,z vp,z 2 Ai,zcd.z |Z - Vp.,z‘(Z - Vp.z)

e where: vig r=r and vig z=z

.
(5
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Dynamics

e |n state space form:

- 1T
Y=1|x %¥ 7 51 =AY +Bu+D

e Wwhere: r=via x and z=vla z

i
(s
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Dynamics
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Dynamics | e
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Dynamics

35

Vp.x
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Simulator

Water Depth, m

Vehicle Displacement: x =3.07m, z =-12.29m




Simulator (Drifting Robot)

Simulator at t =0 seconds.
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Vehicle Displacement: x =0.00m, z =-15.00m




Feedback Control

e Purely Reactive
e Use as base of comparison

e Position Derivative (PD) control

38



PD Controller LR

® POSitionaI ErrOr elP=Yltarget —¥in

® Derlvatlve ErrOr: elD=€elP, n—elP, (n—1)

° [wll w2 wl3 wld JTT=KIP, x elP, x+KID, xelDx

° [wd5 wl6 J[TT=KIP, zelP,z+KID, zeclD,z

i
(5
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PD Controller

® POSitionaI ErrOr: elP=Yltarget —¥in

e Derivative Error: ao-ce n-cir, -1y
° [wll w2 wl3 wld JTT=KIP x elP, x+ elDx
° [wd5 wl6 J[TT=KIP, zelP, z+ KD, Zé‘@ O
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PD Tuning

Simulator at t =0 seconds.
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PD Tuning < oresenztate

Feedback (PD) Controller Tuning
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Simulator (PD Robot)

Simulator at t =0 seconds.
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e State estimator
e Cost function

e Receding horizon

PAST
A

FUTURE

mmmmmmmmmm

k k+1 k+2

e Objective: Find the control actions that
minimize the distance between the desired

and predicted states.




Cost Function T
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wll:NTx =argmin+udl: NV J(udl:/V)
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e Perturb new control input by Jacobian

e Minimized as optimal control action is approached

af/ou=Jin—Jin—1 /uln —uln—1

m@|

. NG




Algorithm | TEEs

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and Y represents states in time and space.
1: procedure MPC( t, A\, robot, Tiarget )

2: n <+ 1

3: 1) < LOADSEASTATE( t, A\, Tinitiar )

4: while n < simulatorOff do

5: input - GETFORECAST( ¢, robot, A\, Tiurget, 7 )
6: robot <— MOVEROBOT( t, robot, A, input, n )

7: n<+<n-+1

48




Algorithm | TEEs

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and T represents states in time and space.
. procedure )/ PC'@\, robot, Yiarget )
- n <+ 1
1) < LOADSEASTATE( t, A\, Tinitiar )
while n < simulatorOff do
input - GETFORECAST( ¢, robot, A\, Tiurget, 7 )
robot <— MOVEROBOT( t, robot, A, input, n )
n<+<n-+1

[

= W N

NS
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Algorithm | TEEs

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and Y represents states in time and space.
: procedure M PC( t( \,)robot, YTiarget )

[

2: n <+ 1

3: 1) < LOADSEASTATE( t, A\, Tinitiar )

4: while n < simulatorOff do

5: input - GETFORECAST( ¢, robot, A\, Tiurget, 7 )
6: robot <— MOVEROBOT( t, robot, A, input, n )

7: n<+<n-+1
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Algorithm | TEEs

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and Y represents states in time and space.

. procedure M PC( t, /\Ym,,»get )

[

2: n <+ 1

3: 1) < LOADSEASTATE( t, A\, Tinitiar )

4: while n < simulatorOff do

5: input - GETFORECAST( ¢, robot, A\, Tiurget, 7 )
6: robot <— MOVEROBOT( t, robot, A, input, n )

7: n<+<n-+1
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Algorithm | TEEs

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and Y represents states in time and space.

1: procedure M PC( t, A, robot)

2: n <+ 1

3: 1) < LOADSEASTATE( t, A\, Tinitiar )

4: while n < simulatorOff do

5: input - GETFORECAST( ¢, robot, A\, Tiurget, 7 )
6: robot <— MOVEROBOT( t, robot, A, input, n )

7: n<+<n-+1
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Algorithm  OregenState

Algorithm 1 MPC for ocean wave station-keeping where ¢ is a time vector, A
contains all relevant wave spectra data, and T represents states in time and space.
1: procedure MPC( t, A\, robot, Tiarget )

5.
3: 1 <~ LOADSEASTATE( £, A\, Yinitial )

4: s ~ SIII LOI'UIl AC

5: input <— GETFORECAST( ¢, robot, A\, Tiarget, )
6: robot «<— MOVEROBOT( ¢, robot, A, input, n )

7: n<+<n-+1

53




Algorithm Oregon State

Reference
Wave Field Trajectory

Approximation

Predicted State

Future
Control
Actions

Cost

Optimizer BN —
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Algorithm Oregon State

Reference
Trajectory

getParticles( )

. Predicted State
stateEstimate( )

Future
Control
Actions

getJacobian() getCost()
Errors
55




Algorithm | TEEs

13: while 7 < maxlterations and 0 > exitCriteria do
14: Ujrq < U; — O

15: for ke [1,2, .., N]|do

16: V. Vp GETPARTICLES( t, T;(k), \)

17: N v, Vp

18: Yii1(k) « STATEESTIMATE( ¢, robot, A, u,.1(k) )
19: Jiz1(k) <= GETCOST( Yiarget, TM(A ) )

20: 0 < GETJACOBIAN( J;, Jio1, u;, Uiy )

21: U; < Uiy

22: J; — Jiq

23: T, +— T,

24: 14— 1+ 1

| N}
(&)}
(o]

return wu;,




Algorithm  OregenState

13: ations and 0 > exitCriteria do
14:

15: T N }do

16: V. Vp GETPARTICLES( t, T;(k), \)

17: AN, v,

18: Yii1(k) « STATEESTIMATE( ¢, robot, A, u,.1(k) )
19: Jiz1(k) <= GETCOST( Yiarget, Yi+1(A ) )

20: 0 < GETJACOBIAN( J;, Jio1, u;, Uiy )

21: U; < Uiy

22: ]2 <— ']i+1

23: T, + T,’+1

24: 1 — 1+ 1

2 57 return ;.




Simulator (MPC Robot)

Simulator at t =0 seconds.
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Vehicle Displacement: x =0.00m, z =-15.00m
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Results

e Determine best performing horizon
e MPC performance versus PD control

e Resistance to noisy sensor observations

an
60 , J



ldeal Horizon

Horizon. s| 0.2 | 04 | 0.8 | 1.0 1.6 2.0 3.0

€re.m | 502 211 10.79] 065 | 0.29 | 0.05 | 9.0E-6
Y toaes s | 16581 507.1193.8(233.2| 7808 | 21886 | 101252
tCales S 6.90 | 2.11 10.39| 0.97 | 32.53] 91.19 | 421.88

e 0.8s best balance of low error and time

e Poor performers on low & high end
20 5

e Total time: 240 s discretized by 0.2s JQJ

61



MPC Performance < )

RMS Error Compared
I I

102: T

10" L

RMS Error

10°¢

PD Robot MPC Robot
Ermvs = 3.096 M Ervs = 0.789 m

Drifting Robot
Ervs =48.434 m

107!

o L .. e
e /4% reduction in position error over PD r\j
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MPC Performance < reoen

Wave Height Time Series
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Performance D B i

Thruster Inputs over Time
I
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Impact of Gaussian Noise

e Observations of perceived wave state
e H term assigned maximum variance

e Minimal localization noise assumed

e Deterministic PD case

a5
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Simulator (MPC w/ noise)

Simulator at t =0 seconds.

-
=
°
=
=
=
<
=

Water Depth, m

| |
4 2 0 2 4
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Impact of Gaussian Noise

e 50 simulations

e getForecast() gets new noisy wave field at n" step

e 44% reduction over PD

° eIRMS =1.737m
° 0=0.059

e Notable run time increase

a0 5
67 7 J
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A feedforward control (MPC) method that can forecast
and compensate for impending wave forces

Application of the MPC algorithm to a simulated station-
keeping robot

Comparison of the MPC algorithm against traditional
feedback (PD) control

Algorithm resistance to noisy sensor observations of wave
field parameters.

Recommendations for choosing a prediction horizon



Future Work

e Real-time wave prediction methods

e Neuro-Evolutionary control methods

e Hydrodynamic simulation software packages
e System dynamics expanded

e More efficient optimization

69
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