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Short term load forecast by using Locally Linear
Embedding manifold learning and a hybrid
RBF-Fuzzy network

Hamed Kebriaei*!, Howra Kamalinejad* & Babak Nadjar Araabi®
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Abstract

The aim of the short term load forecasting is to forecast the electric power load for unit commitment,
cvaluating the rcliability of the system, cconomic dispatch, and so on. Short term load forccasting obviously
plays an important role in traditional non-cooperative power systems. Moreover, in a restructured power
system a gencrator company (GENCO) should predict the system demand and its corresponding price for
efficient decision making.

The task of a forecasting engine is to find the relation of the inputs and outputs of the system and also
predicts the outputs for a given inputs. Therefore, the accuracy of forecasting is highly affected by the inputs
of the forecasting engine. This effect can be studied from two points of view; First, extracting the more
informative inputs and second, reducing the dimension of input space, both make it possible to learn the
forecasting network via more simple models with more generalization. As a result, a reduced informative
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input space leads to lower prediction error. In many previous load forecasting methods, the inputs have been
sclected cmpirically. In this manncr, the more correlative factors with the load in the forccasting day have
been chosen as the inputs. They are generally a combination of load history and weather conditions. Several
researches are focused on mathematical approaches of the input selection which are mainly based on principal
component analysis (PCA) method as well as some intelligent algorithms.

In this paper, a manifold learning method namely Locally Linear Embedding (LLE) is proposed, aiming
to extract more informative inputs and to reduce the dimension of input space for short term load forecasting.
Among all methods based on manifold learning, it can be seen that LLE performs very well in extracting the
cleetric load curve featurcs. The aim of this paper is to analyze the featurcs of the load curve for estimating
this curve in future. The extensive computational experiments show that the extracted features by LLE results
in less prediction error than two other methods. Furthermore, LLE acts faster and makes input dimension
lower than the two other methods. In the following section we will discuss the LLLE method. The LLLE method
finds the nonlinear relationships among features by mapping a locally linear manifold in the feature space.
Extracting the more informative inputs by extracting the combinational features by finding the nonlinear
dependences of the features, results in reducing the dimension of input space. The resulted inputs from feature
cxtraction and dimension reduction arc utilized for load forecasting.

To examine the effect of the proposed feature extraction method on load prediction error, a hybrid
prediction system is proposed which is a combination of a radial basis function (RBF) network and a fuzzy
system. The RBF network is the core of the prediction engine and works with historical load data as its inputs.
The fuzzy inference system is combined with the RBF network to incorporate the impact of temperature on
load. The case studies are carried out on the real data of electric power load of Mazandaran area in Iran. The
efficiency of the proposed forecasting engine is compared with three benchmarks, the artificial neural
network, time scries and neuro-fuzzy methods. Furthermore, the proposed input selection method (LLE) is
compared with principal component analysis (PCA) and empirical selection of inputs. Simulation results with
statistical significance analysis show that the LLE method with the proposed forecasting engine is superior to
other input selection methods and forecasting engines in sense of lower input dimension and lower prediction
error.

Keywords: Manifold learning, input selection, RBF network, fuzzy system, short term load forecasting.
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RULES E, E, a
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(Figurc-6): 3D dccision surface of the fuzzy system
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(Table-2): Input and output membership functions' centers

Parameter a; a as a4 as
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(Figure-7): comparison between actual load curves and predicted load curves when input selection is carried out empirically and *
prediction is carried out by RBF network- %"
fuzzy system.

¥4 ol o)l \YAA JLo




1500} ---¢- 1500 ....:......5.....:......5._._..
1000} ;- - e 1000cccg apmepen

S00

‘ ssmebocee
1000

1000

1000

1000 vt e 3 P R e 1m -uw\,.x.-n ..-..f

5101520

1soof----:- -
1000

<l

1000 p>=~=-

RBF-Fuzzy nS )3 (Smoiu 09590 9LLE (jbyg) &3 (6399 SRl b i 3woligh )b (Ha b

1500} =8¢ e oo
1000} - -

1 csmsboces
1000 .

1000}:-

bl 1l 0,99 ol (el cana 3 dilje) 5b Hlodo) oud Somien Hb (S0 9 (28l Hb (For s e Lo (A JSC0)
Fuzzy-RBF 450 buwgi (o 9 PCA (09,41 (899 ,9 ol

(Figurc-8): comparison between the actual load curves and the predicted load curves based on PCA input sclection and prediction
by RBF-fuzzy system.

gy

¥ 2be ) 5l YA Jle



1s00f. ---<- ...

10 1§ 2

1500
1000}. ---:-...

S 10 15 2 S 10 15 2

1500 ...5 . E - .E. ...:....
1000 swatss : TerefeTTEme e
S00 S00 S00 - A : .

S W0 15 2 S 10 15 2 S 10 15 2

1500} ---se 0o
1000

1000} =

1500
1000

1500} ---:--

1000 T b b oo
' . . . ll l' l

S W0 15 2 — Predicted Load

bl 3 aalcSy 0590 (sl (Gl cows p diljey 4U Hlade) ol Suwyian U (S 9 (2Blg 5L oo duns Lo :(R— JSC0)
Fuzzy-RBF a0l U Sow s 9 LLE oS4 609 ,9 ol

(Figure-9): comparing actual load curves and predicted load curves based on LLE input selection
and RBF-fuzzy prediction system.

¥4 ol o)l \YAA JLo




RBF-Fuzzy nS )3 (Smoiu 09590 9LLE (jbyg) &3 (6399 SRl b i 3woligh )b (Ha b

gy

EloaS 1 a5l aS ol ot 45,5 )L 5 solgiiy
$38-5,5 slasty, 9 Sy G Foae (as
aY 9o b cras a0 SO pyhan mas sloasil 1
Lsogys ol ool Sl gl &Y 0 (9,6 VF
9 D 59, ALDIS alde 5, (sles Alniew g b Az )b
Ol 51 Sl (S 59y 890035 med (Lo Aintion
Loablie 5 (Sol Cuzr o Sley o ilSe lals,
g GGl ARX Jue obs aslllas ;o o) (2,15 (6949
Gl5y9 Jaene g, SO plsicas ANFIS pizen
was c ANFIS o .ol ol sslaiwl L i 8l
Olgieds o)l a0 a5 b azsy U caén 5
Ol 50 Aoy Al g oud a8, F Ll 0 aSLUl (59935

I W D) Jsb ) l.:nuibs)

ol Loy o Shos dmglio (V- Jgur)
(Table-3): Comparing the performance of proposed

approaches

Average Maximu

MAPE m MAPE

Fuzzy-RBF 4.12% 9.15%
RBF 5.95% 10.18%
ANN 5.869% 12.91%
ARX 4.85% 10.03%
ANFIS 5.60% 13.94%
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(Figurc-10): Comparing average absolute prediction error in
each day of prediction, when input selection is carried out
empirically, based on PCA and LLE methods.
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