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Abstract. The reinforcement learning is a well-known approach for
solving optimization problems having limited information about
plant dynamics. Its key element, named “critic” is aimed at pre-
diction of future “punish/reward” signals received as a result of
undertaken control actions. The main idea in the present work is
to use such a “critic” element for prediction of approaching alarm
situations based on limited measurement information from the
industrial plant. In order to train the critic network in real time
it is proposed to use a special kind of a fast trainable recurrent
neural network, called Echo State Network (ESN). The approach
proposed is demonstrated on an example for predictive mainte-
nance of a mill fan in Maritsa East 2 Thermal Power Plant.

Introduction

Reinforcement learning (RL) aroused as a method for
training of artificial neural networks “by experience”, rather
than “by examples”. It was created to mimic animals’
behaviour in an attempt to explain Pavlovian conditioning
[1]. Later on RL was also recognized as an approximation of
Bellman’s dynamic programming method [2], that is well-
known in control community. During the last thirty years
the theoretical developments in this field (a very detailed
retrospective can be found in [12]) have led to methodologies
known as Neuro Dynamic Programming (NDP) [3] and
Adaptive Critic Designs (ACD) [14], also commonly known
as Adaptive Dynamic Programming (ADP).

The core of this group of methods is the approximation
of Bellman’s equation for the current time instant, using a
neural network called “heuristic adaptive critic”. The result
obtained by such a “critic” prediction is named a “value
function”. Originally it was the discounted sum of future
values of a binary “punish/reward” signal coming from the
animals’ environment as a result of some actions undertaken
by them. Later it was replaced by a more complicated utility
function representing the outcomes or losses that have to
be maximized or minimized respectively. The predicted result
by the well trained critic “value” is used to optimize the
controller or “actor” behaviour in terms of RL. Different
training schemes for adaptive critic design in dependence
on the presence or absence of a model of the plant [14, 16]
were developed. In both cases the critic was trained, using
Temporal Difference (TD) error [17], thereby mimicking the
brain’s ability to learn how to predict future outcomes on
the basis of previous experience without awaiting the results
of the future actions.

The main aim of the predictive maintenance of industrial
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plants is prediction on time of any undesirable future
regimes, based on the available story of the on-line
measurements of some key variables. If an exact model of
the plant is available, it could be easily used for prediction
of its future states and hence, the current working regime
of the plant. However, real industrial plant identification by
an adequate model is usually a hard task. In spite of this,
experienced plant operators are able to predict future alarm
situations based only on available real time measurements.
Similarly, in terms of RL, a well trained critic is able to
predict future rewards or losses without any model of the
environment and using only some sensory inputs. This
analogy provoked the approach presented in this paper: to
train an adaptive critic able to predict on time the approaching
alarm conditions of an industrial plant using only the
available measurements information, without the need of an
adequate plant model. The approach suggested is
demonstrated on an example for predictive maintenance of
a mill fan in Maritsa East 2 Thermal Power Plant.

Adaptive Dynamic Programming
and Reinforcement Learning

The common optimization task is defined as follows: for
a given discrete dynamical plant described by the model
S(k+1)=F(S(k),a(k)),k=0,1,... N—1, find such control policy
a(l),a(2), ...,a(N-1)},thatmaximizes (minimizes) a given utility
function U(k)= G(S(k), a(k)),k=0,1,... N—1at all time instants
k. Here S(k) denotes the current plant state and a(k) — the
currently applied action.

The dynamic programming method proposes the
following decision of this optimization task: maximize (minimize)
the discounted sum of the utility function

N

S AU+ k) alt+ k)
k=0
by solving N maximization (minimization) sub-tasks
backwards starting from the final time instant to the initial
one as follows:

m  J(S(ehalk))=

@) J(S(N),a(N))=U(S(N),a(N))— max(min)

3) J(S(k).alk))=maxmin){U (S (k).alk))+ /(S +1))}
a(k) €A
Here 0<7y<1iscalledadiscountfactor. The lastequation

is the well-known Bellman’s equation.
Created to overcome the well-known “curse
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Figure 1. Adaptive critic design

of dimensionality” of this approach, Adaptive Critic Design
(ACD), which basic scheme is shown in figure 1, proposes
approximation of Bellman’s equation using some non-linear
dependence (usually a neural network model)
J(S(k), a(k)) = J (k). This approximation model is called an
“adaptive critic” or briefly “critic”.

Obtaining such model allows to solve the optimization
task in a forward manner by maximizing (minimizing) the
currently predicted discounted sum of future utilities J. The
adjustment of the action network (the dashed lines in
figure 1) is done by a gradient method using a critic network
to calculate the derivatives of J with respect to the actions
applied to the plant.

Here the focus is only on training of the critic neural
network that is able to predict the current value function J.
The training of such NN critic is aimed at minimization of the
temporal difference error that comes from the postulation
that the critic must approximate the right side of Bellman’s
equation (3), i.e.

@) TD _error(k)= J N (k)-U(k)- ¥ AN (k+1)

Hence, the square error that has to be minimized is

5) || E(k)” = TD_error(k)2

Adaptive Critic Training
for Predictive Maintenance

For the purpose of predictive maintenance it is proposed
here to use only the critic part from the overall ACD scheme
(figure 2). The dashed lines represent the information flow of
the parameter tuning algorithms for the critic network. The
dotted-line arrow for the utility function intends to show that
this is not the actual input to the critic NN, but it is only the
information supplied from the external environment (or
experienced operator) needed to calculate the current temporal
difference error. The proposal here is to replace the utility
function U (k) by the current working regime of the plant. This
working regime is determined on the basis of the plant current
state using some expert information about its meaning to the
technologists. It can be defined by a linguistic variable having
linguistic values like satisfactory, good, deteriorating or
critical. These linguistic values can be associated with
consecutive numbers starting from “0” for regimes that are far
from the critical pointand increasing for regimes approaching
any emergency situations of the plant. For example, the above
described four linguistic variables can be associated with the
numbers called “cases” C as shown in table 1.

TD_error(k)=J(k)-C(k)-»J(k+1)

A 4

S(k)

- T (k )~ J(S(k) alk))

S
Figure 2. Adaptive critic training scheme
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Table 1. Plant working regimes defined as cases

Wo.rking Cacenumber
regime C

Good 0
Satisfactory 1
Deteriorating 2
Critical 3

Hence, the bigger the case number is, the closer the
probable plant alarm situation is. Then if the utility U (k) is
replaced by the current case C(k), we can train a critic NN able
to predictdeterioration of the plant working regime for predictive
maintenance purposes, i.c.

N
© JS()alk))= > /K C(S(e+k).alk))
k=0

The plant state S (k) could be replaced by a vector of
all available real-time measurements from the plant.

The advantages of such an approach are:

a) It does not need an adequate plant model to predict
its future state.

b) Using of NN critic allows its on-line adaptation, e.g.
by introduction of a feedback by an experienced plant
operator about the current plant regime or when some new
information is available.

Echo State Networks (ESN)

Since real industrial plants are non-linear and with
time delays, approximation of the utility function (and its
discounted sum J) will need a dynamic neural network, i.e.,
Recurrent Neural Networks (RNN) are proper candidates.
However, their training in real time is prevented because the
more complicated algorithms work slowly. That is why in
the present study the use of a recently developed fast
trainable RNN structure, called Echo State Network (ESN) is
proposed. ESNs are a kind of recurrent neural networks that
arise from the so called “reservoir computing approaches”
[13]. The basic ESN structure is shown in figure 3.

win

k)

reservoir

The ESN output vector J (k) for the current time
instance k is usually a linear function of its input and
current state

IE)= (o o). X))

Here in (k) is a vector of the network inputs and X
(k) is a vector composed of the reservoir neural states; fOU!
is a linear function (usually the identity), WOU! is a trainable
n X (n, + n,) matrix (here 1y, iy and ny are the sizes of
the corresponding vectors y, u and X). The neurons in the
reservoir have a simple sigmoid output function f¢S
(usually tanh) that depends on both the ESN input u (k)
and the previous reservoir state X (k — 1)

X(k)= freS(Winin(k)+ wes x (k- 1)),

Wil and W'eS are n. X n, and n, X n, matrices
that are randomly generated and are not trainable. There are
different approaches for reservoir parameter production [13].
A recent approach used in the present investigation is
proposed in [15]. It is called Intrinsic Plasticity (IP) and
suggests initial adjustment of these matrices, aiming at
increasing the entropy of the reservoir neurons outputs.
ESN training can be done in an off-line or an on-line mode.
For on-line training, the RLS algorithm [5] was proposed.

Mill Fan Working Regimes
Prediction

The proposed approach is tested on an example for
prediction of the current working regime (“case”) of a mill
fan in Maritsa East 2 Thermal Power Plant. The mill fans are
a basic element of the dust-preparing systems of steam
generators with direct breathing of the coal dust in the
furnace chamber. They are a part of the equipment of power
units that are most often repaired due to intensive erosion
of the operative wheel blades in the process of grinding of
low-calorific lignite coal.

In the previous works [4,9] the data archived by the
installed on site Decentralized Control System of Maritsa
East 2 about a mill fan rotor vibrations (), dust-air mixture
temperature (7) and the plant controller action (4) were
analyzed. The observation period is 01.06.2010-06.11.2010.

woul - i)

Figure 3. Echo state network structure
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Figure 4.
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Figure 5. ESN critic for predictive maintenance
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Figure 6. ESN case predictor for y=0.5 and "zoom" for a chosen period of time
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Figure 7. ESN case predictor for y=0.9 and "zoom" for a chosen period of time
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Table 2. Mill fan working regimes defined as cases

Working
regime

Cacenumber
C

Stopping

Starting

Stable work

N =]

Deterioration

The period chosen allows process analyses before (the
period 01.06-31.10.2010) and after (the period 01-06.11.2010)
the replacement. All measurements are taken at 1 min
intervals. Based on the available expert information and on
the analysis of the available data trends, four different
working regimes of the mill fan, called “cases” were defined
[9] and shown in table 2.

In [10] the on-line measurable data were clustered
using a “blind” separation algorithm from [11]. It also revealed
four distinguishable working regimes of the mill fan. The
results from “blind” clustering of the data were further used
to derive a Takagi-Sugeno fuzzy rule base with a linear

function of the input variables. The fuzzy rules have the
following form:

If Tis It and V'is Iv.and A is la, Then case is C,

Here /t, Iv, and la, are linguistic values of the
corresponding linguistic variables 7, V' and A4 in the i-th fuzzy
rule, C. is a linear combination of the crisp values of the input
variables as follows:

Ci=aT+bV+dA+e

Here a, b, d. and e, are constants corresponding to
i-th fuzzy rule. The fussy rule base was trained with ANFIS
algorithm in Matlab using “blind” data classification [10] to

Figure 8. Predictions of the ESN critic in comparison to the real case for both y=0.5 and y=0.9
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replace experts’ knowledge. Figure 4 represents the working
regimes classification of all available data from the mill fan.

The approach proposed in the previous section for
training of NN critic for predictive maintenance of the mill
fan was tested. Figure 5 represents the scheme for training
of the critic for predictive maintenance. The vector of the
plant state variables contains the available real time
measurements, i.e., S (k) = [V (k), T (k)]. Hence, the overall
input of the critic is in (k) = [S (k) A (k)/. The utility
function was replaced by the case number C (k). The fuzzy
rule base was used to replace the plant operator that is
intended to provide expert evaluation of the current working
regime C (k).

On-line RLS training of the critic ESN was applied
since the previous investigations [7,8] showed better results
in comparison to the batch algorithm. The training data is
the same as the presented in figure 4.

Figure 6 and figure 7 demonstrate predictions of the
trained ESN critic in comparison to the real cases, as they
are determined by the developed fuzzy classifier for two
values of the discount factor — y = 0.5 and y = 0.9
respectively.

In order to demonstrate the preventive prediction of
the critic network, “zoomed” parts of both figure 6 and
figure 7 are compared in figure 8. The vertical dashed lines
mark some points, from which it is clear that the critic
output increases by several time steps, while the plant
working regime number increases in both cases (y= 0.5 and
vy = 0.9). The horizontal dotted lines mark a value around
which the critic output is found in both cases. It becomes
clear that the bigger vis, the bigger the output of the critic
is, since the horizon of the discounted sum is bigger.
However, there is no significant effect of the value of the
discount factor on the time, when the prediction from the
critic arrives.

Conclusion

The proposed here approach of ACD for predictive
maintenance of an industrial plant allows training of a
predictor of the possible alarm situations in the plant using
only the available on-line measurements. It is not necessary
to obtain an adequate and accurate plant model in order to
predict correctly the future plant state, but it rather relies on
a “learning by experience” approach. Additionally, adopting
a fast trainable recurrent NN structure — ESN, allows also
the on-line re-adaptation of the predictive critic network
following the new information and accounting for the human
expert advice.

The future work will be focused on development of
the second level of the ACD scheme — the action network.
It could be in the form of a rule-base that will serve as an
operator advisor. These levels have to be trained in order
to generate proposals for possible actions preventing any
approaching alarm situation.
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