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Abstract—In the modern day world and with growing technology, load forecasting is taken as the significant concerns
in the power systems and energy management. The better
precision of load forecasting minimizes the operational costs and
enhances the scheduling of the power system. The literature
has proposed different techniques for demand load forecasting
like neural networks, fuzzy methods, Naı̈ve Bayes and regression
based techniques. This paper proposes a novel knowledge based
system for short-term load forecasting. The proposed system has
minimum operational time as compared to other techniques used
in the paper. Moreover, the precision of the proposed model is
improved by a different priority index to select similar days.
The similarity in climate and date proximity are considered
all together in this index. Furthermore, the whole system is
distributed in sub-systems (regions) to measure the consequences
of temperature. Besides, the predicted load of the entire system
is evaluated by the combination of all predicted outcomes from
all regions. The paper employs the proposed knowledge based
system on real time data. The proposed model is compared with
Deep Belief Network and Fuzzy Local Linear Model Tree in
terms of accuracy and operational cost. In addition, the proposed
system outperforms other techniques used in the paper and also
decreases the Mean Absolute Percentage Error (MAPE) on yearly
basis. Furthermore, the proposed knowledge based system gives
more efficient outcomes for demand load forecasting.
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I. I NTRODUCTION
The systematic and proficient utilization of electrical power
is a hot debate topic in today’s world [1]. The optimal
power management and maintaining balance between demand
and supply are considered as challenging tasks for modern
power systems [2]. Moreover, the prediction of uncertain
production of renewable energy resources [3] and short-term
load forecasting [4] are measured as significant components
of the power grid for optimal power scheduling. Besides,
the short-term load forecasting has wide applications in the
energy market like load scheduling, unit commitment and
power production [5]. It has been observed in the literature that
error maximization in short-term load forecasting can result
in substantial growth in the utility operating expenses. Thus,

enhancing the accuracy of predicted results is a challenging
task and vital issue in the power management.
The literature has proposed many novel methods for shortterm load forecasting like fuzzy [6], exponential smoothing
[7], regression based [8], neural networks [9] and others.
Moreover, every proposed model has incorporated some techniques. For example, regression based processes are usually comprised of Autoregressive Integrated Moving Average
(ARIMA) [10], Auto-Regressive Moving Average (ARMA)
[11], Support Vector Regression (SVR) [12] and AutoRegressive Moving Average with Exogenous variable (ARMAX) [13]. Nevertheless, it is essential for aforementioned
techniques to learn the process by bulks of preceding data for
tuning of various parameters. Furthermore, the complexities of
these techniques, minimum time of computation and memory
essentials of knowledge based model can initiate a different
perspective to knowledge based short-term load forecasting.
In literature, there are some works cited in knowledge
based systems that employs a similar day method [14], [15],
[16]. Though, there is a lot of room for enhancement in this
scenario, which can be studied. The authors in [17] proposed
a knowledge based system for short-term load demand forecasting. However, the paper overlooked the consequences of
temperature. The change in temperature can cause fluctuations
in the load demand. Consequently, the effect of temperature
must be included in the short-term load forecasting. The
different 8 day categories are enumerated in [18].
Moreover, average stabilized loads of historic data for every
day has been evaluated by means of least and maximum load
per hour. Furthermore, the least and maximum load for 11
days was forecasted by means of regression techniques. The
Mean Absolute Percentage Error (MAPE) of Taiwan electrical
power system attained was 2.52%. Moreover, the temperature
was also incorporated in this study and was associated with
3.86% by the statistical technique in [19].
The authors in [20] calculated the weighted mean load of
every hour for 3 preceding and similar days for short-term load
forecasting. Moreover, the impact of temperature on prediction
of short-term load is also considered by means of exponential

association between power demand and temperature. Likewise,
the mean prediction error for a daily peak load of France
was attained 2.74% in [20]. Besides, the consequences of
temperature, wind pressure and humidity, was scrutinized in
[21]. The MAPE calculated in this study was 1.43%. The
study in [23] was almost equivalent to the proposed model
presented in [22]. Moreover, the MAPE achieved in this study
was between 1.23% to 3.35% in 7 different states of America
[22].
The mean prediction error for daily peak load in [24] was
achieved 4.65% for weekdays and 7.08% for weekends of 3
different states of Turkey [23]. This mean prediction error
was achieved after smoothing the temperature discrepancies
throughout the day. The precedence of similar days is overlooked in previous studies. It is obvious that there are numerous days, which are advantageous for the knowledge based
forecasting of load. Nevertheless, the best suitable preference
of these same days has a substantial effect on forecasting
results.
This paper divides the entire system in 9 regions. Moreover,
the climatic conditions of only 1 city is chosen from every
region. The knowledge based short-term load forecasting is
employed to every region after the consideration of temperature. In addition, the predicted power load of the entire system
is the aggregate of predicted load of particular regions. The
impact of temperature is believed to be much more efficient
and result improving when the system is divided.
The proposed system model is employed in Pakistan’s
National Power Network (PNPN), which is taken as a sample
system in this paper. The proposed system model shows
a significant decrease in MAPE in comparison with other
traditional knowledge based methods. This paper uses algorithms of Deep Belief Network (DBN) and Fuzzy Local
Linear Model Tree (F-LOLIMOT) for comparison purposes.
The experimental results specifies that the proposed model
requires minimum time for computation when associated with
DBN and F-LOLIMOT.
The major research contributions of this paper include
the proposition of the priority index for selection of similar
days by means of temperature of specified regions and date
proximity. Moreover, the historic power load is separated in
2 different data-sets in the paper. Subsequently, the data-sets
predict the short-term load and then the final outcome is
supposed to be more precise. The final outcomes are achieved
by the summation of predicted results from 2 data-sets.
The remaining paper is organized in following manner: Section II discusses the categorization of knowledge based shortterm load forecasting and Section III employs the proposed
method on different topographical regions. Moreover, results
and their discussion are presented in Section IV and Section
V concludes the paper.
II. K NOWLEDGE BASED S HORT-T ERM L OAD
F ORECASTING
Knowledge based systems and computational intelligence
are considered as major tools of artificial intelligence. The

knowledge based systems employs categorical representations
of knowledge like symbols and words [24]. The knowledge
based systems are efficient and simple as the categorical
representation makes the knowledge readable and implicit for
a human as compared to numerical derived models in computational intelligence. The techniques of knowledge based
systems incorporate case based, model based and rule based
systems.
The major difference between a traditional program and
knowledge based system is in their structure [25]. The knowledge of the domain is closely associated with software for
monitoring the performance of that particular knowledge in
a traditional program. However, the roles are clearly divided
in knowledge based systems. Moreover, there are 2 basic
components of knowledge based systems, which are knowledge base and inference engine. Nonetheless, some interface
proficiencies are also compulsory for a real-world system, as
presented in Fig. 1.
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Fig. 1. Principle components of knowledge based system

A. Proposed Knowledge Based Short-Term Load Forecasting
The proposed knowledge based short-term load forecasting
is categorized in following parts, which are explained as
follows:
1) Distribution of Historic Load Data: The selection of
similar days from historic days is considered as crucial for
knowledge based forecasting. Moreover, the selection of similar months and days also have a significant impact on the
results of short-term load forecasting. Therefore, this paper
presents 2 historic data-sets, which are well-defined for every
type of days. The first data-set is comprised of similar days
from preceding month along with the selected date. Furthermore, the second data-set incorporates same days from 7 days

earlier and subsequent to the target day of the week. The
target year and similar days are also chosen from all preceding
years in both data-sets. Besides, the data-sets are specified by
scrutiny of annual load demand and meteorological conditions
of Pakistan.
It is a well-known fact that temperature and load demand
have a direct relationship with each other. For example, usage
of air conditioners and other cooling devices increases in
summers especially. This phenomenon shows variations in
load curve and peak hour of the entire system. Moreover, the
impact of climatic conditions on the load demand in summers
is usually more than other time of year [26].
The Fig. 2 illustrates the load curves for Thursday as an
example. Moreover, this load curve is for Pakistan and depicts
all 4 seasons. It is obvious from the Fig. 2 that the load
level and hourly peaks by day and nights shows a significant
fluctuation in different spells. Therefore, it can be determined
that by maximization of the measured time, the range of
both data-sets may affect the selection of similar days with
similar temperature. However, this phenomenon is not suitable
for load curves because changes in climate also affect load
consumption behavior.
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Fig. 2. Variations in load behavior of sample Thursday during 2015 of PNPN

In first data-set, the same days are chosen from days that
have equivalent month along with the target day. Moreover,
this paper has assumed that the selected day can also be similar
to its month or preceding month. Contrary to this, load curves
from 7 days earlier and subsequent to the target day is more
comparable to the target day when associated to load bends of
the preceding month. Consequently, the other data-set specifies
the consideration of these days in a data-set.
2) Priority Index for Same Day: In knowledge based shortterm load forecasting, temperature has a significant role. The
fluctuating behavior of climate and weather throughout a week
or month shows a significant effect on load curves. Therefore,
it is a vital part in choosing similar days for target year.
Conversely, there can be different motives that are the cause of
divergence for load curves. For instance, the power evaluating
strategies and variations in utilization behaviors of Pakistan

alter the levels of load demand. Thus, the selection of similar
days along with date proximity is effective to choose for
knowledge based forecasting.
3) Distribution of PNPN: The selection of exclusive temperature for huge topographical states usually affects the
results in short-term load forecasting. Therefore, an exclusive
temperature could not be given to a huge topographical state
or zone in order to attain satisfactory forecasted outcomes.
However, it is practical to give an exclusive temperature
to every region when the entire region is distributed. The
distribution of vast topographical zones has been observed
in [27], [28]. Nevertheless, these studies overlooked priority
index for similar day selection.
The paper distributes the region separately and then predicts
the short-term load by consideration of the proposed priority
index for similar selection. Furthermore, the forecasting of
short-term load for the entire system can be achieved by
summation of predicted results from all regions. Besides,
this technique takes the temperature for similar selection
knowledge based load forecasting in an efficient way.
III. A PPLICATION OF P ROPOSED M ETHOD ON VAST
T OPOGRAPHICAL Z ONE
This paper employs the knowledge based short-term load
forecasting model on a vast topographical region. Moreover,
this paper has selected regions of Pakistan for implementation
of the proposed model. Pakistan has 4 seasons and different
climates with significant discrepancies throughout the year.
A city is selected from every region that is supposed to
be the representative of the region. Moreover, a city also
specifies the temperature of that particular region. There is no
restriction on any system to distribute into specified number of
regions. However, the system can be divided according to the
requirement of the system and fluctuating behavior of weather.
The paper scrutinizes hourly load for 9 regions of PNPN.
In this regard, the data form the duration of June 2014 to May
2016 is used as historic data for short-term load forecasting.
Besides, the paper predicts the load demand for the duration
of June 2016 to May 2017. A city is chosen from every region
as a representative of that particular region. It is observed in
the literature that there is no concept of splitting the dataset into training and test data in knowledge based systems.
Moreover, the knowledge based systems use the entire historic
data for choosing the best optimum results and similar days as
discussed in Section II. However, the data-sets are divided into
training and test data in DBN and F-LOLIMOT. This paper
labels the 77% of the data as training data and the remaining
23% of the data as test data.
A. Deep Belief Network
In [29], the basis of DBN is presented briefly. Moreover,
the auto-correlation of load demand data has been depicted
in Fig. 3 for the previous data. It is obvious from the
auto-correlation plots that the preceding data is more autocorrelated to experimental data, to some extent.
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Fig. 3. Fluctuating Behavior of Load Curve in Pakistan and Difference of
Monday and a Sample Week-day

The autocorrelations tests are performed whose outcomes
are shown in Table I. The outcomes show that the preceding
data is much more auto-correlated as compared to the experimental data.
TABLE I
ρ VALUES OF THE L JUNG B OX AUTOCORRELATION TEST WITH DIFFERENT
REGION VALUES

(0,
(0,
(1,
(1,

1)
1)
1)
2)

Original Data
1.00e-07
6.75e-04
0.00e+00
0.00e+00

Experimental Data
0.5510981
0.6528330
0.4384530
0.7561250

−1.0

Region size
8175
14798
16856
15087

The paper also performs sensitivity analysis and the structure of DBN used for this paper includes 1 hidden layer with 5
neurons. Moreover, there are 25 neurons are in input layer and
20 neurons in the output layer in the proposed architecture.
These neurons generate the prediction of load demand for
the target day (24 hours). On the topic of architecture of this
network, the input layer is comprised of 2 constraints for mean
and maximum temperature for selected day.
B. Fuzzy Local Linear Model Tree Algorithm
The paper employs F-LOLIMOT algorithm for training
of the linear fuzzy model. The explanatory analysis of FLOLIMOT algorithm has been discussed in detail in [30].
Moreover, the F-LOLIMOT algorithm is capable enough to
predict the hourly demand load of, which is ahead than the
current time by means of climatic and load data. The Fig. 4
depicts that there are different inputs and outputs of demand
load and climatic data. This is done after sensitivity analysis
on the system. Furthermore, the lags of climate are the climatic
condition of the preceding week and target day. Likewise,
the time lags of each hour load demand (inputs) are actually
demand load data of similar hour at preceding, 9 and 10 days
earlier than selected hour
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Fig. 4. Autocorrelation of preceding load demand data for day lag

IV. R ESULTS AND D ISCUSSION
This paper implements the proposed method on PNPN.
In this regard, following cases are observed to discuss the
consequences, which are associated with distribution of the
forecasting results and taking temperature in priority index.
1) Case 1: Short-term load forecasting of PNPN without
taking temperature and distribution of data
2) Case 2: Short-term load forecasting of PNPN including
consequences of data distribution without taking the
temperature
The data distribution is overlooked in Case 1. Therefore, a
distinctive temperature is not suitable for the system. Moreover, the priority index is the center of attention in this case
along with the date proximity. Besides, the whole system
is distributed in different sections in Case 2. Subsequently,
the prediction is performed for every respective section. The
prediction of the entire system is a combination of predicting
outcomes in all sections. The Case 2 differs from Case 1 as
the data distribution is carried out in this scenario.
The paper compares the results achieved from proposed
knowledge based system with DBN and F-LOLIMOT. The
results are evaluated in terms of precision and operational
time. The short-term load predicting techniques is applied
on PNPN to forecast the load demand for the duration of
June 2016 to May 2017. Moreover, these predictions are
based on temperature and load demand data, which lies in
the range of June 2014 to exactly one day before the target
day. The results are presented in Table II, which shows that
proposed knowledge based system has enhanced MAPE to
1.01. The DBN and F-LOLIMOT techniques show MAPE is
approximately higher than 3% for a month and approximately
5% greater in 47-50 days (maximum error). Nonetheless, the
proposed method has MAPE, which is greater than 3% in 1518 days and 5% with 23 days (maximum error). The variances
discussed are notable enhancements in forecasting.
On the topic of operational cost, the proposed knowledge
based method takes minimum time in training and executing

TABLE II
C OMPARISON OF F-LOLIMOT, DBN AND PROPOSED METHOD
Technique
Proposed
DBN
F-LOLIMOT

MDME
2.83
2.89
3.43

MAPE
1.10
1.21
1.50

Operational Time (s)
15
29
215

in comparison with DBN and F-LOLIMOT. The proposed
knowledge based system, DBN and F-LOLIMOT are executed
to predict the days on a yearly basis. Besides, the operational
time is distributed to total number of predicted days in order
to get the usual operational time of prediction for a specified
day. Moreover, the proposed system, DBN and F-LOLIMOT
are executed with the same conditions. Besides, the parameters
were tuned for every specified day and forecasted demand load
has been achieved for every technique. The paper distributes
the day, according to training and operational time in every
technique. The proposed knowledge base systems have less
operational time as it does not require as much training as
compared to DBN and F-LOLIMOT. The proposed method
lays emphasis on the selection of similar day and then predicts
the load demand as discussed above.
The forecasting of sample day is presented in Fig. 5 by
means of DBN, F-LOLIMOT and proposed knowledge based
system. It is obvious that MAPE of the proposed method is
0.69 for a sample day. This MAPE is lesser than MAPEs of
DBN and F-LOLIMOT, which is 0.91 and 0.97 respectively.
Moreover, the DME is minimized in the presented knowledge
based system as compared to others.
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Fig. 5. Load forecasting for August 22, 2015 and comparative analysis of
similar Day, DBN and F-LOLIMOT

V. C ONCLUSION
This paper presents a novel knowledge based short-term
load forecasting method. The entire system (region) is distributed in 9 sub-systems (zones) by consideration of temperature to predict the demand load more efficiently. The outcomes
depict that distribution of huge topographical power network
improves the forecasting results. Moreover, this paper presents

a novel priority index in which climatic conditions and the date
proximity of every particular region is observed. The proposed
knowledge based system is verified on PNPN. The achieved
outcomes depict that proposed method minimizes the MAPE
and other errors of forecasting in comparison with traditional
forecasting techniques. Furthermore, the obtained results from
proposed system are 15-20% improved as compared to DBN
and F-LOLIMOT techniques. Furthermore, this paper defines 2
standard measures for error distribution. The outcomes verify
that the total amount of exceeded days is reduced through
proposing knowledge based systems from acceptable criteria.
This phenomenon specifies more efficient forecasting results
as compared to DBN, F-LOLIMOT and traditional knowledge
based systems.
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