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Coordination Control of ULTC Transformer and
STATCOM Based on an Artificial Neural Network

Gwang Won Kim, Member, IEEE, and Kwang Y. Lee, Fellow, IEEE

Abstract—This paper presents an artificial neural network
(ANN)-based coordination control scheme for under load tap
changing (ULTC) transformer and STATCOM. The objective
of the coordination controller is to minimize both the amount
of tap changes of the transformer and STATCOM output while
maintaining an acceptable voltage magnitude at the substation
bus. The coordination controller is designed to substitute for a
classical ULTC mechanism by utilizing active and reactive powers,
tap position, and STATCOM output. A competitive ANN is used
as a classifier for tap positions and trained by a proposed iterative
condensed nearest neighbor (ICNN) rule.

Index Terms—Artificial neural network (ANN), condensed
nearest neighbor rule, coordination control, STATCOM, ULTC
transformer, voltage regulation.

I. INTRODUCTION

I N general, voltage magnitude of a substation is controlled
by an under load tap changing (ULTC) transformer and sev-

eral capacitor banks; the transformer changes its tap position to
control the lower side voltage magnitude directly, whereas the
capacitor banks affect the higher side voltage magnitude indi-
rectly by changing the amount of reactive power demand at the
bus. These devices have two major problems; one is the dis-
continuity caused by their stepwise controls and the other is the
limitation to the amount of switchings, which is the reason why
dead-band and time-delay are needed in their control [1].

Recently, with the development of power electronics tech-
nologies, several flexible ac transmission system (FACTS) de-
vices make it possible to control power flows as well as bus volt-
ages rapidly and accurately [2]–[5]. Among the FACTS devices,
static compensator (STATCOM)—an excellent reactive power
source and load as well—is an adequate device to control the
voltage magnitude in a specific bus.

A STATCOM has an internal action called Q-runback. Its
objective is to prepare sufficient amount of capability margin
against emergencies. If there are other voltage control devices,
the Q-runback may pass the burden of the STATCOM to those
devices slowly. Although an already installed ULTC trans-
former is one of the probable candidates for that coordination,
there needs to be an additional coordination controller which
substitutes for the role of the present ULTC controller because
the present controller assumes that it is the only available con-
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troller. Paserba and others [6] proposed the first coordination
controller for a ULTC transformer and a STATCOM, where the
tap position is controlled based on the STATCOM output and
its switching is restricted by the dead-band of the STATCOM.
Son and others [7] added some more control parameters to the
Paserba’s control concept to enhance the control performance.

In this paper, an artificial neural network (ANN) is intro-
duced to the coordination controller, which substitutes for the
classical tap changing mechanism. The proposed controller de-
cides its action according to four local variables such as active
and reactive powers of the voltage controlled bus, tap position,
and STATCOM output. In addition, by considering recent load
trends, the coordination controller enhances its ability to balance
the number of tap changes with the large capability margin of
the STATCOM. In this paper, an ANN is utilized as a classifier
with an integer value as the output, which is a tap position. As for
this kind of classifier, a competitive ANN is sufficiently effective
while it is very easy to train. Therefore, a nearest neighbor based
competitive ANN is chosen for the ANN structure in this paper
and its codebook vectors are decided by the iterative condensed
nearest neighbor (ICNN) rule, which determines the codebook
vectors of the ANN so accurately that the ANN classifies all
training data correctly [8].

II. COORDINATION CONTROLLER

A STATCOM controls voltage magnitude of a specified bus
very rapidly to match the measured voltage to its reference
value. On the other hand, a ULTC transformer controls in a
stepwise manner after some time delay, which is indispensable
to limit the number of tap changes. Therefore, if a bus voltage
is controlled by both a STATCOM and a ULTC transformer
without coordination, there is no chance for the transformer
to participate in controlling the bus voltage, except when the
STATCOM is in its limit. This makes the coordination control
between the two devices complicated. The purpose of this paper
is to determine the proper tap position, which harmonizes the
use of transformer with the STATCOM.

The coordination concept of this paper is as follows: The
bus voltage is controlled by the STATCOM first, and then tap
changing action follows to lessen the STATCOM output. Having
the capability margin of the STATCOM is very important in case
of emergencies. Therefore, the transformer becomes a main con-
troller though its action is slower. The STATCOM makes the
control continuous and consistent even in emergencies. The op-
timal tap position for this coordination depends on the power
system topology and its operating point, which are not in an
explicit form to be useful. However, it is easy to obtain four re-
gional feature variables: active and reactive powers of the con-
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Fig. 1. Signal flow diagram of the coordination controller.

trolled bus, present STATCOM output, and present tap position.
Among the four variables, the first two represent the operating
point. The topology information is reflected in the last two vari-
ables. Fig. 1 shows the scheme of the coordination controller.

The decision on the tap position that minimizes the
STATCOM output based on the four feature variables needs
exhaustive search to find its optimal value. It is necessary to
repeat power flow calculations for every tap positions to obtain
the optimal solution. Since this is not realistic in an online
problem, an ANN is chosen in the form of a coordination con-
troller for which training data can be gathered by offline power
flow calculations. The output of the ANN is a tap position,
which must be a positive integer. Therefore the ANN can be
considered as a classifier in the four-dimensional space of the
feature variables; the number of classes corresponds to the
number of taps. In this paper, a competitive ANN such as a
Kohonen neural network is selected as the classifier because it
is much easier to train than other types of ANN classifiers.

The ANN output is expected to be a tap position that min-
imizes STATCOM output, and this may cause a very large
number of tap changes. To alleviate this problem, the following
composite rules are included in the coordination controller with
the positive integers and defined in Fig. 2.

CR1: Change the tap by one step in the direction of
if the absolute value of is greater than , where

, is the
ANN output, and is the current tap position.

CR2: Follow the next sub-rules if the absolute value of
is less than but greater than :

CR2-1: Increase the tap by one step if is positive
and bus power is in an increasing trend.
CR2-2: Decrease the tap by one step if is nega-
tive and bus power is in a decreasing trend.

Though one-step tap changing may be slow, that is very helpful
to avoid tap position oscillation. Therefore, following Calovic’s
ULTC transformer controller model [1], only one step tap
change is made from each signal. Kasztenny and others [9]
also designed a ULTC controller that gives one pulse at a time,
if necessary, to the step motor which changes transformer tap
position.

Bus power trend is obtained by analyzing chronological re-
active bus power data, which is one of the input variables of the
ANN. A trend is determined by comparing the average reactive

Fig. 2. Composite control rules for tap changing.

Fig. 3. Detailed scheme of the coordination controller.

powers during an interval between the past 1-hr and 2-hr time
periods. The global load trend, not temporary variation, needs to
be considered to avoid transformer tap oscillations. Therefore,
load data during 2 hr are utilized in the paper to identify the
global load trend. The 5 min would be a sufficiently short load
acquisition period in identifying the global load trend in most
power systems.

While the traditional control parameters for the ULTC trans-
former are time-delay and dead-band, the proposed coordina-
tion controller uses and as the control parameters. Large
and mean the less chance of tap changes and also, at the same
time, the smaller capability margin of the STATCOM. Small
and are preferable to minimize the STATCOM output, but it
may cause frequent tap changes. Fig. 3 shows the detailed com-
ponents of the proposed controller and their relationships.

III. ICNN RULE

The condensed nearest neighbor (CNN) rule is a kind of code-
book vector decision method for nearest neighbor based com-
petitive ANNs. While the well-known learning vector quanti-
zations (LVQs) decide codebook vectors statistically, the CNN
rule simply selects codebook vectors from training data. The
advantage of the CNN rule is the fact that it makes the clas-
sifier guarantee perfect classification of the training data. The
following Step 1 is the first CNN proposed by Hart [10], where
the elements of STORE will be codebook vectors of an ANN clas-
sifier after learning.
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Step 1:

P1-1: Store the first training data to STORE.
P1-2: Classify the next training data with the current
STORE. Store the training data to GRABBAG if it is clas-
sified correctly, otherwise store it to STORE.
P1-3: Repeat P1-2 for all training data.
P1-4: Classify the element of GRABBAG with the current
STORE. Move the classified element to STORE if it is
mis-classified.
P1-5: Repeat P1-4 for all the element of GRABBAG.
P1-6: Go to P1-4 if any element is moved to STORE in
P1-4 and P1-5; otherwise stop Step 1.

The above procedure always puts sample data into STORE if
they are proved to be necessary to guarantee perfect classifica-
tion of training data. However, some element already existing
in STORE may become unnecessary after inserting new element.
This is why Gate [11] proposed the next Step 2, which follows
Step 1 to eliminate noncrucial element out of STORE.

Step 2 of CNN:

P2-1: Move one element of STORE to GRABBAG. Restore
the moved element back to STORE if any training data
is misclassified with the current STORE.
P2-2: Repeat P2-1 for all the element of STORE.
P2-3: End of CNN.

The above Step 2 needs classifications if there are
elements in STORE along with training data. For example, if

and , classifications should be per-
formed as much as times. The number may increase in pro-
portion to the square of the number of training data. To over-
come this difficulty, an iterative CNN (ICNN) rule was proposed
by Cho, et al. [8], which replaces Step 2 of CNN with the fol-
lowing:

Step2 of ICNN:

P2-1: Move one element of STORE to GRABBAG. Restore
the moved element to STORE if it is misclassified with
the current STORE.
P2-2: Repeat P2-1 for all the element of STORE.
P2-3: Go to P2-1 if any element is moved to GRABBAG

in P2-1 and P2-2, otherwise go to P1-4 of Step 1.
While the CNN rule achieves the final codebook vectors

through single Step 1 and Step 2, the ICNN repeats Step 1
and Step 2 until the resultant STORE converges to a sufficiently
satisfactory solution. Since the proposed ICNN is an iterative
method, there needs to be an appropriate end condition like the
following:

End Condition:

EC1: Stop ICNN rule if there is no addition to STORE

in Step 1 or no deletion from STORE in Step 2.
EC2: Stop ICNN rule if Steps 1 and 2 are repeated
times.

The performance of the proposed ICNN is compared with
the Gate’s method using a frequently referred classification
problem [10]–[13]. The test is performed 10 times with Pentium
PC and their average values are listed in Table I; both methods
guarantee perfect classification of training data.

Although the numbers of codebook vectors of the two
methods are similar, Gate’s method takes more training time

TABLE I
COMPARISON OF ICNN AND GATE’S METHOD

than ICNN: about 7, 10, and 14 times when the numbers of
training data are 2000, 4000, and 8000, respectively. As the
number of training data increases, ICNN is more effective than
the Gate’s method.

Discussion:
In the following discussion, , , , , and mean

number of training data;
number of elements of STORE in average;
number of iterations of P1-6 in Step 1 in average
(ICNN only);
number of iterations of P2-3 in Step 2 in average
(ICNN only);
number of iterations of Steps 1 and 2 (ICNN only).

In P2-1 of CNN rule, every training data need to be tested
if it is classified correctly without a specific element in STORE,
which should be performed for every element in STORE in P2-2.
Therefore, there needs a total of classifications in Step 2
of CNN rule.

In P2-1 of ICNN rule, only a specific element in STORE needs
to be tested if it is classified correctly without itself, which
should be performed for every element in STORE in P2-2. There-
fore, there needs a total of classifications in Step 2
if P2-3 needs iterations. It is not difficult to verify that the
number of needed classifications in Step 1 is .
Since the ICNN rule iterates times in Steps 1 and 2, a total
of number of classifications
are needed.

For example, if , ,
, the ICNN rule needs about classifications, while the

CNN rule needs ones. Table I shows the time comparison
between the ICNN and CNN rule. The ICNN rule is described
in more detail in reference [8].

IV. CASE STUDY

A. Building Coordination Controller

The proposed coordination controller was applied to the
voltage control of the IEEE 14-bus system in Fig. 4. Although
the specific bus and line data are not listed in this paper, they are
available in other references, such as [14]. This paper assumes
that a ULTC transformer and a STATCOM are installed in a
substation, named Bus 14. In Fig. 4, Bus 15 corresponds to the
lower voltage side bus of the substation. The control objective
of the coordination controller is to maintain the voltage magni-
tude of Bus 15 at one per-unit.

This case study assumes the followings: First, load level
varies from 50% to 250% of the standard value given for the
IEEE 14 bus system. Second, ULTC transformer has 33 taps
within a range of 10%. Third, the tap position can be changed
as often as in 5 min.
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Fig. 4. One-line diagram of the IEEE 14-bus system.

In this case study, inputs to the coordination controller are
the active and reactive powers of Bus 15, tap position, and
STATCOM output. Since there are 33 possible tap positions,
the following 33 quadruples would be formed from the power
flow calculation results for each load level:

The voltage magnitude of Bus 15 should be fixed at 1 p.u. during
the power flow calculation.

Among the above 33 quadruples, the tap position
for the minimum is the optimum tap position in
view of STATCOM output minimization, and it is selected as

at the load level.
The inputs to the proposed ANN classifier in Fig. 3 are the

current bus power (P and Q), STATCOM output, and TAP posi-
tion. Since the objective of the ANN is the minimization of the
STATCOM output, the form of training data from the above 33
power flows are

As mentioned in the coordination controller, Fig. 1, the first two
inputs ( and ) of the training data reflect the load level
and the third and fourth inputs ( and ) reflect
the system topology such as system reconfiguration.

Since the ANN trained through the above data can inform
the tap position which minimizes the STATCOM output, there
needs additional rule to reduce the number of tap changes. The
load analyzer and composite rule in Fig. 3 are introduced for
this purpose.

The following is the procedure for getting training data.

TR1: Assume a load level.
TR2: Perform power flow calculation per every tap position,

33 cases, with the assumed load level.
TR3: Select the optimal solution among the results of TR2.

Fig. 5. Daily load curve. (Load level is the ratio between instantaneous bus
load and original load data of the IEEE14 bus system).

Fig. 6. STATCOM output when tap is fixed to 16.

Since the target of the ANN is to generate tap position which
minimizes STATCOM output, the optimal solution in TR3 is
the tap position with minimum STACOM output among the 33
cases.

The 33 sets of training data are gathered through the above
procedure at every load level. For this case study, 13 233 sets of
training data are generated at 401 different load levels. And, in
the same way, another 26 466 sets of training data are generated
assuming permanent removal of Line 17 and Line 20, which are
connected directly to Bus 14. Although there is no training data
for other types of faults, favorable results are expected due to
the robustness and interpolation ability of the ANN. From the
39 699 sets of training data, the ICNN rule selects 6008 code-
book vectors for the ANN. Its misclassification rate among 3300
new test samples is only 2.5%. Moreover, the correct tap posi-
tions are within the 1 taps from the results, even when con-
sidering the misclassified cases. Meanwhile, the reactive power
of Bus 15 at 5-min interval is used in the load analyzer to esti-
mate the load trend. Therefore, 24 previous reactive power data
during the last 2 hr are necessary for the calculation.

Fig. 5 shows a daily load curve used in this study, which
can be obtained by adding 5% random disturbances to the
sinusoidal pattern within a range of 0.5 to 2.5, where the load
level means the ratio between instantaneous bus load and
original load data of the IEEE 14-bus system.Fig. 6 shows
the STATCOM output when the transformer tap is fixed at its
center position (the 16th step) and where its base MVA is 100.
In Fig. 6, the unit of STATCOM output is p.u. as noted in the
figure. For example, the total reactive load is 1.84 p.u. in the
case of load level 2.5, which is supplied by the combination
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Fig. 7. STATCOM output and TAP position for normal state (� = � = 1).

of generators, a shunt capacitor at Bus 9, and STATCOM (0.3
p.u.). Since the STATCOM output reaches over 30 MVar at its
peak to maintain the voltage magnitude of Bus 15 at unity, it
is vulnerable in the case of a system failure at that time. Load
variation of 2.0 in a day is not usual. If the range of load vari-
ation is narrower than the study case, the ANN may be trained
more easily. The paper shows the validity of the proposed
coordinated control despite of severe conditions. Since total
system load may vary between 0.5 and 2.5 in a whole year, the
ANN in the paper can be utilized during a whole year without
retraining.

B. Coordination Control Results

Figs. 7 and 8 show control results when the control param-
eters and are both one and four, respectively. In the case
of , the tap position is always changed whenever it
can reduce the STATCOM output; therefore, large amount of tap
changes are inevitable in minimizing the STATCOM output. On
the other hand, in the case of , the controller changes
tap position only if the difference between the current tap posi-
tion and the ANN output is at least four. In this case, the amount
of tap changes decreases drastically while the STATCOM output
becomes worse. In Figs. 7 and 8, the hour 25 is the hour 1 of the
next day. If load pattern of Fig. 5 is repeated as a daily load
cycle, the tap positions and STATCOM output will also be re-
peated with 24-hour period. However, the control results near
hour 0 of the first day are not same as those of other days be-
cause the initial tap position is not optimal in the first day.

Fig. 8. STATCOM output and TAP position for normal state (� = � = 4).

Fig. 9. STATCOM output and TAP position for normal state (� = 1, � = 4).

Figs. 9 and 10 show control results when the control param-
eter is fixed at one but is changed to four and infinity, respec-
tively. In both cases, load trends play an important role because
the tap is changed only if the changing direction of the ANN
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Fig. 10. STATCOM output and TAP position for normal state (� = 1, � =

1).

Fig. 11. STATCOM output and TAP position for line 20 fault (� = 1, � = 4).

output is the same as that of the current load trend. Comparing
with the case of , they show better results because
the STATCOM output is reduced significantly with few more
tap changes. Figs. 9 and 10 are very similar because seldom the

Fig. 12. STATCOM output and TAP position for line 20 fault (� = 1, � =

1).

Fig. 13. STATCOM output and TAP position for line 12 fault (� = 1, � = 4).

taps are changed more than three taps abruptly in normal con-
dition.

Figs. 11 and 12 show the control results when and
infinity, respectively, and is fixed at one, assuming Line 20 is
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removed at 5 pm. In the case of , with the small amount of
additional tap changes, the STATCOM recovers its large capa-
bility margin earlier than the case when is infinity. This means
the parameter plays a crucial role in emergencies since there
may be a chance of abrupt tap change.

The next simulation assumes a fault at Line 12 followed by
the permanent removal of the line. This case was not consid-
ered when preparing the training data, which means the case has
never been considered during the controller design. However,
Fig. 13 shows an acceptable control performance when
and owing to the robustness and interpolation ability of
the ANN.

V. CONCLUSION

This paper proposes an ANN based controller for the co-
ordination of a ULTC transformer and a STATCOM installed
at the same bus. The proposed coordination controller controls
only the transformer in minimizing the amount of tap changes
and at the same time maximizing the capacity margin of the
STATCOM. The role of the ANN is to make a decision on the
optimal tap position, which minimizes the STATCOM output.
Current load trend is also utilized in the proposed controller to
produce a better solution together with the ANN classifier.

The proposed controller has two control parameters and
that are used to resolve the conflict between the transformer and
the STATCOM. According to the case study, only is effective
in normal condition while needs to be set at an appropriate
value for emergencies. There need to be prior analyzes to obtain
the best and for each power system because they depend not
only on the system topology but also on the operators’ mind set.
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