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i Presentation Outline

= The Magnetohydrodynamic (MHD) energy bypass
engine

= Electron beam sustained MHD

= Analytical modeling

= Therole of control

= Cost-to-go design for optimal control using Neural
Networks

= Implementation details and preliminary results
= Summary and future work



The MHD Energy Bypass Engine
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Electron Beam Sustained MHD
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i Analytical Model

= Assumptions;
= One-dimensional steady state flow
= Inviscid flow
= No reactive chemistry
= Low Magnetic Reynolds number

= ‘X-t" equivalence



Flow Equations

= Continuity Equation:
- dinate along the channel
d A X - COOr
(PuA) = 0o - Fuid density

dx U - Fluid velocity
A - Channdl cross-section area

= Force Equation:
P - Fluid pressure

du + dP =—(1- k)0u82 K- Loa_d factor N
dx dx o - Fluid conductivity
B - Magnetic field




Flow Equations...
= Energy Equation:

2
d(ye+-)
pu— 2_ = -k(1-k)ou?B?+Q,
X

& - Fluid internal energy
Q - Energy deposited by

the e-beam

= Continuity Equation for the electron number
density:

d(n,u) _ 2pEy _ B N, - Electron number density
dx  eYZ ) j, - Electron beam current
&, - E-beam energy
Z- Channel width




i The Role of Control

Electron beam current as the control element
Maximizing energy extraction while minimizing
energy spent on the e-beam ionization

Minimizing adverse pressure gradients

Attaining prescribed values of flow variables at the
channel exit

Minimizing the entropy rise in the channel



i Performance Index

= Minimize
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Optimal Control using the Approach of
Parametric Optimization
For agiven system:
X(k+1) = f[x(k),u(k), K]

Parameterize a control law as:;
u(k) =u[x(k),G]

To maximize a performance index (minimize a cost
function)

3 = gx(),uT)]+ Y {LIXG +D.u()]

Equivalently minimize the cost-to-go function,

V (K) = @ x(T),u(T)] +i{L[x(k+i,u(k+i -1}



Motivating the cost-to-go approach

Linear time invariant system:

x(k +1) = Ax(K) + Bu(k)
Parameterizing,
u(k) = Gx(k)

U

X(k+i) = (A+BG)'x(k)

U

V(k.G) =%Zr:[x(k+i)TQ>(k+i)+U(k+i —1)' Ruk+i-1)]

=“XK' Y(A+BG A+BG) +(A+BG T G'RAA+BG MK)



Modified Approach:

Parameterize as,

u(k) = Gx(k)
u(k +1) = G,x(K)

J(k+r ~1) = G, x(K)

U

x(k+i)=(A + A7BG, +...+ ABG _, + BG )x(k)
V (k) :%x(k)T[(Ar +...+ ABG _, +BG, )" Q(A" +...+ ABG _, +BG))

+..+(A+BG,)"Q(A+BG,)) +G.'RG, +...+G, RG,]x(K)

Solution with a unigue minimum



Formulation of the Control Architecture

NN Controller

Use of the modified approach to formulate the control
architecture

Instead of asingle controller structure (G), need ‘r’ controller
structures

Outputs of the ‘r’ controller structures, generate u(k) through
u(k+r-1)

Parameterize the ‘r’ controller structures using an effective
Neural Network

Neur al u(k)
M, Network | 90FD
Controller [uk+r-1)




Formulation of the Control Architecture:

NN Cost-to-go function Approximator

Parameterize the cost-to-go function using a Neural Network (CGA
Neural Network)

|nputs to the CGA Network:

X(K), u(k),...,u(k+r-1)
Use the analytical model, or a computer simulation or the physical
model to generate the future states.

Usethe ‘r’ control values and the ‘r’ future statesto get the ideal
cost-to-go function estimate.

V(K) :%i[x(kH)TQx(kH) +u(k +i =) Ruk +i -1)]

Use thisto train the CGA Neural Network



CGA Neural Network Training
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Neural Network Controller Training
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Bringing Structure to the CGA Network
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Salient features of the

i formulation:

Simplification of the optimization problem

Decoupled CGA Network training and the controller
Network training

Introduction of structure in the CGA Network
Same basic architecture for linear or nonlinear systems.

Data-based implementation - No explicit analytical model
needed

Adaptive control architecture with the use of Neural
Networks



Translating the approach to the
MHD problem

= Intermsof the ‘x-t” equivaence, the problem istime-
dependent

= Optimization equivalent to the fixed end time optimal
control

= Procedure:
= Defining subnets
= Parameterizing and training the subnets
= Arranging them together to get the cost-to-go function V(0)
= Parameterizing and training the Neural Network controller




Defining and Parameterizing the subnets

= Continuoudly spaced e-beam windows
o} \ Pii1 each having alength of 1 cm
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Training Results for Subnet 1

o GHWF WWMW

~—Or

ensﬁy(kg/ms)
o

00000

500
datapoints o datapoints

s b

00000
0

500
datapoints datapoints

Testing Subnet 1, ‘ /7’ - Ouput value given by subnet 1, ‘0’ — Error between the
subnet 1 output and the ideal value given by the simulation



Training Results for Subnet 10
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i Conclusions

= Formulated the problem of performance optimization
of the MHD Generator as an optimal control problem

= Implementation in terms of the cost-to-go approach
= Subnetstrained upto order 10

= Higher order subnets built by cascading the trained
lower order subnets




Future work

= Arranging the subnets with the fixed Network layersto
capture the cost-to-go function.

= Training aNeural Network controller to be optimal.

Conference Papers.
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