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A FUZZY ADAPTIVE CORRECTION SCHEME FOR SHORT TERM 
LOAD FORECASTING USING FUZZY LAYERED NEURAL NETWORK 
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Abstract - A hybrid neural network-fuzzy 
expert system is developed to forecast 
one hour to forty-eight hour ahead 
electric load accurately. The fuzzy 
membership values of load and other 
weather varbbles are the inputs to the 
neural network and the output comprises 
the membership value of the predicted 
load. An adaptive fuzzy correction 
scheme is used to forecast the final 
load by using a fuzzr rule base and 
fuvy inference mechanism. The paper 
also presents a fuzzy pattern 
classification approach for identifiing 
the duy-type from the historical load 
database to be used for training the 
neural network Extensive studies have 
been performed for all seasons, although 
the results for a typical winter day are 
given in the paper to demonstrate the 
powerfilness of thk technique. 
1. INTRODUCTION 

electricity and power demand is 
important for optimum operation planning 
of power generation facilities, as it 
affects both system reliability and fuel 
consumption. Accurate forecasting of 
energy demand determines the type of 
facilities required, and provides the 
basis for assessing future revenues. 
Power demand forecasting, on the other 
hand facilitates the day to day 
operation of generating plants, ensuring 
a reliable supply of electricity all the 
time. Adequate planning should take into 
account the effect of various factors on 
the load, such as, weather conditions, 
day of the week records of historical 
data. 

The current techniques for load 
forecasting use conventional smoothing 
techniques, regression methods and 
statistical analysis. These methods fail 
to give an accurate forecast because of 
their inherent limitations. Although 
much effort has also gone into the 
attempt to develop knowledge based 
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expert systems to adequately forecast 
the future demand of electricity, 
entirely successful results have 
remained elusive. Recent research in the 
area of neural network technology [l-51 
has shown that neural network possess 
the properties required for such 
applications, such as, nonlinear and 
smooth interpolation, ability to learn 
complex non-linear mappings, and 
adapting themselves to different 
statistical distributions. In addition, 
they can improve their performance by 
learning from past experiences and 
making generalizations of their 
knowledge for novel scenarios. With the 
standard multi layered neural network 
problem, learning algorithm such as the 
error backpropagation requires rather a 
large training time and results in not 
too accurate prediction due to the 
nonstationary nature of the data, and 
its dependence on temporal seasonal and 
annual variations. 

Thus to obtain an accurate power 
demand forecast based on the multilayer 
perceptron using backpropagation 
algorithm and a fuzzy expert system for 
error correction are used in this paper. 

The approach taken in this paper is 
to produce the load forecast in two 
steps. In the first step the inputs to 
the neural network are classified into 
overlapping regions like low, medium and 
high categories using nonlinear 
membership functions. The neural network 
produces a forecast of the power demand 
at the output node. In the second step, 
a fuzzy expert system is used to 
manipulate the forecasted value by using 
a fuzzy rule base and inference 
mechanism pertaining to load and weather 
parameters to determine the final 
forecast . 
NETWORK FOR INITIAL FORECAST 

Artificial neural networks are a 
massively parallel interconnection of 
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simple neurons that function as a 
collective system. Their high 
computation rate enables real-time 
processing of huge data sets and the 
redundancy of their interconnections 
ensures robustness. 

The utility of fuzzy sets lies in 
their capability in modelling ambiguous 
data so often encountered in real life. 
Fuzzy concepts have already been 
incorporated into neural nets in control 
problems [6-71 and to model possibility 
distributions. 

The present work attempts to 
develop a fuzzy model of the multilayer 
perceptron using the gradient-descent 
based backpropagation algorithm by 
incorporating concepts from fuzzy sets 
at various stages. The proposed model is 
capable of producing an initial load 
forecast and also classification of 
fuzzy patterns of the day types. 

Broadly the network passes through 
two phases, i.e., training and testing. 
During training supervised learning is 
used to assign class membership values 
to the output nodes for each training 
vector. The backpropagated error is 
computed with respect to each such 
desired output. After a number of cycles 
the neural net converges to a minimum 
error solution. 

This error is minimized by using a 
gradient descent algorithm by starting 
with any set of weights and repeatedly 
updating each weight by an amount 

where q is the learning rate and a and f3 
are momentum coefficients. A large q 
would speed up the convergence initially 
but oscillations tend to occur as the 
error progressively becomes small and 
thus it has to be reduced. The value of 
q is fixed at .001 and once oscillations 
occur q is reduced to .OO01. However, a 
and fl are fixed at 0.8, -0.15, 
respectively. Training is stopped in 
each case, once the error does not 
reduce by less than .001% over 1000 
iterations. 
3. FUZZY LOGIC AND PATTERN 
REPRESENTATION IN LINGUISTIC FORM 

We use the modified n - function to 
assign membership values for the input 
features corresponding to the linguistic 

properties low, medium and high. Let x = 
{xl, x2, ... , xL} be a set of L pattern 
points in an N-dimensional feature 
space. The fuzzy set associated with X 
is defined as 

X(a,b,h)={px ( a , b , ) (5). 7 } 9  

where p (Xi) = n(Xi,a,b,%) 
for i = 1,2, ... , L (2) 

x ( a ,  b ,  c )  
Hear X(a,b,h) is a fuzzy set of points 
such that ' x ( a , b , c )  (xi) devotes the 
degree of belongingness of xi to this 
set. 

For example, the load, temperature, 
humidity, etc. can be classified into 
three categories, i.e., small, medium 
and large and the membership function of 
each is obtained as 

(3) 
where 4 : membership of the quantity x 
and category i 
x.:load/temp./humidity,etc.in category i 
ai,bi : coefficients corresponding to 
category i 
h: a suitable index based on experiment 
for category i 

The values of a.and b, for load, 
temperature, humidity, wind speed and 
sky cover are shown in Table 1. Here 
h. is taken as 4. Further Fig.2 shows the 
membership function associated with each 
of the above variables for a typical 
forecasting problem on a winter day. In 
the fuzzy neural network model under 
consideration, each input feature F, (in 
quantitative and/or linguistic form) can 
be expressed in term of membership 
values indicating a measure of 
belongingness to each of the linguistic 
properties, small, medium and large. 
Therefore, an n-dimensional pattern XI = 

[F1, F2 ,....., F ] may be represented as 
a 3n-dimensional vector: 

I 

1 

(4) 

Hence in trying to express an 
imprecise input X, through its 
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hour t, humidity at hour (t-l), etc. 
n u s  input pattern is used for producing 
1 to 6 hours ahead forecast. However,)( F1 
for 24 or 48 hours ahead forecast, the F2 '* 

load 24-hours back at hour t, '' temperature and humidity 24-hours back 
at hour t and t-1, respectively, are 
used as inputs to the neural network. 
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These features are normalized by using 
their maximum and minimum values. 
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The value of ACmax is a function of 
the maximum error bound which can be 
adaptively changed for 24, 48 or 72 
hours ahead predictions respectively. 
Fig.3 shows the load correction 
membership function and its adaptive 
version is shown in Fig.4. The value of 
AC mrx is quantitatively obtained (Fig.5) 
as 

~ ~ ~ t i o n / m m b e r s N  grade 
(dpow) 

errm (normalised) 
~mii + rnedlum * broe - Fig.2 

are calculated using equation (3). 
Fig.2 depicts the membership 

functions associated with each of these 
errors. The membership value of the load 
error correction is 

deK)  = (1/C m a  x ).eK (8) 
e = Actual load (t) - Predicted 

load (t) and C max is the slope of the 
load correction and is shown in Fig 3. 

For small errors em for one hour 
ahead prediction equation, is adequate. 
However, for large errors occurring for 
load forecast 24, 48 or 72 hours ahead, 
the membership function for the load 
error correction is 

K 

&eLc) = (l/Cmax* AC ma x )I*ei,c (9) 
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AC = f {e or e(t+llt)} 
max 1 max 

In this arrangement change in emax 
will change ACmax. However, by changing 
the effective slope in Fig.4, the model 
can be made sensitive to error. 
5.1 FUZZY RULE BASE 

For forming the rule base for the 
fuzzy expert system, the six categories, 
like SP(smal1 positive), MP(medium 
positive), LP(1arge positive), SN(smal1 

MN(medium negative), LN(1arge :zi%zf are used for all the features 
like load error, temperature error, 
humidity error, etc. and is thus used 
for forming the rule base for error 
correction. The following five sample 
rules in the knowledge base of the fuzzy 
expert system are used for load error 
correction: 
Rule 1. IF eT is SP AND eH is SP THEN 
correction to the load is SP. 
Rule 2. IF eT is SP AND eH is MP THEN 
correction to the load is MP. 
Rule 3. IF eT is SP AND eH is LP THEN 
correction to the load is LP. 
Rule 4. IF eT is MP AND eH is SP THEN 
correction to the load is MP. 
Rule 5.  IF eT is MP AND eH is M P  THEN 
correction to the load is MP. 

For the case considered here, the 
total number of production rules is 36. 

From the above rules the load 
correction required for a given hour in 
the above example is found out at the 
defuzzification stage using the Centre 
of Gravity method as 

L L 

Where L is the set of load 
corrections for a pair of temperature 
and humidity errors. 
6. RESULTS 

To demonstrate the effectiveness of 
the proposed hybrid ANN and Fuzzy Expert 
System based approach, load forecasting 
is performed on the data base of an 
electric utility. 

Figs.7 and 8 show the forecasted 
errors for hourly prediction on a 
typical summer day and winter day, 
respectively. Increasing lead time from 

hourly predictions to 24 hours and 48 
hours, respectively the maximum %age 
errors are 0.78 (78 MW) and 1.19 (119 
MW). Figs.9 and 10show the 24-hour lead 
time % error curve over a period of 
twenty four hours for summer and winter 
days. The increase in error necessitates 
the use of adaptive fuzzy correction. 

The results of hourly load forecast 
for a typical winter day we shown in 
Table-2. After fuzzy corrections, the 
maximum percentage error after the ANN 
prediction reduces from 1.58 (158 MW) to 
0.18 (MW) for one-hour ahead forecast. 
However, in case of 24-hour ahead 
forecast this error reduces from 2.36 
(236 MW) to 0.69 (69 MW) with fuzzy 
correction. 

By employing adaptive fuzzy 
correction it is, however, seen that the 
maximum percentage error for one hour 
ahead forecast reduces to 0.06 (6 MW) 
and 0.02 (2 MW) for linear adaptive and 
non-linear adaptive corrections, 
respectively. For 24-hour ahead forecast 
it is 0.26 (26 MW) and 0.21 (21 MW) for 
linear and non-linear adaptive 
corrections, respectively. 
7. CONCLUSION 

A new methodology (hybridizing 
neural network and fuzzy expert system) 
is developed for calculating one-hour to 
forty eight-hour ahead prediction of 
hourly electric load. This approach uses 
backpropagation technique for an initial 
forecast and then a fuzzy expert system 
ia used for error minimization and the 
final forecast. Moreover, an adaptive 
approach has been employed to minimize 
the error more precisely. The results 
obtained from this study are highly 
encouraging as the adaptive hybrid 
expert system produces a very correct 
estimate of short term load magnitudes. 
Further the fuzzy neural net model is 
applicable for all seasons as it 
categorizes the uncertain data into a 
set of fuzzy variable taking values 
between 0 and 1. 
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2 
3 
I 
5 
6 
7 
8 
9 
1 0  
11 
1 2  
1 3  
1 4  
1 5  
16 
17 
1 8  
19 
20 
2 1  
22  
2 3  
24 - 

ictual 
Load(KW) 
22556.40 
20793.77 
19809.84 
19435.59 
19485.99 
20320.76 
22167.88 
26448.05 
30317.06 
31605.94 
31276.87 
30847 - 4 5  
30356.89 
29581.29 
29168.89 
29116.26 
28887.12 

28322.02 
27346.63 
26857.33 
26122.7E 
25766.1E 
24589.54 

28028.98 

error ( % 1 
10.03 
10.03 
10.05 

t o .  05 
t o .  03 
to. 04 

to. 03 
t0 .04  
to. 03 
t o .  07 
t o .  07 
t o .  06 
t o .  09 
-0.03 
+O. 03 
+0.03 
+O. 04 
t 0 . 0 4  
+O. 04 
0.04 
t 0 . 0 5  
t o .  04 

-0.07 

-0 03 

lon-lin adpt 
srror ( % ) 
t o .  0 1  
t o .  0 1  
to. 0 1  
-0.02 
to. 0 1  
+o. 0 1  
t o .  0 1  
-0.01 
t o . 0 1  
t o .  02 
t o .  0 1  
+o .02 
+o .02 
+o .02 
t o .  03 
-0.01 
t o .  0 1  
+o. 0 1  
t o .  02 
t 0 . 0 2  
+o .02 
+o. 02 
+o .02 
t 0 . 0 2  
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