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Abstract: A new structure of ESKD (expert system based on knowledge discovery system KD (D&K)) is first presented on the basis of
KD (D&K )}— a synthesized knowledge discovery system based on double-base (database and knowledge base) cooperating mechanism.
With all new features, ESKD may form a new research direction and provide a great probability for solying the wealth of knowledge in
the knowledge base. The general structural frame of ESKD and some sub-systems among ESKD have been described, and the dynamic
knowledge base based on double-base cooperating mechanism has been emphased on. According to the result of demonstrative experi-

ment, the structure of ESKD is effective and feasible.
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1 Introduction

Since the first expert system, DENDRAL was devel-
oped by F. A. Feigenbaum, expert system has devel-
oped rapidly and has been used in many domains. The
CASSIOPEE system in manufacture trade has been ap-
plied for diagnosis and prediction in the process of
manufacturing BOING plane; FALCON system for
fraud in bank and commerce can gain some features of
fraud by summarizing the relation between normal and
fraudulent action and then warn the decision man; Op-
portunity Explorer system for commodity analyzing in
marketing can analyze the causes of commodity selling
abnormity. These systems have improved on explana-
tion mechanism, knowledge acquisition technology,un-
certainly reasoning technology etc. But their structure
is similar with traditional expert system, their reaso-
ning technology is monotonous and the ability of auto-
study is poor. These form a new "bottleneck” — insuf-
ficient knowledge. In addition, they are not versatility.
The tendency of new generation of expert system is
high intellectualization with many features, such as
multi-knowledge expression, synthesized knowledge
base, self-organization, cooperating, automatic knowl-
edge acquisition efc.

In accordance with the above question, the article
presents expert system based on knowledge discovery
(ESKD). That is KD (D&K) — synthesized knowledge
discovery system based on double-base (database and
knowledge base) cooperating mechanism. It produces a
very abundant dynamic knowledge base and corre-
sponding integrated inference mechanism under many
knowledge resources, kinds of knowledge fusion, mul-

tiple-abstract levels and different knowledge layers.
Therefore, it especially fits for complicated big system
and provides a valid path to produce the kernel technol-
ogy on the structure of expert system. This system
primarily improves the practical function of expert sys-
tem.

2 Expert System Based On Knowledge Dis-
covery (ESKD) Overall Structure Diagram

In this case, the fault diagnosis expert system is tak-
en as an example (shown in figure 1).

It mainly includes the following six modules.

(1) Dynamic knowledge base sub-system based on
knowledge base. Essentially, it is a knowledge dis-
covery system based on double-base (database and
knowledge base) cooperating mechanism. Dynamic
knowledge base experiences the promotion process of
basis — derivation — integration — expansion, which
continuously expands knowledge directly constructed
by expert experience and book knowledge. These form
the knowledge base sub-system, which has the charac-
ter of dynamic expansion and develops to manage fu-
zzy uncertainty, random uncertainty and qualitative in-
formation. It is the key of this system.

(2) Knowledge training sub-system. The system can
be trained not only by professionals, but also from data
by examples. It can find and learn the professional
knowledge so as to meet the needs of different users.

(3) Grade diagnosis and decision sub-system. Fault
tree is used to put the whole facility to a set of tests to
be determined whether there is a fault or not. These
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modules will be tested one by one if there is. When one
module is found fault, rule base (cause and effect net-
work fault diagnosing table) is used to test and diag-
nose the internal module until the faulty point is found.
Using correct resemble mechanism and knowledge in
knowledge base, the system tests the facility and diag-
noses whether the facility is normal or not. If the facil-
ity is not normal, the system will find the cause of the
fault and provide solution according to the decision
tree.

(4) Base management sub-system. It mainly man-
ages real database, basic knowledge base and derived
knowledge base. It can edit, delete, index, inquire, add
and backup. It establishes good interface in Windows
style. Users can expediently realize the operation of
knowledge base and database.

(5)Detection self sub-system. To avoid false diag-
nosis caused by the fault of testing hardware itself, the
expert system will check the testing hardware itself by
close-loop before operation. ‘

(6)On-line Help sub-system. This sub-system will
help users use the system more effectively and get the
help of corresponding information at any time.

3 Dynamic Knowledge Base System with
Double-base Cooperating Mechanism

The knowledge base, which is used to resolve prob-
lem, isn't the basic knowledge base, but the extended
knowledge base has been promoted. The promoted pro-
cess is just as follows.

3.1 Basic knowledge base

Basic knowledge base stores expert experience and
knowledge in books (take diagnosis expert system as
an example). Basic knowledge base is made up of rule-
base I, fault tree I, decision tree I and cases-base I, of
which the rule-base includes all rules; fault tree is used
to locate the basic fault and confirm its causality, influ-
ence and probability of the fault. This fault tree is struc-
tured by the method of minimum cutset, which can lar-
gely decrease the scanning space; decision tree can
mine classification rule in large database by SLIQ
method. When choosing a ramification of the tree, sev-
eral attributes are considered at the same time to im-
prove the yielding efficiency of the classification rule;
cases-base stores previous typical cases in order that
the diagngsis sub-system can directly diagnose by this
rule.

3.2 Derived knowledge base

(1) Derived knowledge base stores new knowledge
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which is discovered by KDD*. The mining process is
different between KDD (knowledge discovery based
on database) and KDD*:

KDD* £KDD + double-base cooperating mechanism

i.e. KDD* structures the inner link "path" between dat-
abase and basic knowledge base by double-base coop-
erating mechanism. Thereby it uses basic knowledge
base to restrict and drive the mining process of KDD. It
changes the inherent running mechanism to form an
open and optimized expender in comparison to KDD
on structure and function.

(2) The technological reatfization of double-base co-
operating mechanism is to construct interrupting type
and heuristic type coordinator. The requirement of re-
alizing interrupting type and heuristic type coordinator
is that the large (basic) knowledge base is divided into
several correlative sub-knowledge bases according to
each domain; Meanwhile, the real database is divided
into correlative sub-databases according to each do-
main. Thus the layers between knowledge nodes in
knowledge base and data sub-class (structure) make a
one to one mapping. The basis theory, which is pro-
posed by us, is pan-homotopy conception and the fol-
lowing structure mapping theorem (details can be foun-
d in refererice [1, 2]):

Theorem (Structure Mapping Theorem): Aiming at
X, in the sub-database corresponding to sub-knowledge
nodes, <E, JK > of knowledge nodes and <F, A> of
data sub-class (structure) are identical pan-homotopic
type spaces.

This theorem presents the mapping of layers be-
tween knowledge nodes in the sub-knowledge base and
data sub-class in corresponding sub-database, as shown
in figure 2,

On the basis of the research above, it can be seen that
the mathematical structure of database and knowledge
base in the knowledge discovery system can be essen-
tially come down to pan-homotopy category. Namely
database is pan-homotopy category combined with
data sub-type (structure) set and "mining path", which
is called data mining category; and knowledge base is
pan-homotopy category combined with knowledge
nodes set and "reasoning arc", which is called knowl-
edge reasoning category. Additionally more result ab-
out the isomorphy and restricting mechanism of knowl-
edge reasoning category Cy (E)in <E, JK >and data
mining category Cp(F)in <F, A> are got, and "direc-
tional searching” and "directional mining process" are
resolved.

(3) The technological realization. The main function
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of R type coordinator is to "interrupt" the process of
KDD and search whether there are repetition and con-
troversy of the resulting rule in knowledge base after
the rule (knowledge) is resulted from large amount of
data in real database through setting focus. If there is
repetition, the resulting rule is cancelled and returned to
the beginning position in KDD. If there is controversy,
expert will cancel the contradictory rule according to
credibility & strength of the rule, or the controversy can
be eliminated by such means as expanding premise.
That is to say the result will be stored after evaluation.
If there is neither repetition nor controversy, the pro-
cess of KDD continues. Namely the result is set into
knowledge base after evaluation. The main function of
S type coordinator is to search irrelevant state of
knowledge nodes in knowledge base under the prin-
ciple of property on which knowledge base is establish-
ed. Knowledge shortage is found. Data-class corre-
sponding to real database use s heuristics and is activ-
ated to produce "directional mining process". The pri-
ority of "directional mining" is sorted according to rel-
evant strength.

(4) Significance. 1) Besides discovering knowledge
according to the factitious "interest", we proposed the
new path of automatically enlightening directional
mining according to "knowledge shortage" in basic
knowledge base. 2) The mechanism greatly decreases "
the evaluating quantity" after discovering hypothesis
rule. 3) According to the above mechanism of "struc-
ture mapping", the searching space is greatly reduced
and the mining efficiency is improved. 4) The mechan-
ism rather availably resolves the redundancy and con-
sistency problem in knowledge after new and old

knowledge synthesized. 5) During the KDD process
and the wide relation with basic knowledge base, KDD
regarded as an open system improves and optimizes the
structure, process and running mechanism of itself,

3.3 Composite knowledge base

Composite knowledge base stores the knowledge
which is composed of basic knowledge base and deriv-
ed knowledge base. Its detail step is as follows. First,
rule-basell is formed by compounding the rule in deri-
ved knowledge base and in basic knowledge base. Sec-
ond, fault treell, decision treell and cases-basell are
formed by using the rule-basell to modify fault treel,
decision treel and cases-basel. This process can be sho-
wn in figure 3.

3.4 Synthesis knowledge base

Synthesis knowledge base stores the new knowledge
which is discovered on the basis of composite knowl-
edge base by fuzzy reasoning and deductive reasoning.
Meantime, it is similar with 3.3 to modify the fault tree,
decision tree and cases base.

3.5 Extended knowledge base

Extended knowledge base stores the new knowledge
which is discovered through the reasoning mechanism
of generalized reduce synthesis and cases-base on the
basis of synthesis knowledge base. It is different with
knowledge discovery based on knowledge base
(KDK), so we call it KDK*. KDK*, on the one hand,
stimulates interface of human-computer to "gain"
knowledge by a coordinator and apply exiting knowl-
edge for the process of knowledge discovery, on the
other hand, return discovered rule to KDD to evaluate.
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It units KDD with KDK. From here it can be seen that
cooperating mechanism cooperate not only database
and knowledge base but also KDD and KDK.Dynamic
knowledge base experiences the promotion process of
basis — derivation — integration — expansion. The
process only finishes the first stage of discovery, i.e. the
first abstraction level. The expansion knowledge base
in the first abstract level is regarded as basic knowledge
base in the second abstract level. The second abstract
level will be finished in a process similar to each step
of discovery in the first abstract level. Things like that
continue. When cognition is developed, time and space
environment are changed in different stages. Knowl-
edge will constantly be enriched and promoted and
cognition will deepen.

4 Conclusions

Comparing the structure of ESKD with traditional
structure of expert system, the following performance
characteristics and creative idea can be found.

(1) Abundance: traditional knowledge base system
only uses reasoning machine to extend knowledge in
basic knowledge base. However, the dynamic knowl-
edge base of ESKD experiences a series of promotion
process of basic — derived — integrated — synthe-
sized — extended. Both the quantity and quality of the
knowledge reserve are quite abundant. Its management
system is perfect and is high intellective to discover
deep layer knowledge and estimate knowledge.

(2) Strong reasoning (include deduce, induce, fuzzy,
qualitative, reasoning based on cases, statistics reaso-
ning and so on) and interpretation ability.

(3) Independence: the system uses structurization

system analysis method. The whole expert system is di-
vided into independent sub-systems that can perform
different function. Each sub-system can both work co-
operatively and be used independently by different
users.

(4) Self-learning and Self-adaptability: self-learning
is improved by coordinator, learning by cases and
knowledge training. New knowledge is acquired and
set into dynamic knowledge base; at the same time dy-
namic knowledge base and database based on knowl-
edge discovery extend in time and space. New knowl-
edge is regenerated to fit the changing environment fol-
lowing the increase of abstract level. This makes the
system rather self-adaptive.

(5) Versatility: ESKD adapts to quite wide field.
Meanwhile, ESKD supports the cline/sever structure
and different database system.

(6) Feasibility: This expert system uses mature data
mining method, just like statistic induction and causal
qualitative inference efc. The result of demo indicates
its feasibility; meantime, it has important significance
for theory research of expert system. Under the operat-
ing platform of Internet and Windows 95/98, we have
finished the development of demonstrating program of
the two important modules in ESKD with VC++5.0
and Oracle. The result is satisfactory.
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Abstract: A new kind of dynamic neural network—diagonal recurrent neural network (DRNN) and its learning method and architecture
are presented. A direct adaptive control scheme is also developed that is applied to a DC (Direct Current) speed control system with the
ability to auto-tune PI (Proportion Integral) parameters based on combining DRNN with PI controller. The simulation results of DRNN
show better control performances and potential practical use in comparison with PI controller.

Key words: diagonal recurrent neural network; PI controller; DC Motor speed control system

1 Introduction

The conventional PID (Proportion Integral Differen-
tial) controllers have been widely used in DC motor
speed control systems. It has many advantages, such as
simple structure, good stability and high reliability.
However, it has two inherent disadvantages: First, the
optimal proportional, integral and derivative parame-
ters of a PID controller are difficult to determine; Sec-
ond, good performances can't be easily guaranteed
when the property parameters of controlled objects
change or stochastic disturbances are big even though
a set of satisfactory parameters has been adjusted well.

Recently, neural networks interest the researchers of
control areas for their massive parallelism,self-learning
and self-organization capabilities, highly nonlinear ap-
proximation. Multilayered feedforward neural net-
works [1, 2] and single neuron controllers [3, 4] are
widely used in control fields. But multilayered feedfor-
ward neural networks only express static nonlinear ma-
pping and can't represent nonlinear dynamic systems.
In order to apply them to control systems, time must be
introduced into the network to realize time-delay of in-
put and output with time delay operator. Dynamic re-
current neural networks have good performances in the
aspect of dealing with dynamic systems or time-vary-
ing systems because of theirs inner feedback units in
comparison with static networks.

In reference [5], the structure and learning method of
the diagonal recurrent neural network (DRNN), i. e. a
new kind of dyramic neural networks, have been intro-
duced in detail. A generalized dynamic back propaga-
tion algorithm is developed and used to train DRNN.

The architecture of DRNN is a modified model of the
fully connected recurrent neural network with one hid-
den layer, and the hidden layer is comprised of self-re-
current neurons.This paper develops a direct adaptive
scheme by combining DRNN [5,6] with a conven-
tional PI controller, and applies it to a DC motor speed
control system. The simulation results of DRNN will
be compared with that of conventional PI controllers.

2 Direct Adaptive Scheme Based on DRNN

The current loop is retained and the speed loop is re-
constructed using DRNN. All these are to increase the
speed of system response and to limit the current of DC
motor armature. Figure 1 shows the block diagram of
the direct adaptive DC motor speed control system bas-
ed on the DRNN. In figure 1, 7, is the filtering time
constant of the current loop, T, the delaying time con-
stant of commutation device, 7, the electromagnetic
time constant, 7, the electromechanical time constant,
K. the amplifying gain of SCR device, R the global re-
sistance of armature loop, f the current feedback coef-
ficient, o the speed feedback coefficient, and C. the
back-EMF constant, The number of neurons in the in-
put layer of DRNN is 3 {r(k), v(k—1), u(k—1)}, the
number of neurons in the output layer is 2 {0,(k), 0-(k)},
where 0,(k)=K,(k), 0.(k)=K\(k), and the number of neur-
ons in the hidden layer is determined by simulation.

In the DBP algorithm, the derivative % can be ex-

panded using the chain rule. This special characteristic
in updating the weights using the chain rule can be ex-
tended for hybridizing the DBP algorithm and the other
conventional control algorithm. In the proposed control
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Figure 1 Block diagram of direct adaptive I3C motor speed control system based on DRNN

scheme, DRNN is nsed as an on-line estimator. It can
adjust adaptively the weight< and give real-time pro-
portional, integral parameters of the PI controller,
while the conventional PI controller still gives control-
led voltage. The input-output relation of the PI control-
ler is written in the difference torm as

uth) =u(k—1)+K(k)(e(k)—e(k—1)) +
K(kyelk)y e(k)=r(k)—ytk) (H

Because this paper uses direct adaptive scheme.
must be known when adjusting weights using DBP al-

gorithm. Nevertheless, the exact calculation of % is

difficult to determine because of the unknown plant
dynamics. To overcome this problem, two methods are
generally presented: first, a neuvra! network identifier is

added to obtain %:7 but it will result in complicated

calculation and poor real-time property; second, the
term % is repleced by its sign. Researchers have

proved that influences by the replacement can be com-
pensated through selecting proper learning rate. There-

fore, this paper uses the second method to obtain %3

In order to train the DRMNN coft-line, the cost function
can be defined:

E=— e~ ()Y 2)

where u, represents the desired output of the PI control-
ler, and " the actual output of the PI controller. Waights
adjustment can be attained by equation (1) and the for-
mulae in reference [5] using the chain rule. After train-
ing the DRNN off-line, DRNN can bz used in on-line
control. Weights should be adjusted in on-line to follow
the given speed signal when the parameters of the con-
trolled system charige. So the performance function is
defined as
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where r(k) is the given speed signal of the Ath sampling
instant, y(k) the speed feedback of the kth sampling in-
stant. Weights are adjusted by equation (3) and the for-
mulae in reference [5] using the chain rule.

3 Simulation Results

The motor used for simulation is a 220V, 136 A,
1460 r/min DC motor. The other parameters are: A=
1.5, T,.=2ms, I:=0.03s, 7,=0.18s. T.=1.7ms, K=40,
R=0.5Q, f=0.05V/A, 0=0.007 Vmin/r [7].

The current regulator is a PI controller and its para-
meters are designed according to typical [ system,
where K=1.013, t=0.03 s. The numbers of input, hid-
den and output neurons of DRNN are respectively 3. 5
and 2, the learning rate #=0.001. The activation func-
tion of hidden layer is selected as

I
fh_14_ =01 (4)

e

The activation functions of output layer are selected
as

- 1
01_30(1%"‘ 0.5)
: (5)
‘03:4(W_0'5)

The DRNN is trained off-line according to the previ-
ous section, and trained 20 times during every sampling
cycle under on-line control. The armature current must
be limited because of the confined overload of the DC
motor. Thus the controlled voltage u of the speed loop
has maximum positive and negative limited amplitude
(u,=+10V). The PI controller of the conventional
speed loop is designed as a typical [[ system in order
ta compare with the DRNN controller, where K,=11.7,
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7,=0.087s. In figure 2, 4 shows the motor speed step
response of the DRNN control system under the condi-
tion of n=1429t/min, initial load 7,=50A and full
load after aa instant; B shows the motor speed step re-
sponse of the conventional PI controller under the same
condition as before. In figure 3, A4 shows the motor
speed step response of the DRNN control system under
the conditions of #=10001/min, full load, and with
doubled global resistance; B shows the motor speed
step response of the conventional PI controller under
the same condition as before.

The simulation results show that speed overshoot,
dynamic speed descent and recover time under the
DRNN control are smaller than the conventional PI
controller.

B
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Figure 2 Motor speed response (motor start under 50 A load
and then suddenly applying full load at aa instant)
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The ADD32, a 32-bit digital DC speed system of
AVTRON company in U.S.A, is used during simula-
tion. It has two basic loops of speed control systems:
the speed loop and the current loop, and it provides
good openness which allows it to be easily configured.
This paper reconstructs the speed loop using the
DRNN. The DRNN adjusts adaptively weights and
gives suitable proportional, integral parameters of PI
controller according to outer surroundings, while the
control voftage is still given by the speed regulator of
the ADD32. The laboratory setup of the proposed con-
trol system is shown in figure 4. The devices have
ADD32, personal computer (Pentium 133), PC-6315
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Figure 4 Laboratory setup for a DC motor speed control system based on DRNN
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A/D/A card and a DC motor. Now we are trying practi-
cal application and developing neural network control
block embedded in ADD32.

4 Conclusions

A new kind of dynamic neural network—DRNN and
its learning method are presented, and a direct adaptive
control system by combining the DRNN with a con-
ventional PI controller is developed. The proposed con-
trol system can adjust adaptively the proportional, inte-
gral parameters to adapt to the changes of outer surro-
undings. The exact model of the controlled object ne-
edn't be established during the design process, and
good control performances can be kept under the
changes of parameters of the controlled objects. The
proposed scheme provides a new way of applying intel-
ligent control to drive systems.
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