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Fig. 5. 12-bus test power system with AGCs and voltage control on pilot bus
4.

training algorithms for RNNs have been discussed [36], [38],
[39], and will not be repeated in this paper.
For neurocontrol designs using FFNNs, time delayed loops

(TDLs), which provide the neural network with a series of
previous plant input-output signals, are necessary to model
the plant dynamics [40]. With RNNs, their internal dynamic
loops effectively provide the time delayed information [41],
and thus TDLs are not used in the schematic diagram shown
in Fig. 3. More mathematical background on using RNNs for
implementing DHP has been discussed by the authors in [41].

IV. DHP-BASED DSOPF CONTROLLER DESIGN FOR A 12 BUS
TEST POWER SYSTEM

A. Bus Test Power System

A 12-bus test power system modified from [42], as shown
in Fig. 5, is used to demonstrate the design of a DHP-based
DSOPF controller. Buses 4 and 5 are two remote load buses
supplied from three transmission corridors. No infinite bus is
used to hold the system frequency. All four generators are mod-
eled with full transient dynamics in PSCAD and equipped with
AVRs and speed governors. Generators 2 to 4 are within one
control area and they are controlled by AGC2. Generator 1 is as-
sumed to be an aggregated representation of an interconnected
area and it is controlled by AGC1. With AGC1 and AGC2, the
system frequency and interarea tie-line power flow, , can be
maintained at the nominal/scheduled values. Bus 4 is selected as
the pilot bus for a PI-based secondary voltage control. Block di-
agrams of the AGC, bus 4 voltage control , AVR, and
speed governor used in this paper are shown in Fig. 6. The dis-
patch ratios in the AGC, and , are determined
by the changing rate of the incremental cost of each generator,
so that any changes from the AGC would result in minimum
costs [8]. The dispatch ratios in the are set to be equal
in this study. All four generators are assumed to be gas-turbine
based and have a ramp rate (both up and down) of 18 MW/min.
The generator and line parameters are provided in [42]. The

base case of this system, including the scheduled tie-line flow,
is defined in the Appendix. At each load bus, half of the load is
represented by a constant-power load and the other half is rep-
resented by a constant-impedance load, which introduces some

Fig. 6. Block diagrams of: (a) an PI-based AGC ( is positive with an in-
bound flow); (b) a PI-based pilot bus voltage control; (c) an AVR; and (d) a
speed governor.

load-voltage characteristics [43]. All lines are represented by
the lumped -equivalent model [8].
A DSOPF controller is designed below to replace AGC2 and

and provide coordinated secondary active and reactive
power flow control. AGC2 and are disconnected during
the training and testing of the DSOPF controller. Similar to
AGC, the data update rate for the DSOPF controller is assumed
to be 1 s, which neglects the transient oscillations but includes
the local controller and load dynamics. During the training, the
weights of the model, action, and critic networks in the ACD
scheme are also updated every 1 s.

B. Model Network—System Identification

The nonlinear dynamic plant seen by the DSOPF controller
is defined in Fig. 7. The following 15 smoothed wide-area mea-
surements are sampled at 1 Hz for the DSOPF controller: the
system frequency in Hz, (average rotor speeds of G2, G3 and
G4); the rms voltage at each of the 5 load buses in per unit (pu),

and ; the apparent power flow magnitude of
4 long lines in pu, , and ; the tie-line power
import in MW, ; the active power outputs from G2 to G4
in MW, , and ; and the total active power loss in
MW, . These 15 measurements are then scaled linearly to
have the same order of magnitude, and the plant output, , is
obtained.
The plant has 6 inputs from the DSOPF controller. to

are adjustment signals to change the three generators’ ac-
tive power outputs, and to are adjustment signals to
change the three generators’ terminal voltages. These six inputs
are scaled and added to the steady-state dispatches, , obtained
from the traditional OPF algorithm.
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Fig. 7. The nonlinear plant seen by the DHP-based DSOPF controller in the 12-bus power system example.

Fig. 8. PRBS perturbations applied to the 12-bus system.

Based on the DHP scheme shown in Fig. 3, an RNN model
network, with 21 inputs and 15 outputs, is trained to minimize
the following error [29]:

(2)

where is obtained from one step delay of the model net-
work output. In other words, the model network is trained to
identify the plant dynamics and provide one-step-ahead predic-
tion. The model network is pretrained with pseudo-random bi-
nary signal (PRBS) injections at 8 different dispatch cases, as
listed in Table I, where D1 is the base case, D2–D4 represent
line outage conditions, and D5–D8 represent different load con-
ditions. All 8 dispatches have been optimized in MATPOWER
[44] using the interior-point OPF algorithm with bus-voltage
and line-rating constraints, and then manually adjusted to ac-
count for load-voltage characteristics and local controller er-
rors. The PRBS perturbations applied to the system are shown in
Fig. 8, where the perturbations applied to the 3 generator power
commands change sequentially every 20 s, and the perturba-
tions applied to the three generator voltage commands change
sequentially every 2 s. 500 s of data for each dispatch case are
recorded and used for model pretraining.
The testing results of the pretrained model network (with

fixed weights) at D1, D2, D5, and D6 under the same PRBS in-
jections are shown in Fig. 9, where only (related to the system
frequency) is plotted due to limited space. All 15 outputs from
the model network have similar tracking performances at all 8
dispatch cases. After the pretraining, the model network is then
used to provide the system-wide cross-coupling sensitivity sig-
nals, , over a wide operation range for training

Fig. 9. Model network testing results at the D1, D2, D5, and D6: plant output
and model network output .

TABLE I
OPERATING CONDITIONS FOR MODEL NETWORK PRETRAINING

the critic and action networks. During the training of critic and
action networks, the model weights are continuously updated
with a small learning rate to ensure tracking of new operating
conditions.
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C. Critic Network and Cost-to-Go Function—Optimal Control
Objective

The control objective for the 12-bus system in this paper in-
cludes six components: the area control error, ; the system
voltage deviation, ; the system line loading, ; the total
fuel cost, ; the total line loss, ; and the control effort,

. The utility function, , is thus defined as

(3)

with

(4)

where ’s are various weighting factors (listed in the
Appendix), and ’s and ’s are the plant input-output
scaling factors shown in Fig. 7. In this paper, the weighting
factors are heuristically selected. A higher weighting factor
gives a higher priority to the corresponding component, and
these weights may be changed according to system conditions
and specific designs. in (4) is designed such that if
a line loading is above 1 pu, increases dramatically;
otherwise, becomes negligible. The pu line loading of
line 2–5, , is obtained by

(5)

Similar relationships exist between and
, respectively. In (4), is the fuel cost

of generator in $/h. A quadratic function is used to approximate
the generator fuel cost, as in

(6)

where the coefficients and for the three generators are
listed in the Appendix. From (3) to (6), the utility function,

, depends only on the plant output vector, , and the
control action vector, . As defined in (1), the cost-to-go
function, , is then the discounted accumulation of .
The approximation of is accomplished by the critic net-
work.

An RNNDHP critic network is trained online to approximate
, the derivative of with respect to ,

by minimizing the following error [29]:

(7)

The training of the critic network is done online with the ac-
tion network in loop. The training starts with a small discount
factor , say 0.5. As the critic weights converge, the discount
factor is linearly increased to 0.8 in this paper. A higher discount
factor results in a higher number of look-forward steps but re-
quires longer training. Since the training of the action network
also depends on the critic network [29], these two networks are
trained and converge together [35].

D. Action Network—Optimal Control Law Approximation

The optimal control objective of the DSOPF controller is to
minimize at every time step , which is accomplished by
training the action network. An RNN action network is trained
to approximate the optimal control law by minimizing [29]

(8)

During the training, when becomes zero, is the op-
timal control action that minimizes in the local region.
Global optimal is obtained by exposing the DSOPF controller
to different system conditions.
To minimize the initial impact on the power system, the

random initial weights of the critic and action networks are
limited to very small values such that the initial outputs of
both networks are close to zero [18], [41]. Starting at D1
(see Table I) and with a discount factor of 0.5, the action and
critic networks are connected to the 12-bus system and trained
online. The weights of both the action and critic networks
are updated in every time step, i.e., 1 s, based on their error
signals (see Fig. 3). Different disturbances are then applied
the system. After both networks converge at D1, the training
process continues at other operating points, and the discount
factor is slowly increased.

V. SIMULATION RESULTS

A. Steady-State Performance of DSOPF Control

The steady-state performance of the DSOPF controller is
studied at multiple dispatch cases. Due to limited space, only
the results at D1, D3, and D7 are shown in Table II, where the
system is driven by either the or the DSOPF
controller. For , the reference voltage at bus 4 is set to
0.97 pu. The voltages of the two load buses, and , and the
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TABLE II
STEADY-STATE COMPARISONS OF THE PROPOSED DSOPF CONTROL AND

CTRL (FUEL: K$/H, : HZ, : MW, : MW, : PU, : PU)

apparent power loading of the three most heavily loaded lines
are listed in Table II.
By using the DSOPF control, the utility function, as an

overall index of optimality, is lower at all three dispatch cases.
Lower fuel cost, lower line loss, and lower peak line loading
are achieved by the DSOPF control with higher control effort
and slightly larger frequency and tie-line flow deviation.

B. DSOPF Control Performance After Load Tripping

The system is running at dispatch case D1. An unexpected
contingency happens and causes the 100 MW 60 MVAr load
at bus 5 to trip at 300 s. To prevent over-voltage, the capacitor
bank at bus 5 is also tripped at 301 s. The system frequency
and tie-line flow controlled by and the DSOPF
controller are shown in Fig. 10(a). The DSOPF controller results
in a smaller frequency rise and faster frequency recovery. The
tie-line flow also has a smaller deviation and faster return to
its scheduled value of 480 MW, when the DSOPF controller is
used.
Fig. 10(b) shows the six controlled quantities, active power

outputs, and terminal voltages of the three generators, during
this event. To regulate the short-term power imbalance, AGC2
decreases generation from all three generators at their maximum
ramp rates. In contrast, the DSOPF controller further utilizes
the load-voltage characteristics and temporarily increases the
generator voltages, which creates higher energy consumption
at the local buses to balance the short-term over-generation.

C. DSOPF Control Performance With Large Varying Loads

In this case, 50 MW 10 MVAr of varying constant-power
load, as shown in Fig. 11(a), are added to both buses 4 and 5.
As a result, the system experiences large load ramping (both up
and down) at a rate of 40 MW/min with a peak of 100 MW.
This event is used to simulate the variability contribution from
intermittent renewable generation resources.
With AGC2 and , the active power outputs and ter-

minal voltages of the three generators varies up and down to
follow the system load and regulate the bus 4 voltage, as shown
in Fig. 11(g) and (h). Meanwhile, the system consumes more
fuel, as shown in Fig. 11(b), and has higher line losses, as shown

Fig. 10. System responses after load tripping at bus 5: (a) frequency and tie-line
flow; (b) controlled variables.

in Fig. 11(c). The frequency and tie-line flow have a maximum
deviation of more than 0.04 Hz and 15 MW, respectively, as
shown in Fig. 11(d) and (e). Although the voltage at bus 4 is well
regulated by , the voltage at bus 5 drops below 0.95 pu,
as shown in Fig. 11(f). If this large load variation continues, fre-
quent switching of the capacitor bank at bus 5 would be needed
to avoid under-voltage violations.
On the contrary, with the DSOPF controller, the three gener-

ators are optimally coordinated. Lower fuel cost and line loss
are achieved. The voltage at both buses 4 and 5 are now kept
above 0.95 pu, while the system frequency and tie-line flow are
regulated much closer to their nominal values.

D. DSOPF Control Performance After Line Outage

At dispatch case D7 (bus 4 becomes more heavily loaded), a
three phase to ground fault happens somewhere along line 2–5
at 400 s. The fault is cleared by permanently tripping line 2–5.
This is a severe event since line 2–5 is heavily loaded at D7 in
order to serve the load at buses 4 and 5. Tripping of line 2–5 may
cause overloading of the other two transmission corridors. This
event requires a redistribution of power flow in order for the
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Fig. 11. System responses during large load variations at buses 4 and 5: (a) varying load applied to buses 4 and 5; (b)–(f): various system responses; (g)–(h):
controlled variables.

12-bus system to survive. Fig. 12 shows the simulation results
of this event with and the DSOPF controller.
When AGC2 and are used, bus 4 voltage (the lowest

postfault voltage) drops below 0.94 pu, as shown in Fig. 12(a).
The PI-based fails to regulate the bus 4 voltage, since the
reactive support from G2 is interrupted and the reactive power
outputs from G3 and G4 are limited by their MVA capacities.
As a result, 50 MW 20 MVAr of load at bus 4 is tripped at 500
s to bring the bus 4 voltage back to normal condition. How-
ever, transmission line 1–6, which has the highest postfault line
loading, remains overloaded, as shown in Fig. 12(b). Neither
AGC2 nor is capable of relieving this line overload.
In contrast, with the proposed DSOPF controller, both the ac-

tive and reactive power flows are optimally adjusted after the
event. Both and are maintained at normal conditions
without violating any voltage or line limits. Under-voltage load
shedding is thus not necessary. The system frequency, as shown
in Fig. 12(c), also experiences less fluctuation. The system sur-
vives this event with the DSOPF controller.

VI. PRACTICAL CONSIDERATIONS

A. Data Selection and Pretraining

For practical development of the DSOPF controller, the
pretraining of the model network can be executed offline using
historical data obtained from the power system during its
normal operation and disturbances. Using historical data allows
the model network to learn the system dynamics during most

operating conditions. Before connecting the DSOPF controller
online for real-time control, the training of the action and critic
networks can also be first conducted offline using high-accu-
racy nonlinear system models in real-time EMTP simulation
tools. The ACD algorithm also shows promising capability
to adapt to new operating conditions [18], [45], which allows
the DSOPF controller to evolve and learn new optimal control
rules.

B. Communication Delays

Power system wide-area communication delays range from
several milliseconds to several seconds depending on the com-
munication media and distance [46]. The performance of wide-
area controllers may degrade if communication delays are not
considered during the controller design stage. It has been shown
that the neural network based modeling and control can suc-
cessfully compensate for communication delays [18], [47], [48].
Further investigations are still needed on evaluating the effects
of communication delays on the DSOPF controller and properly
compensating for these delays during the design stage.
C. Scalability

Scalability is a major challenge for any power system con-
trol/optimization algorithms. For the DSOPF controller, novel
neural network structures and training algorithms for large-scale
neuroidentification and neurocontrol are two critical issues. Two
concepts have been proposed by Venayagamoorthy—the con-
cept of ObjectNets to provide modular solutions to neurocontrol
of power systems [49], and the use of cellular neural networks
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Fig. 12. System responses after line 2–5 outage (load tripping also occurs when AGC2 and are used): (a) system frequency; (b) bus 4 voltage; (c) line
1–6 loading; (d) active power outputs of G2 to G4; (e) terminal voltages of G2 to G4.

to capture topological dynamics of power systems [50]. Never-
theless, significant research efforts are still needed to investigate
the scalability of the DSOPF control algorithm.

VII. CONCLUSION

A wide-area measurement based dynamic stochastic optimal
power flow (DSOPF) control algorithm using the adaptive critic
design (ACD) technique has been presented in this paper as
a promising solution to the future smart grid operation in an
environment with high short-term uncertainty and variability.
The DSOPF control adapts the nonlinear optimal control tech-
nique from the ACD theory, replaces the traditional AGC and
secondary voltage control, and provides closed-loop dynamic
tracking of a power system’s optimal operating point.
The dual heuristic dynamic programming-ACD approach

using recurrent neural networks is used to design a DSOPF
controller for a 12-bus test power system. Simulation results
demonstrate promising steady-state and dynamic performances
of the designed DSOPF controller under various operating con-
ditions and system disturbances. In the 12-bus system example,
only the generator active and reactive power is controlled. For
a more complex power system, different FACTS devices at
critical load buses and transmission lines can also be controlled
by the DSOPF controller following the same design scheme
to achieve a better and more efficient system-wide real-time
optimal coordinated active and reactive power flow control.
Scalability of the neurocontrol, which is still an on-going re-
search, is a major challenge for applying the DSOPF control to
a larger system. Modular, cellular and multilevel neurocontrol
structures are key approaches to solve the scalability issue.

APPENDIX

Base case and generator fuel cost coefficients of the 12-bus
power system (modified from [42]):
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