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Abstract-Recently. we have proposed [ I ]  a Reinforcement 
Learning (RL) based approach for designing Automatic Gen- 
eration Controller for a two area power system, where we 
have demonstrated the efficacy of the approach on an iden- 
tical, simple, two area model. The aim of this paper is to 
demonstrate an alternative RL-AGC design which is sim- 
pler. Its effectiveness is demonstrated by considering a hydro- 
thermal system whose dynamics is more complicated than the 
system considered in [I]. 

1 .  INTRODUCTION 
An interconnected power system consists of independent 
power utilities interconnected using transmission lines. These 
independent power utilities serving the neads of a geograph- 
ical area is called an “area”. When a bulk load is added or 
if a generating units trips in any of the area, the frequency 
of the entire system comes down. Because of the govemor 
action, the generation in each area will increase. However, 
the govemor action alone cannot bring hack the frequency to 
the scheduled value. Moreover, a load change in one of the 
area, say area A, results in generation change in all the areas, 
which results in change in tie-line power flow to control area 
A. The function of the AGC is to bring back the frequency 
and tie-line flows close to the scheduled values. 

There has been considerable research work attempting to pro- 
pose better AGC systems based on modem control theory [2 ] ,  
[3], Neural Network 141, [5 ] ,  [SI, and Fuzzy systems the- 
ory[7], @I. Most of the approaches treat AGC and the rest 
of the system to be a single (feedback) controlled dynamical 
system operating on one time scale, and. often use a linearised 
system model for the design of AGC. In practice, the AGC 
function is essentially supervisory in nature. Thus the AGC, 
acts at a slower time scale compared to rest of the power sys- 
tem. . 
We have shown recently [I]  that the AGC problem can be 
viewed as a stochastic multi-stage decision making problem 
or a Markov chain control problem. That is, we view AGC 
as a supervisory controller that decides on the set point for 
a separate closed loop control system which tries to achieve 
the set generation. In [I]  we have demonstrated the use of 
Reinforcement Leaming(RL) approach for designing an RL 

controller for the AGC problem on a simple two area system. 

The RL based AGC (RL-AGC) presented in [I]  has two in- 
puts, Area Control Error (ACE) and rate of change of ACE. 
In this paper, we propose a new AGC which uses ACE as its 
only input. We denote such an AGC (with only ACE as the 
input) by RLC1. In [I], we have considered an identical two 
area model where each area is represented by a thermal sys- 
tem. However, the two areas need not be identical. Nanda et 
al. [9] have done investigation using an interconnected hydro- 
thermal system. In this paper, we investigate the performance 
of RLCI for a two area hydro thermal system. 

2. RL BASED AGC DESIGN 
In the F X  approach, the AGC function is viewed as follows. 
At each instant, k, k=1,2,. . . , the AGC observes the current 
‘state’ of the system, X k ,  and takes an ‘action’, ab. Let x 
denote the set of all possible states, and let A denote the set 
of all possible actions. Within this formulation, any AGC 
algorithm is a mapping from the set of states, X, to the set of 
actions, A. We call any such mapping, a policy. If the AGC is 
following a policy II, then ~ ( z )  denotes action taken by AGC 
on observing state x. 

Learning a ‘good‘ policy (that is, a good AGC) involves ob- 
taining a mapping from X to A so that the objective of keep- 
ing ACE within a small band around zero is achieved. We 
call such a mapping an optimal policy, T*. For the l e m -  
ing system to find the optimal policy, it needs to get a feed- 
back on how the current control law performs. For this 
we stipulate that whenever the controlled system makes a 
transition from x(k) to s(k + 1) under an action a ( k )  we 
get some evaluative feedback signal, called reinforcement, 
r(h) = g ( z ( k ) , z ( k  + l ) ,a (k) ) .  The function g ( x , y , a )  is 
part of design of the leaming system and it is expected to 
capture the control objective. 

From the above discussion it is clear that to design an RL- 
AGC one has to decide on the following. (i) What quantities 
should constitute as ‘state’, or equivalently what should be 
the set X? (ii) What is the set of actions A? (iii) What should 
constitute the g function? In addition to these design choices, 
we need an algorithm for leaming the optimal policy. 

For the RL-AGC presented in this paper, the average value 
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of the ACE (ACEavg)  is the only state variable. Since, 
we are considering RL algorithm which assumes finite num- 
her of states, ACEavg is discretised to finite levels as fol- 
lows. Let the maximum value of /ACE/ for which AGC 
is expected to act properly he L A .  (We note here that the 
choice of LA is not critical for the algorithm.) If it is re- 
quired to maintain ACE within €ACE.  ACE is discretized as 
follows. ACE \'slues whose magnitudes are less than E A C ~  

are considered as the zero level and the range of ACE val- 
ues greater than C A C E  hut less than LA are quantized to a 
finite number of levels, M A  (Where M A  = L L A / ( ~ ~ A ~ E ) ~ )  

.at equal intervals. The quantized value is the midpoint of 
the interval. All values of ACE greater than LA are dis- 
cretized to the maximum level. Similarly, negative val- 
ues of ACE, less than -€ACE are discretized to M A  lev- 
els. Thus, ACE is discretized to  MA + 1 levels, that is, 

, z E { - M A ( 2 6 ) ,  ..., -26, 0,  26, ..., M ~ ( 2 6 ) } ,  where 
6 = € A C E .  

The control action of the AGC is to change the generation 
set point, AP.  Since the range of generation change that 
can be effected in an AGC cycle is known, we can discretise 
this range to finite levels. Choosing the permissible range in 
AP as - U M A ~  to UMax and minimum step size in AP as 
APmi,, the action set A will contain the following 2Mp + 1 
levels, {-U,WA,Y, ..., -AP,i,, 0, AP,i,, ..., &ax}. 
(where M p  = UMA,Y/AP,;,,) 

The qualitative objective of the controller is captured in 
the immediate reinforcement function (9 function). As the 
control objective here is to keep the magnitude of ACE 
less than €ACE, so, whenever the next state is 'desirable' 
(i.e. IACEI+~I < €ACE which implies z1+1 = 0) then 
g(zk,zk+l,ar) is assigned a value zero. When the next 
state is 'undesirable', ( i.e. IACE*+lI > € A C E )  then 
g ( q ,  z * + ~ ,  a k )  is assigned a value -1. Thus function g ( im- 
mediate reinforcement function) can be defined as follows; 

g(zk,zr+l,at) = 0 i f  2*+1 = O  
= -1 otherwise 

(1) 

For learning the optimal policy, we use an iterative algorithm 
which is based on Q-learning [IO].  This involves learning 
the so called optimal Q-values or state-action values for all 
state-action pairs (which is denoted as Q*(z, a)) .  The optimal 
policy?i'can heohiainedfromQ' usingtherelationn*(z) = 
a r g m G E a Q * ( z , a ) .  (See [ l ]  for more details). Thus, to 
learn an optimal policy ?is, it is enough to learn Q'(z, a)  for 
all ( z ,a )  pairs. 

To find Q'(z,a) we use the following iterative algorithm. 
Suppose we have a sequence of samples (z(k), a(k ) ,  z(k + 
l ) , r ( k ) ) ;  k = 1 , 2 , .  . . and let Qk he the current estimate of 
Q'. Then, Q'+', the next estimate of Q' is obtained as 

Tp = 20s Tz = 0.513s 

.To = 0.08s TR= 5s 

Tt = 0.3s 

Table 1. System parameters for the hydro thermal model 

where 0 < a < 1 is a constant called the step size of learn- 
ing. If a is sufficiently small then the above iterative algo- 
rithm will result in Q* converging to Q' if all possible (2, a )  
combinations of state and action occur sufficiently often in 
oursamplesequence[ll],[I0]. 

3. TWO AREA SYSTEM 
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Figure 1. The Two Area Model of the Hydro Thermal Sys- 
tem 

In this section, we study the performance of RLCl using a 
two area hydro-thermal system. In a hydro-thermal system 
the two areas have widely different characteristic!. For the 
simulation studies presented in this section, we use the hydro- 
thermal model given in [9]. A block schematic of the model 
is given in figure I and the parameters of the model are given 
in Table 1. 

As mentioned in section 2, to implement a particular RLCI, 
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Figure 2.  Response of the hydro area with the RL Control!er 
(a) Plots of load disturbance in area B(PIB), change in set 
point to governor in area B (PcB) and change in set point to 
governor in area A (PcA) 
(b) Plot of average value of Area Control Error in area B 
(ACEB) 
X-axis shows time in seconds and all quantities in Y-axis are 
in p.u. 
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Figure 3. Response of area B with the integral controller 

we have to choose LA, LACE, M, UMAX and AP,,,i,. We 
have chosen LA = 0 . 0 2 , e a c ~  = 0.002, M = 1 1 , U ~ ~ x  = 
0.001 and AP,,,i, = 0.0005. The guidelinesfor choosing 
these parameters can be found in [ 121. 

Using these parameters, the optimal policy is learned using 
the simulation scheme described in [I]. We give the response 
of the hydro area (area B), with sequence of load disturbances 
in area B and without any load disturbance inarea A, in figure 
2. To compare the performance, the response of the hydro- 
thermal system for the same disturbance but with an integral 
controller whose gain KI = 0.15 has also been obtained. The 
response of area B with the integral controller for the same 
load variation is given in figure 3. 

From sub-plot a of figure 2 we see that PcB follows the load 
change in area B. However, there is a large overshoot for the 
step change in load in area B at t = 5s. P c B  increases up 
to 0.03. A similar large overshoot can be seen in the out- 
put signal of the integral controller in sub-plot a of figure 3; 
PcB increases up to 0.045. By comparing the overshoots 
with the RL controller and the integral controller, we-see that 
the overshoot with the R;L controller is much less. Both the 
RL controller and the integralcontroller follow the gradually 
decreasing ramp (I= 100s t o t  =15Os), the gradually increas- 
ing ramp (I= 250s to t =300s), and the decreasing ramp ‘(t= 
300s to t =350s). Though the decreasing ramp’reduces the 
load change (PIB) to zero at t=350s, P c B  (with RLCI) set-. 
tles down to zero only at t = 450s (refer figure 2). But P c B  
for the integral controller oscillates and settles down to zero 
only around t = 500s (refer figure 3). From the sub-plot b of 
figure 2 and figure 3, we see that both RLCl and the integral 
controller try to bring back the ACE to zero. From the plot of 
ACE from 400s to 500s in figure 2 and figure 3, it appears that 
settling time of the ACE with RLCl is less than the settling 
time of !he ACE with the integral controller. We have seen 
that the RLCl response ofthe area A (thermal) is very good. 
It must he pointed out here that the observed performance of 
the RLCl for areas having hydro-units is quite natural. ‘The 
inherent dynamics of the hydro unit model oust the primary 
response to step changeslis very sluggish (settling times of 
the order of IOOS) and oscillatory. However, the superiority of 
the proposed controller over the integral controller is evident. 

4. CONCLUSIONS 
In this paper, we have presented a new RL-AGC, RLCI, 
which uses ACE as the only state variable. Further, we have 
studied the performance of RLCl for a hydrothermal system 
where two areas have widely different characteristics. RLCl 
in both areas could bring hack ACE within a specified bounds. 
The results here clearly establish the feasibility of using only 
one state variable for RL-AGC design. This alternative AGC 
design riduces both the design and implementation complex- 
ities. 
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