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Abstract – In this paper, we introduce data mining techniques for short-term load forecasting (STLF). 

First, we use the K-mean algorithm to classify historical load data by season into four patterns. Second, 

we use the k-NN algorithm to divide the classified data into four patterns for Mondays, other 

weekdays, Saturdays, and Sundays. The classified data are used to develop a time series forecasting 

model. We then forecast the hourly load on weekdays and weekends, excluding special holidays. The 

historical load data are used as inputs for load forecasting. We compare our results with the KEPCO 

hourly record for 2008 and conclude that our approach is effective.   
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1. Introduction 
 
The power industry can no longer over-consume cheap 

electrical energy. This is because of the need to reduce 

emission of greenhouse gases that cause global warming 

and because of the rapid increase in the raw-material prices 

caused by resource exhaustion. Moreover, the stability of 

power supply is at risk because of the rapid increase in the 

power consumption and because of the changes in the 

usage pattern caused by upgrades in the industrial structure. 

It is necessary to develop short-term, mid-term, and long-

term power load forecasting in order to actively cope with 

these changes in the power industry and to predict the 

future demand. This will facilitate economical operation 

since stable power supply and cost reduction will be 

ensured. 

Power load forecasting can be divided into mid-term and 

long-term forecasting, which are conducted every year or 

month, and short-term forecasting, which is conducted 

every hour. Mid-term and long-term power load 

forecasting provides basic data for developing long-term 

plans for system operation, such as a power supply plan, 

power development plan, power transmission and 

transformation plan, fuel consumption plan, and 

investment plans. These forecasts are based on mid-term 

and long-term indices such as economic growth rate, rate 

of population increase, and increase in the price of raw 

materials. Short-term power load forecasting is closely 

related to the generation costs and reliability; further, it is 

strongly affected by the day, demand pattern, temperature, 

wind velocity, etc. The results of forecasting are used for 

controlling power systems, establishing short-term plans, 

calculating power tides, etc. 

Existing methods for short-term load forecasting include 

general regression analysis and time series methods [1-3]. 

Recently, an expert system has been used to predict the 

load after establishing a database using the knowledge and 

experience of experts [4, 5]. Another method for predicting 

the short-term load involves the use of a nerve circuit 

network, which is an intelligent system [6-9]. In this study, 

the power loads were predicted using an auto regression 

integrated moving average (ARIMA) model, a time series 

method, and a simple exponential smoothing method; the 

results were then compared. 

Data mining has been used to predict power loads more 

accurately and to classify them according to their patterns. 

Data mining can be defined as the process of analyzing or 

extracting new and meaningful information from data, with 

the aim of finding hidden trends and patterns. In data 

mining, high-class statistical analysis and modeling 

techniques are adopted, including clustering, classification, 

associative rules, and time-series sequential patterns. 

This paper the aim of this study was to classify our 

country’s actual power load patterns for 2008 using the K-

mean and k-NN data mining techniques, which are 

representative data mining techniques, and to verify the 

effectiveness of these techniques by carrying out 

forecasting. 

 

 

2. Data Mining 

 

2.1 K-mean clustering  

 

Clustering involves grouping physical or abstract objects 

into classes of similar objects. It is widely used in fields 

such as pattern recognition, data analysis, and image 

processing. It is an independent tool that obtains 

knowledge of the data distribution, observes the features of 
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each cluster, and can focus on a particular cluster set for 

additional analysis. 

K-mean algorithm was proposed by Cox (1957) and 

Fisher (1958) and developed by Hartigan (1975) and 

MacQueen (1967). It is the method most commonly used 

in clustering. It divides the data into K relatively similar 

clusters where k, the number of groups, is determined in 

advance [10]. The algorithm is as follows: 
 

[Step 1] Select K arbitrary vectors from the dataset 

1 N
[x ,...,x ]  and create a K initial central set 

1 K
[y ,...,y ] . 

 

[Step 2] If n
x  is closest to i

y , add it to cluster i
x . 

After all, the dataset is divided into K clusters 

1 K
[X ,...,X ] . 

i n n i n i
X ={x |d(x ,y ) d(x ,y ),j=1,...,K}�  

 

[Step 3] For the new clusters obtained from Step 2, 

renew each center. 

i i
y =c(X ), i=1,...,K  

 

[Step 4] Obtain the total distortion via the sum of the 

distances from the cluster centers nearest the 

data. 
N

n i(n)n 1
D  d(x ,y )

=
= ∑  

where n K
i(n)=k, if x X�  

 

[Step 5] If the center values of the new cluster are 

equal to the values of the previous iteration, 

stop. Otherwise, repeat Steps 2–4 with the 

center value of a new cluster. 

 
Fig. 1. shows an algorithm sequence diagram to classify 

power load types using data mining. 

 

2.2 k-NN classification  

 

Classification is widely used in data mining. It involves 

recognizing a feature of a new object and allocating it to a 

category according to a predefined classification code.  

Classification has been used in fields such as image and 

pattern recognition, medical diagnosis, and credit approval. 

Its representative algorithms include k-Nearest Neighbor 

(k-NN), judgment analysis, and decision trees. 

The problem of classification can be described as 

follows: “There are input data or records that form a 

training set, and each record has an attribute. The purpose 

of classification is to analyze the data based on a given 

feature and to develop an accurate model for each class. 

The test data are used to classify data whose class label is 

unknown.”  

k-Nearest Neighbor is a simple algorithm that 

memorizes the training data and performs classification 

only if the attributes of an object exactly match one of the 

training examples. It finds the group of k objects in the 

training set that are closest to the test object and assigns a 

label to the test set based on the predominance of a 

particular class in this neighborhood. There are three key 

elements to this approach: a set of labeled objects, a set of 

stored records, and a distance or similarity metric to 

compute the distances between the objects. The algorithm 

is as follows [10]: 

 

Compute d(x',x) , the distance between Z and every 

object (x' , y')  D ∈ . Select x
 D  D ⊆ , the set of the k 

training objects closest to Z . 

Input: D, the set of training objects, and the test object 
Z  (x' , y')= . 

 

Output:   i
y'  arg max I(ν  y )= =∑ , i i z

y(x ,y ) D∈      

      (1) 

 

where, ν  : a class label,  

 i
y  : the class label f or the i th nearest neighbors,  

 I( ) : indicator function that returns 1 if its 

argument is true and 0 otherwise. 
 
 

3. Load Forecasting 

 

We predicted power loads using the simple exponential 

smoothing model and ARIMA, a simple and practical 

prediction technique. 

 

3.1 Simple exponential smoothing model 

 

The simple exponential smoothing model is a moving 

average method that places a greater weight on the recent 

 

Fig. 1. K-mean clustering 
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demand when calculating the average. 

 

 t 1 t t t
F   F α(Z F )+ = + −               (2) 

 t t 1 t-1
F   αZ (1 α)F−= + −               (3) 

 

where, t 1
F +  : Predicted value at time point t+1 

 t
Z  : Observed value at time point t 

 Z-F  : Error 

 α  : Smoothing constant 

 

Larger the smoothing constant α value (0–1), the greater 

the weight given to the recent data. For data with a 

particular pattern, more weight should be given to recent 

data, and for data without a particular pattern or with 

severe variation, more past data should be included. In 

addition, α should minimize the mean square error and the 

mean absolute percentage error (MAPE). 

The advantage of this technique is that it needs only 

three data (the prediction value just obtained, the observed 

value, and smoothing constants) whereas the weighted 

moving average method requires the previously observed 

value and the weight. 

 

3.2 ARIMA Model 

 

3.2.1 Auto regression (AR) model 

This model involves performing a regression of the time 

series itself, and the general p th order AR process{ t
Z } 

satisfies 

 

 
2 p

1 2 p t
(1 B B ... B )Z

t
aφ φ φ φ− − − − =          (4) 

 

where, t
a  : a white noise process with average 0 and 

dispersion 
2

a
σ  

 φ  : auto regression factor 

 B  : backward operator satisfying 

 

 
2 n

t t 1 t t 2 t t
BZ   Z , B Z   Z ,...,B Z   Z

n− − −= = =     (5) 

 

3.2.2 Moving average (MA) model 

 

An MA process is a general linear process of t
Z whose 

limited number of weights is not 0, and a t
Z th order MA 

process can be written as 

 

 
2 q

t 1 2 q
Z (1 B B ... B )

t
aθ θ θ= − − − −        (6) 

 

where, t
a  : white-noise process with dispersion 

2

a
σ  

 θ  : parameter. 

 

3.2.3 Auto regression moving average model (ARMA 

model) 

The AR model and MA model can be combined into a 

low-order ARMA model when the orders p,q are high, i.e., 

when there are too many parameters. This will lead to a 

better approximate value. This time series is referred to as 

a mixed ARMA (p,q) with a p th order AR part and a q th 

order MA part and is expressed as follows: 

 

 p t
(B)Z ( )

q t
B aφ θ=               (7) 

 

The characteristic equations for the AR and MA parts of 

an ARMA (p,q) model satisfying this equation are defined 

as follows: 

 

 
2 p

p 1 2 p
(B) 1 B B ... Bφ φ φ φ= − − − −         (8) 

 
2 q

q 1 2 q
(B) 1 B B ... Bφ φ φ φ= − − − −         (9) 

 

3.2.4 Auto regression integrated moving average model 

(ARIMA model) 

The average, dispersion, and autocovariance of time 

series data are assumed to be independent of temporal 

changes. However, in actual time series the data are usually 

abnormal i.e., the average and dispersion depend on the 

temporal flow. To normalize the data, logarithmic 

conversion or dispersed stabilization conversion can be 

applied to the dispersion, and a difference calculation can 

be applied to the average. 

The d th order differential time series of the resulting 

normalized time series data becomes an ARIMA( p,d,q ) 

model whose general equation is 

 

 
d

p t q t
φ (B)(1 B) Z φ (B)a− =            (10) 

 

 

4. Case Study 

 

The electric load classified by season (spring, summer, 

fall, winter) and type of day (Monday, other weekday, 

Saturday, Sunday) using K-mean and k-NN data mining. 

We forecast the load for the next day using ARIMA and a 

simple exponential smoothing method. To demonstrate the 

performance of the method we used data for the Korean 

national electric load from 2008. 

 

4.1 Electric load analysis 

 

We used k-means to classify the load by season and k-

NN to classify it by day type. Fig. 2. illustrates the 

procedure. 

 

4.1.1 Seasonal electric load clustering using K-mean 

We used 196 weekdays of data, omitting the summer 

vacation from mid-July to mid-August. This paper used to 

classify the electric load data with seasonal day type by use 

of K-mean. The result of the K-mean algorithm depends on 

the allocation of the initial center value of the clusters. We 

tested three initial allocations: allocating randomly, 
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allocating with selected k electric load data, and allocating 

average values of each day type. The test converges where 

there is no change in the center values. The results show 

that the third option is the most efficient in terms of 

convergence speed and the ability to classify the data by 

season. Table 1 shows the differences in the results and 

Table 2 shows the result using the third option. 

 

Table 1. Differences in seasonal load classification for 

different initial allocations. 

 Center of Clusters 
Seasonal 

Classification 
Iteration 

case 1 Random Not clear 8.2 

case 2 Select load data Possible 6.64 

case 3 
Average values that 

possibly classified to 

the same cluster 

Possible 3.84 

 

Table 2. Seasonal load classification using option 3. 

Season Period 

winter January ~ February 

spring March ~ June 1st week 

summer June 2nd ~ September 3rd week 

fall September 4th ~ November 3rd week 

winter November 3rd ~ December 

 

4.1.2 Daily electric load classification using k-NN 

After classifying the data by season, we used k-NN to 

classify it by day type. When using k-NN, it is usually 

efficient to set k to an odd number less than 7. We 

classified the data into five day types (Monday, other 

weekday, Saturday, Sunday, holiday). We measured 

similarity using the Euclidean distance. Table 3 shows the 

results of this classification. 

 

 
N

2

j i 1

i 0

D (x S )
=

= −∑               (11) 

 

where, D  : Euclidean distance 

 i  : time 

 i
x  : data to be classified 

 i
s  : training data 

 

Table 3. Day type classification for different values of k. 

Day type k=1 k=3 k=5 k=7 

Monday 46 45 45 45 

Other weekday 184 184 184 184 

Saturday 47 46 46 45 

Sunday 42 42 40 40 

Holiday 46 48 51 51 

 

The weekday results are independent of k, but the other 

results are not. The k-NN method assumes that the training 

set has almost perfect accuracy. However, because the load 

has an annually increasing tendency and depends on the 

weather conditions, there are no perfect training data. We 

apply the following procedure: if the data have different 

day types we confirm this by eye and check that the MAPE 

is below 5%. We concluded that k=1 gave the best results. 

Figs. 4 to 7 illustrate the seasonal load patterns. 

 

4.2 Electric load forecasting 

 

We performed the forecasting using the 2008 data 

classified by K-mean and k-NN. SPSS 14.0K was used for 

ARIMA and Microsoft Excel 2007 was used for simple 

exponential smoothing. ARIMA used eight previous data 

and four day types (Monday, other weekday, Saturday,  

 

Fig. 2. Procedure for electric load classification 

 

 

Fig. 3. Result of seasonal load classification 
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Sunday). To evaluate the performance of the model, we 

compared the results with actual electric load data by 

calculating the MAPE: 

 

 
t t

t

|z x |1
MAPE(%) 100%

N x

 −
= × 

 
         (12) 

where, t
z : forecast load 

 t
x : actual load 

 N : forecasting number  

 

Figs. 8. to 11. give the results for fall. The two models 

almost match the actual load. Other-weekday forecasting is 

the most accurate. This is because of the time interval: the 

 

Fig. 4. Load pattern for spring 
 

 

Fig. 5. Load pattern for summer 
 

 

Fig. 6. Load pattern for fall 
 

  

Fig. 7. Load pattern for winter 

 

 

 

Fig. 8. Result of load forecasting (fall other-weekday) 

 

 

Fig. 9. Result of load forecasting (fall Monday) 

 

 

Fig. 10. Result of load forecasting (fall Saturday) 
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load is dependent on the weather, so naturally there is a 

difference in accuracy between daily and weekly data. In 

spite of this difference, two models is about 1.5% accuracy, 

regardless of the day type. 

 

 

 

5. Conclusion 

 

In this paper, we suggested that electric load data should 

be classified by using K-mean and k-NN methods rather 

than by using a calendar, in order to improve forecasting 

accuracy. The load data are classified by season using k-

means; then, the data are classified according to four day 

types. Using the classified data, we performed short-term 

electric load forecasting using the simple exponential 

smoothing and the ARIMA model. 

The error for March and June was relatively large 

compared to that for winter. However, the error for each 

model was small (about 1.5%) for all day types, and the 

forecasting was mostly successful. 

By performing a case study using actual electric load 

data, we proved the effectiveness of our model in practical 

applications. Nonetheless, there is a need to improve the 

accuracy of load forecasting. The inclusion of additional 

data, such as data on the weather, temperature, and time of 

day, or the detection of faulty data may improve the 

forecasting accuracy. 
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Fig. 11. Result of load forecasting (fall Sunday) 

 

 

Table 4. shows the MAPE values. 

 Min Max MAPE 

Simple 
exponential 

smoothing 

0.9 2.1 1.5 week 
day 

ARIMA 1.0 1.6 1.4 

Simple 

exponential 

smoothing 

1.0 2.5 1.6 
Mon. 

ARIMA 1.0 1.5 1.2 

Simple 

exponential 
smoothing 

1.0 2.5 2.1 
Sat. 

ARIMA 0.9 2.2 1.5 

Simple 
exponential 

smoothing 

1.2 2.6 1.8 
Sun. 

ARIMA 0.1 1.9 1.5 
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