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ABSTRACT

Expert decisions are usually based on experience
knowledge regarding the decision environments,
However due to the mobility or high turm-over of
expert whether due to promotion, resignation or other
reasons, there is a need to capture expert knowledge
especially those involved critical decision. This paper
will describe an approach of capturing expert
knowledge through past operation data. An explicit
knowledge extraction technique from temporal data
representing reservoir operation will be presented.
Rules regarding decision on the number of spillway
gates to be open to release excess water from the dam
will be discovered from the historical data. Temporal
information related to a decision will be captured
through sliding window method and classified into
unique decision classes. This information can be
transformed into decision rules for easy interpretation
and understanding. These rules can be further use to
guide future operation decisions.
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1.0 INTRODUCTION

In an organization, knowledge assets reside in
many different places: database, knowledge base,
text documents and human mind. Knowledge
assets are the knowledge own by the
organization or needs to own where targeted and
timely knowledge is needed to guide business
problems solution.
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There are two types of knowledge: tacit and
explicit knowledge. Tacit knowledge is hard to
formalize and articulate such as intuitions,
heuristics, best practices and special know-how,
An explicit knowledge is codified, documented
knowledge or rule-based knowledge (KIm, 1999)
of the form situation-action pairs to guide action.
It is used in designing organization routines,
standard operation procedures and structure data
records. Operational control and efficiency can
be achieved through explicit knowledge.

Temporal data is a time-series data. The data is
ordered and in sequence of time. The data is
dependent to each other. An event could be an
effect of a cause after some time delay. For
example, floods could occur afier two or three
consecutive days of rainfall. Operation data
usually keeps a record of situation per time
index. This data can be formalized, organized
into useful information where relations and
patterns can be identified.

2.0 PROBLEM DEFINITION

In an organization, personnel mobility of
turnover is common due to promotion,
resignation or some other causes. There is 2
need to capture their expert knowledge
especially the justification of any decisions
made. This study is an effort to capture decision
patterns from operation data. These decision
patterns can be transformed into decision rules
that can guide future decisions. The decision
that is of interest is on opening or closing the
spillway gates. If the gates need to be open, how




many gates should be open suitable with the
current situation. In this paper, technique for
extracting explicit knowledge from temporal data
will be described using reservoir operation as a
case study.

3.0 KNOWLEDGE EXTRACTION
TECHNIQUE.

A sliding window technique (Lee et al., 2001) is
used to capture the knowledge from the data.
The extraction process consists of the following

steps:

a. Define the event characterization

function.

Transform the data into discrete form.

Scan data and locate event.

d. Frame the event and situations
preceding it in window slice.

e. Collect all events and store in window
slices set.

f. Classify window slices into unique
decision classes in the form of temporal
patterns.

g- Transform the patterns into rule-based
format. :

oo

Figure 1 shows the pipeline of the extraction
process.

raw data—DL TransformHEtect event l

Temporal
pattern 4—-| Classify j‘-——{ Collect event J
Lclasses

Figure 1: Pipeline of the extraction process

The general algorithm is as shown in Figure 2.

Transform data into discrete form

For ail £ in the time index
If detect changing point 1,

copy into window set P,, for all variables from towrt 1O 8y
end if

For all variable vj in window Pw
classify P,, according to similar value of v;

—————

Figure 2: Basic extraction algorithm
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Figure 3 below shows an example of event
detection and formation of window slices.
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Figure 3: An example of event detection and
formation of window slices

Windows are classified based on the decision
value. In this case the window will be grouped
according to the number of gates opened. From
Figure 3 above, there are two decision classes,
decision with 2 gates and 4 gates.

The performance measurement of the extraction
process was adopted from Povinelli’s (1999) and
Gryzmala-Busse’s (2000) as shown in Table 1.

Table 1: Performance measurement
Measurement | Meaning

t, True positive. Number of
event correctly predicted

5 False positive. Number of
predicted event but in actual
non-event.

A True negative. Number of
non-event correctly predicted

S False negative.Number of

predicted non-event but in
actual non-event.
Seusitivity (Sv) | The accuracy of cormrectly

b

o+ fa

Specificity (Sp) | The accuracy of comectly
predicted non-event

_ h

—fn+ﬁ

1P The ratio of total correct
prediction

_ tp+tn
tht fatto+ fo

predicted event =

The extraction process is done n batch. All
training data were read and classified. The
performance will be measured by using the
extracted patterns against each dataset in the
training dataset.



4.0 IMPLEMENTATION AND RESULT

The algorithm was tested using C language and
validated with real reservoir operation data of
Timah-Tasoh dam in the state of Perlis. The data
used were operation data from 1998 to 2002
since the installation of 6 rainfalls stations.
Variables used are reservoir water level, rainfall
measurements at 6 rainfall stations, the number
of gates opened and the day of the year. It is a
daily operation data. The event characterization
function is as defined in equation (1) below.

e = g.1<g where g.;=0and g, >0 )

This implies that event is detected when there is
a change of decision from close to opening the
gate. The time point will be kept for the
identifying the window frame.

The transformation of data into discrete form is
.based on domain expert category from Drainage
and Irrigation Department (DID), Malaysia
(Timah Tasoh Operation. and Maintenance
Manual, 1993). Table 2 below shows the
categories used.

Table 2 : Domain Expert Category

Value | Water Flood
Level /m [ Stage
0 <29.0 Normal
1 <294 Alert
2 [ <296 Waming
3 >29.6 Danger
Value | Rainfall Category
/mm
0 0 . None
1 1-10 - Light
2 11-30 Moderate
3 31-60 Heavy
4 > 60 Very
L heavy

The algorithm was run iteratively and the
window size that gave the optimum performance
is 2. This implies that the gate decision depends
on the rainfall measurement of yesterday (t-1)
and the day before yesterday (7-2). Based on this
window size, the temporal patterns extracted
were as in Table 3 below.
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Table 3: Temporal Pattern Classes
Number of Gates Open =2
Flood Avg Raln Y%A

Stage/t
0.1760

0

0.0701
0.1744
0.2226
0.0515
0.3607
0.3963
0.3442
04112
0.5659
0.2059
0.1711
0.1025

o
~
s
-

e f st [ [ [ [t = [~ [ = [ [
—lwn|vlo]a|v|e]|o|u|~—]|—
— o || rof = [ro]—|ro|uws | ={—

Number of Gates Open = 4

Flood AvgRain %A
Stage/t 2

-
0
-

-

0.7495
0.9609
0.0690
0.5759
03119
0.4480
0.2914
0.0684
0.3626
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There are two decision -classes, opening two;
gates and four gates. The list in each class shows’
the condition when the gates were first opened’
This ' information can be transformed in ru]e;
based form as below :

Rule 1:

If flood stage is Normal at ¢t and
average rainfall at t-2 is Light and
average rainfall at t-1 is Light

then
open 2 spillway gates

Rule 2:

If flood stage is Alert at t and
average rainfall at t-2 is Moderate and
average rainfall at t-1 is Moderate

then
open 4 spillway gates

The performance of this extraction process based::f
on Table 1 are shown below in Table 4. "

Table 4 : Algorithm Performance

Dataset | tp | fp | tn | fn | Sv | Sp NP

Setl 2 12 [ 272 | 0 1 [ 0.958 | 0.958
Set2 9 21 334 ]| 0 1 | 0.941 [ 0942
Set3 11 ] 18 | 341 | O 1 | 0.950 | 0.951

From Table 4, it shows that the extraction
process gave about 6% false alarm where



false alarm rate = Sv-Sp )
This implies that the algorithm is able to detect
- all event ( Sv=1I) but there are false alarm cases
- when the gates need not to be opened were
recommended otherwise. This is not really
critical as compared not to be able to detect when
k gates should be opened.

5.0 CONCLUSION

This paper has shown a technique of extracting
explicit knowledge from temporal data. The
explicit knowledge can be represented in a rule-
based form. This rules can be use to guide future
decisions. By using a simple sliding -window
“technique, events can be captured and classified.
The algorithm is able to detect all event with
" some minor false alarm of gate opening.
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