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NNs 1n control

Traditional control methodologies are mainly based on linear systems

theory, while real systems are nonlinear in nature.

NN are good at control because:

* The inherent massive parallelism.

* Fast adaptability of neural network implementations are additional
advantages.

* Powerful learning algorithms and Variety of architectures

* The ability to train the NNs from input/output functions and/or
experiential data.

* NNs provide simpler solutions to complex control problems.

* The success of the backpropagation algorithm to train multilayered
NN:ss.



NNs 1n control

NN are used 1n control applications such as:

* Process control
* Robotics

* Manufacturing
* Aerospace

The basic objective of neuro-control 1s to provide the appropriate
input signal to a given physical system (process or plant) to yield its
desired response (desired performance).

There are typically two steps involved when using NNs for control:
 System (plant or process) identification and
 Control design.



Direct adaptive control

\ _

V(k) u(k) vp(k)
———-  CONrOller | r— Plant

\ e(k)

Figure 5.3 Block diagram of direct adaptive control system

* One advantage 1s that no 1dentification 1s involved in this method.
* The disadvantage of the direct NN control 1s that the plant’s 1nitial
stability 1s not guaranteed for this method of control.

* The Jacobian of the plant 1s required which 1s difficult to obtain if
the plant dynamics is not known a priori



Direct NNs control
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Figure 5.6 Direct (or specialized learning) control architecture




Indirect NNs control

* The added advantage of indirect control is that the parameters of the neuro-
emulator can be readjusted online during operation of the controller if the
neuro-emulator appears not to be accurate.

* Among the disadvantages of the indirect control scheme appears to be the
robustness of the controller, as there is no feedback loop used in the control

strategy.



Indirect NNs control
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Backpropagation-Through-Time Control
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Figure 5.8 Backpropagation-through-time architecture



‘NNS direct inverse control
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NN direct inverse control
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Disadvantages of direct inverse control include:

* Lack of robustness, resulting from the fact that no direct feedback
error 1s used in direct inverse control.

 Inefficient learning, caused by improper operational range of data.

* Actual operational data may be hard to define a priori.



NN-based MPC
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Figure 5.10 NN-based model predictive control
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NN-based MPC
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Figure 5.11 Block diagram of model predictive controller

The main disadvantage of MPC is that the controller requires a
significant amount of online computation, because an optimization
algorithm 1s performed at each sample time to compute the optimal
control input.



Direct Model-reference adaptive
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NN-based MRAC poses stability problems for
nonlinear plants.



Indirect Model-reference adaptive
control
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NN-based self-tunning control
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Figure 5.13 NN-based self-tuning control




NN-based self-tunning PID
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Figure 5.14 NN-based self-tuning PID control



h\TN—based self-tunning PID control
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Figure 5.15 NN-based indirect STC for PID controller

—
Delayed =

signals -




NARMA-L2 Control (feedback linearization)

There are two steps involved in the NARMA-L2 control
design: systems 1dentification and control design.

vik+1)=d[y(k), vk —=1),..., vik —n+ 1), ulk),utk —1),..., uk —n—+1)]

uk)="r[vk), yk—=1),....,.vck—n+ 1), vy(k+d),u(k —1), ..., uk —m—+1)]

) vk +d)— flvk), vk —1),..., vik—n+1),uk—1),..., uk —n—+1)]
u(k) =
glvk), v(k —1), ..., vik —n+D,uk—1),..., uk —n+1)]

The feedback linearization is a systematic approach for nonlinear
control system design. The central 1dea 1s to transform nonlinear system
dynamics into linear dynamics by cancelling the nonlinearities so that
known linear control techniques can be used to design controllers.



NARMA-L2 Control (feedback linearization)

The NARMA-L?2 approximate model is parameterized using two neural networks denoted
f and 2, to be used to identify the system:

-~

vk+1)= flvk),v(k—=1),....,v(k —n+ 1), u(k — 1), ..., ulk —m—+1)]
+olvk),vik—=1),....v(k—n+1),utk —=1),...,u(k —m -+ 1)] - u(k)




NARMA-L2 Control (feedback linearization)
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Figure 5.16 Block diagram of NARMA-L?2 controller



Reinforcement Learning and Adaptive Dynamic
Programming for Feedback Control

Value Update Using Bellman Equation

Vi1 (X0 = (X b (x0) + vV, 1(Xes 1)
Use RLS Until Convergence

CRITIC—Evaluates
the Current
hj . 1 () = arg min (r (%, ug) + Wi, 1(X, 1)) Control Policy

Uk Control Policy Update /' (X Xk, 1, 7 (X By(x)

Reward/Response
from Environment

implementsthe |~ system/ |

antrol Policy Control 1
_ Action System
J Output

»

Figure 3. Reinforcement learning using policy iteration. At each time one observes the current state, the next state, and
the cost incurred. This is used to update the value estimate. Based on the new value, the action is updated.

http://www.derongliu.org/adp/adp-cdrom/Lewis-CAS-ADP-proof.pdf
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