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Abstract

This work analyses the faults consequences in MSF plants. This analysis will help to design an optimal
action plans in order to mitigate the faults effects. The nature of the faults consequences are studied at two
levels: process level and mathematical level. At the first one, faults are grouped according its effects over the
process state; at the second level, they are grouped according the mathematical features of its consequences
analyzed as functions of time (i.e. signals).

The study was carried out by using a dynamic simulator for MSF desalination plants. It takes into account
the heaters and stages dynamic, hydraulic, standard instrumentation and control systems. This simulator was
developed to study the effects of faults that may affect a MSF plant. In order to extend the results scope, the
simulator allows the modification of topology and parameters into a wide range. Indeed, it is possible to change
the number of stages belonging to the recovery and rejection sections, controllers’ parameters (set point, integral
time and gain), valves size, pumps characteristics, sea water conditions, stages and heater dimensions, etc. Since
faults simulation is the main simulator goal, the model and its resolution were carefully designed to enhance
stability and speed. The user can select the fault to simulate among a set of possible faults (fault in controllers,
sensors, pumps, etc.), and can specify the activating time (at which the fault starts), the developing time (time
elapsed from the fault start up until the fault reaches its maximum magnitude) and the fault magnitude. Thus, it
is possible to simulate step and ramp perturbations. The simulator was tested with data from real plants and it
has shown a good performance.
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1. Introduction

This work studies the faults consequences
in MSF (Multi-Stage Flash) plants. This ana-
lysis will help to design an optimal action
plan, for each abnormal situation, in order
to mitigate the faults effects. Those plans
may be given to the operator as a manual of
emergency procedures, or may form part of
the knowledge base of a supervision system
[1]. Fig. 1 shows the structure of the super-
vision system considered in this work.

The detector processes the sensors signals
provided by the acquisition system in order to
normalize them. Those normalized signals are
then analysed by the diagnostic system and
the evaluator. The diagnostic system pro-
cesses the normalized signals provided by
the detector to determine whether the process
state is normal or not. In the last case, the
diagnostic system determines the cause of the
abnormal process state; this cause may be: a
damaged piece of equipment, an operator’s
action, an alteration of the process input, or
any other perturbation. Here, all those causes
are considered as faults [2]. Finally, the eva-
luator elaborates the best action plan accord-
ing to the detector and diagnostic system
outputs.

When a given fault affects a plant, a pro-
cess parameter or variable is directly affected
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by it; then, that original perturbation propa-
gates itself throughout the plant taking the
process variables away from their normal
values. The evolution of the process variables
is a function of the process and the fault
characteristics. In this way, there will be dif-
ferent evolutions depending on which process
parameter or variable is directly affected by
the fault, and on the form of this original
perturbation. In this work, the form of that
original perturbation is established by three
parameters: the activating time a, the magni-
tude M and the developing time td. The first
one is the time at which the fault happens.
The second one specifies the maximum mag-
nitude by which the normal value of the pro-
cess parameter or variable directly affected by
the fault will be changed. The last one desig-
nates the time elapsed between the perturba-
tion start-up with null magnitude and the
perturbation full development when it reaches
the maximum magnitude [3].

For each sampling time, every Af, the
plant readings are processed by the detector
whose mission is to compare the current vec-
tor of readings X (with an element for each
measured variable) with the respective vector
of values of the normal evolution X7n. The
detector output is a vector of normalized
deviations 8X. This vector is sent to the

Normal
bands

Fig. 1. Supervision system structure.
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diagnostic system, which determines for each
potential fault the magnitude M, the activat-
ing time fa, the developing time td and the
certainty supporting the considered fault p
(a number between 0 and 1). At a given time,
the certainty supporting a particular fault
indicates the degree of matching between the
already observed process evolution and the
expected one for that fault. A null value
means that there is not matching at all; con-
versely, a value equal to one implies a full
matching; intermediate values indicate inter-
mediate degrees of matching. Therefore, the
fault with maximum p" is the most serious
candidate to be the real fault affecting the
plant [4,5].

On the other hand, the evaluator processes
both the detector and diagnostic system out-
puts in order to evaluate the gravity of the
present process state. Then the best action
plan, according to the situation, will be
selected—or generated—and presented to the
operator. This plan can be divided in two
parts: the first one aimed to the conse-
quences, and the second one aimed to the
causes. The first part considers preventive
actions to avoid further consequences,
whereas the second part takes into account
corrective actions to eliminate the fault affect-
ing the process.

To accomplish its mission, the evaluator
analyses the symptoms (i.e. abnormal values)
shown by the process, and immediately ela-
borates a plan of preventive actions. As the
process evolves, the diagnostic system may
count with enough information to identify
the fault. This new datum may be used by
the evaluator to reformulate the preventive
plan, and to elaborate a corrective one.

The design of suitable action plan
demands a deep knowledge of the faults con-
sequences in the process as well as appropri-
ate criterions to evaluate their gravity. This
work present criterions and tools to perform

that evaluation. Those elements were tested
by apply them to a MSF plant. A dynamic
simulator was utilized to emulate the acquisi-
tion system outputs. As result, a complete
ranking of fault gravity is obtained, where
the faults are classify from not dangerous
(they only require corrective actions or no
action at all) to extremely dangerous (they
require both corrective and preventive
actions).

2. The studied process

Fig. 2 shows the MSF plant structure
adopted in this work. That plant is a series
of flash unities (stages) where sea water is
evaporated to obtain distilled water [6]. Addi-
tional vapour streams are produced from par-
tial evaporation of condensate. To reduce
corrosion problems, the heater temperature
must not be higher than 120°C and the sea
water stream must be properly treated. To
minimize costs, a fraction of the concentrated
brine is recycled. This recycled flow is limited
by the salt maximum admissible concentra-
tion, which depends on materials and the
equipment useful life. The brine and product
evolve in counter-current flow in relation to
the recycled brine. The temperature difference
is the driver force to produce vapour conden-
sation and, simultaneously, feed preheating,
which take place in the condenser that is
located at the top of each stage. Vapour con-
densation and a vacuum pump preserve the
pressure gradients among successive stages.

The plant has N stages; the first M ones
belong to the recovery section, whereas the
remaining ones belong to the rejection sec-
tion. There are also six P + I controllers,
which enable to set the operation conditions
for the heater, feed, recycle and last stage
level.

A dynamic simulator was implemented by
using Delphi 5.0 (Inprise Borland), a
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Fig. 2. MSF plant. Controllers: 7, temperature; L, level; F, flow; R, rate.

computer visual language [3]. The simulator
interface allows the full specification for both
the process conditions (i.e. topology, equip-
ment parameters, operation conditions, etc.)
and the simulation conditions (i.e. initial
state, simulation final time, faults, etc.). It
also plots outputs and can export them in
traditional spreadsheet format.

To evaluate the simulator performance the
system presented by Thomas et al. [6] was
simulated. This system has 15 stages in the
recovery section and 3 in the rejection sec-
tion. The simulator showed a good perfor-
mance during the test; so, it was used to
simulate the MSF plant in this work. In this
way, the vector X can be obtained for each
studied fault.

3. The detector

When a fault happens, the process state
evolves away from its normal state (continu-
ous processes) or normal evolution (batch

processes). In this work, each possible abnor-
mal evolution is called dynamic state. For a
given fault f, infinite dynamic states exist
since infinite possible magnitudes, activating
times and developing times exist. In other
words, a dynamic state is associated to each
possible (f, M, ta, td) combination, and the
possible combinations are infinite.

The mission of the detector is to detect the
presence of a dynamic state, and to calculate
the normalized deviations vector dX. In order
to do that, a data acquisition system (or the
simulator) provides every At the values of the
measured variables of the process X. The
corresponding sampling time for the reading
k is t, = k-At. In addition, the user must
provide the normal values expected for the
measured variables Xn. This vector will be
constant for continuous processes, and it
will be a function of the time for batch pro-
cesses. With these values, the quantitative
deviations vector is calculated as AX = X-Xn.
By working with deviations, the proposed
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method does not depend on the type of pro-
cess (continuous or batch).

The normalized deviation for the variable j
at the time ¢, is defined by:

AX;
6X: = —2L 1

where AXn;>0 defines the interval (-AXn,,
AXn;) as the band of normality for the quan-
titative deviation of the variable j. That
means, the value of a given variable is classi-
fied as normal if AX belongs to that band or,
which is equivalent, dX belongs to (—1, 1).
The selection of these values must consider
the trade-off between the sensibility and relia-
bility of the system. By working with normal-
ized deviations, which are dimensionless
numbers, the proposed method does not
depend on the type of variable (pressure, tem-
perature, etc.).

The detector calculates the vector dX for
every sampling time. While the process state
is normal, the absolute value of every element
of that vector is less than 1, because every
process variable is inside its corresponding
band of normality. When a variable goes
beyond its band, the process state is no longer
normal, and a dynamic state is detected.
Therefore, the detecting or observation time
to is defined as the first time at which the
absolute value of some element of the vector
O0X is equal or greater than 1. At that time,
the diagnostic system is turned on, and so the
search for the fault that affects the process
begins [4,5].

4. The diagnostic system and the evaluation
system development

Both the diagnostic system as the evalua-
tion system development comprises several
stages. They are:

1. Determination of the potential faults: The
systems are prepared to deal only the faults
determined by this analysis.
2. Selection of sensors to be supervised by the
systems: Only the sensors that provide rele-
vant information are selected.
3. Systems building: They can be an expert
system, or a system based on qualitative or
quantitative models.
4. Systems evaluation: Generally, this stage is
carried out by using a process simulator that
replaces the plant.

The following sections are concerned
about each of those stages.

5. Potential faults

The first step in the development of the
supervision system is the determination of
the scope of application. This scope is given
by the list of faults that must be recognised
by the system and the desired format for the
report.

Due to their characteristics and impor-
tance, some faults must be studied by ad hoc
systems; this is the case of heat exchanger
fouling [7]. In this work, except the ‘Recovery
low’ and ‘Rejection low’, all the faults mod-
elled in the simulator MSF 2000 [3] are
considered.

The desired format for the report is the
certainty p¥, a number belonging to [0, 1],
for each potential fault. This number repre-
sents the certainty about the corresponding
fault is affecting the plant. The higher that
value, the higher is the certainty of the
affirmation.

6. Selection of sensors

For a given scope of application, not all
variables provide useful information. Irrele-
vant data may complicate the structure and
affect the performance of the supervision sys-
tem. To identify the relevant variables, the
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outputs of the simulator MSF 2000 [3] are
analysed. Once identified those variables,
only the corresponding sensors are selected
to be supervised by the supervision system.
Tarifa and Scenna [5] perform the selection of
sensor for the considered MSF plant. From
the analysis of more than 270 dynamic states
and the normal bands showed in Table 1,
they selected the sensors showed in Table 2.

7. Criterions of faults gravity

In order to be able to assign a gravity
grade to each potential faults, it is required
to establish how the faults gravity will be
measured. Besides the nature of the fault
and process, the gravity of a given fault
depends on the task for which that informa-
tion is generated. For instance, a given fault
can be quite serious for the operator that
must control de process, whereas the same
fault can be a trivial one for the personal
that must repair the piece of equipment that
has failed. For this reason, there are almost
as criterions as operators in the plant. In this

Table 1
Normal bands

2°C for temperatures.

500 tn/h for flow rates.

5 cm for levels.

2% for outputs of controllers.

0.1 for Rmus[frac] (set point of make-up controller).

work, three particular criterions are outlined:
the integral, the derivative, and the classifica-
tion. The two firsts consider the process point
of view, whereas the last one considers the
mathematic point of view.

7.1. The integral criterion

For a given fault, this criterion attempts to
measure the effects over the process states
and equipment. The larger and more lasting
the effects, the more difficult will be the elim-
ination of them to return to the normal con-
ditions. Thus, this information is fairly
interesting for the operator that must bring
back the process state and equipment to the
normal conditions. Fig. 3 shows how to cal-
culate an index according this criterion. Each
variable contributes to it with the area under
the curve dX that is outside of the band of
normality. Finally, all contributions are
added to obtain the index.

For a given dynamic state 7, the index can
be evaluate by processing the result of the
corresponding simulation with activating
time null (ta = 0); that is:

lit; = T (2)
J

if
li;j = /0 fe <6X(t)iJ> dt ~ At zk:fe(éXi,j,k)

Others variables are not measured. (3 )

Table 2

Selected sensors

Controller CL Controller CH Controller CT Controller CW Controller CM Controller CR Others

Lm [cm] TOm [C] Tewm [C] Wewm [tn/h] Wpm [tn/h] Whbm [tn/h] L[17] [cm]

Ls [cm] TOs [C] Tews [C] Wews [tn/h] Wmum [tn/h]  Whbs [tn/h] Pvh [atm]

EL [cm] ETO [C] ETcew [C] EWcw [tn/h] Rmus [frac] EWb [tn/h] T [1][C]

AL [pc] ATO [pc] ATcw [pc] AWcew [pc] EWmu [tn/h]  AWD [pc] Whbd [tn/h]
AWmu [pc] Whw [tn/h]
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Fig. 3. Integral index.

where [it; is the integral index for the dynamic
state i, [i;; is the contribution of the variable
j, and fe(x) is the function that calculates the
absolute error of the signal, and it is defined
as:

0 [x|<1

fe(x) = {]x]—l otherwise (4)

On the other hand, the integration is per-
formed along the interval[0, tf], where ¢f is
the simulation final time. When the simula-
tion is halted before the ¢/ due to the process
evolves beyond the model scope, the data is
completed to #f by copying the last value
reported by the simulator.

As the integral index is aimed at evaluat-
ing the actual fault effects over the process
and equipment, the variables belonging to
control loops must be excluded from this
analysis. Indeed, those variables do not have
any evidence of effects over the process, but
over the utilities that evolve to avoid changes
in the process state. Table 2 shows the vari-
ables belonging to the following control
loops: CL, CH, CT, CW, CM and CR.

For the studied plant, 874 dynamic states
were simulated. Table 3 shows the frequency

Table 3
Normalized integral index histogram

Class Frequency % cumulative
0.20 807 92.33
0.40 52 98.28
0.60 12 99.66
0.80 1 99.77
1.00 2 100.00

and the percentagecumulative for the normal-
ized integral index, which is obtained by
dividing the integral index by the maximum
value. Fig. 4 depicts the corresponding
histogram taking out the first class, which
is conformed by faults whose effects are well
handled by the controllers—the 92.33% -;
the remainder has effects that are exponen-
tially distributed. Table 4 lists the 10 more
serious faults according the integral index.

7.2. The derivative criterion

Another point of view considers the super-
visor position. That person must study the
sensors signal looking for any abnormal
values and must make the appropriate deci-
sions (e.g. keep running process doing noth-
ing at all, shut down it, change set points,
etc.) every time that detects a fault. The larger
the amount and speed symptoms, the more
difficult will be to deal with the situation.
Fig. 5 shows how to calculate an index
according this criterion. Each variable contri-
butes with the slope of the line defined by two
point of the curve dX: the first point that is
outside of the band of normality, and the
point of maximum deviation in the interval
[0, #f]. Finally, all contributions are added to
obtain the index.

For a given dynamic state /, this index can
be evaluate by processing the result of the
corresponding simulation; that is:
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Table 4
Normalized integral index partial ranking
Fault %M  %td Normalized
integral index
CR Output High 75 0 1.00
BR Low 75 25 0.80
CR Output High 50 0 0.65
BR Low 75 0 0.58
CR Output High 50 25 0.58
CR Output Low 50 0 0.55
CL Output Low 100 0 0.52
CR Output High 50 50 0.51
CL Output Low 100 25 0.51
BR Low 100 25 0.50
ldt; =Y Id;, (5)
J
fe(8X(12),;) — fe(8X (1))
Idi_j =
h—nh
Je(8Xiju) — fe(8Xijm) (6)
o Al(kz — kl)

where Idt; is the derivative index for the
dynamic state i, Id;; is the contribution of
the variable j, and fe(x) is the function that
calculates the absolute error of the signal.

X

Fig. 5. Derivative index.

As the derivative index is aimed at evalu-
ating the observable effects over the process,
assuming pour instrumentation (i.e. the worst
case), only the variables belonging to control
loops must be included in this analysis (Table
2). Indeed, those variables by their nature will
be the first affected ones by the faults.

For the studied plant, the same 874
dynamic states presented for the integral
index were simulated. Table 5 shows the
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Table 5
Normalized derivative index histogram

Class Frequency % cumulative
0.20 865 98.97
0.40 3 99.31
0.60 2 99.54
0.80 2 99.77
1.00 2 100.00

frequency and the percentagecumulative for
the normalized derivative index, which is
obtained by dividing the derivative index by

3.50 T
3.00
2.50 +
2.00 +

the maximum value. Fig. 6 depicts the corre-
sponding histogram taking out the first class,
which is conformed by faults whose effects
are well handled by the controllers—the
98.97% -; the remainder has effects that are
uniformly distributed. Table 6 lists the 10
more serious faults according the derivative
index.

7.3. The classification criterion

Finally, a point of view that combines the
two former ones is outlined. In this case, only

1.50 T
1.00 +
0.50 +
0.00 i

Frequency

0.40 0.60

0.80 1.00

Derivative index

Fig. 6. Normalized derivative index histogram.

Table 6
Normalized derivative index partial ranking

Fault % M % td Normalized

integral index

CM Set Point Low 100 0 1.00
CM Set Point High 100 0 1.00
CM Set Point Low 75 0 0.75
CM Set Point High 75 0 0.75
CM Set Point High 50 0 0.50
CM Set Point Low 50 0 0.50
BR Low 75 0 0.28
CM Set Point High 25 0 0.25
CM Set Point Low 25 0 0.25
CR Output Low 75 0 0.17

the variables belonging to control loops are
taken into account (as was the case for the
derivative index), as well as the absolute error
for all the variables—fe(8.X;; x)—along the inter-
val[0, #/] (similar to the integral index). The
larger and more lasting the effects, the more
difficult will be the elimination of them to
return to the normal conditions. The larger
the amount and speed symptoms, the more
difficult will be to deal with the situation.
Both aspects are contemplated by this
criterion.

For a given dynamic state 7, the result of
the simulation is feed to an ANN (Artificial
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Table 7
Classification histogram

Class Frequency % cumulative
8.00 524 59.95
16.00 179 80.43
24.00 99 91.76
32.00 50 97.48
40.00 22 100.00

Neural Network) [8]. From the several types
of ANNs, the SOM 6 x 8 was selected
because it is able to classify data clustering
them according their characteristics.

For the studied plant, the same 874
dynamic states presented for the integral
index were simulated. Table 7 shows the fre-
quency and the percentagecumulative for the
normalized class, which is obtained by divid-
ing the derivative class by the maximum
value. Fig. 7 depicts the corresponding Pareto
histogram (i.e. histogram ordered by classes
frequency), which is exponentially distributed
(the same as the integral index). Table 8 lists
the 10 more serious faults according this cri-
terion (quite similar to the derivative index).
Those results were yielded by the SOM after
500 training steps. The faults belonging to the

Table 8

Classification partial ranking

Fault % M % td Normalized
class

VL Low 75 100 1.00

VT Low 50 100 0.98

CM Set Point High 75 50 0.95

CM Set Point Low 75 50 0.95

CM Set Point High 75 75 0.93

CM Set Point Low 75 75 0.93

CM Set Point High 25 100 0.90
CM Set Point Low 25 100 0.90
VW Low 100 100 0.88
VW Low 100 25 0.88

600 T

500 T

N

Frequency
W
o O O
o O o
PR

200
100 ,—l
0 f f f H—
8 16 24 32 40
Class

Fig. 7. Classification histogram.

smaller classes are considerer dangerous since
the probability of occurrence for a given fault
i1s, generally, inversely proportional to its
gravity.

8. System implementation

Known the more serious faults, experts can
focus their efforts on them to elaborate appro-
priate action plans; so, when one of them
occurs, the operator will be prepared to over-
come it. The plans can also be elaborated
automatically by the evaluator system. To
enable its task, it can estimate the situation
gravity (Fig. 1); that can be done by an
ANN [8]. In fact, for each potential fault, a
feed-forward/back-propagation 5+ 1 with
sigmoid activation functions (Fig. 8) was suc-
cessfully used to estimate the corresponding
derivative index from M and td, which are
provided by the diagnostic system. In the
learning phase, each ANN is trained with all
the dynamic states belonging to the corre-
sponding fault (supervised training). The
values M and td are given as input, while the
normalized derivative index is given as the
desired output. Those values are taken from
the Table 5. Afterward, the ANN is able to
estimate the normalized derivative index for
the considered fault for any value of M and td.



E.E. Tarifa et al. | Desalination 182 (2005) 131-142 141
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f alme
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2 5 1
Fig. 8. ANN used to estimate the derivative index (Matlab notation).
9. Conclusions pnt — vector of certainties of faults.
A possible structure for a supervisor sys- At — sampling 1nterv.al. i o
tem was proposed. Criterions to measure AX  — vector of qgan‘utatwe deviations of
faults gravity were also introduced. They A process \tiarlablesl. bands of
were tested by using a dynamic simulator. Xn —V?chaglo normat bands ol process
The three outlined criterions yielded an \f/drid es.
appropriate classification, and helped to iden- ! o ?u t'l' )
tify the most dangerous faults. ! —— Samping tlme.
Additional plants must be studied in order ZZ o illctlvlatmg tlrpe.
to verify whether the exponential distribution ! o fevei oping ‘?me. lati
of the integral index is a general case; in the it - dmd time ol simulation.
same way, the uniform distribution of the to o fet;:ctmg .tlme. tud
derivative index and the exponential distribu- M — fault miximum mdgmt}‘: e, or
tion of the classification index must be con- stag'es ?O}?gllr\l/lgséo lt ¢ recovery
firmed. The exponential distribution for the N ;\?Icsti?n 10 the plant.
integral index was expected because the prob- o plant stages. .
X — vector of quantitative values of

ability of occurrence for a given fault is, gen-
erally, inversely proportional to its gravity.
However, the uniform distribution of the
derivative index was not expected.

The elaboration of suitable action plans is a
quite interesting line for further research. That
goal can be formulated as an optimization
problem, where the manipulable variables of
the plant are the decision variables, and the
present situation gravity is the objective func-
tion. The gravity can be estimated by using
one of the presented criterions.

10. Symbols

oX — vector of normalized deviations of
process variables.

process variables.
Xn — vector or array of normal values of
process variables.
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