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Short-term Electric Load Forecasting in Winter and Summer Seasons using a NARX
Neural Network
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Abstract - In this study the NARX was proposed as a novel approach to forecast electric load more accurately. The NARX
model is a recurrent dynamic network. ISO-NewEngland dataset was employed to evaluate and validate the proposed approach.
Obtained results were compared with NAR network and some other popular statistical methods. This study showed that the
proposed approach can be applied to forecast electric load and NARX has high potential to be utilized in modeling dynamic

systems effectively.
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Table 1 Coefficient of correlation in the temperature and

load
Spring Summer Fall Winter
Dry-bulb 02178 | 08606 | 00408 | -0.3066
temperature
Dew=point | 0066 | 04041 | -01246 | -0.3785
temperature
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Fig. 1 Correlation of the temperature and load in winter
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Fig. 2 Correlation of the temperature and load in summer
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Fig. 3 NARX neural network structure
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Table 2 NARX model input

Exogenous input Endogenous input

Dry-bulb temperature(F)

Load (MW)

Time (h)

NARX HEO] #AAIS oot ZATH22].

y()=flyt—1), y(t—2), ..., y(t—n,), @
z(t—1), 2(t—=2), ..., z(t—n,))
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Table 3 Time correlation coefficient of load, dry bulb and
dew point temperature

t-6 t-5 t-4 t-3 t-2 t-1
Load | 0.912098 |0.930824 |0.950587 | 0.968231 | 0.983832 | 0.995394

Tzrmy;') 0.743308 |0.784592 | 0.825323 | 0.866157 | 0.907698 | 0.946869
,12 ?n“;) 0.916587 |0.933404 | 0.948719 | 0.96483 | 0.978696 | 0.98981

E 4 NANSE dFol7] 918 NARXY MSE
Table 4 MSE of NARX to determine the number of delays

t-1 t-2 t-3 t-4 t-5
= fegdbad‘ 0000592 | 0.000233 | 0.000173 | 0.000152 | 0.000159
= elay
T ﬁ;yt 1.55E-04 | 1.54E-04 | 1.56E-04 | 1.74E-04 | 1.62E-04
@ | 0Dk | 0000206 | 000017 | 0.000109 | 921E-05 | 992E-05
3 elay
g input
2| ealy | 925E-05 | 953E-05 | 861E-05 | 9.38E-05 | L1IE-04
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Fig. 5 MSE according to the number of neuron in hidden
layter
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NARX ~18d3 SA5HA QIR Y, t-101A t-371K], 2kt 3
Alo] QlEg AASIa MA, NAR 7IHolAE WAYEAS:, &
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¥ 5 NARX 4 2 ujetHEt
Table 5 NARX architecture and parameter

Traing Forecasting
(open-loop) (close-loop)
The number of input 6(Exogenous), 6(Exogenous)
neurons 4(Endogenous)
The number of hidden 1 1
layers
The number of hidden 20 20
neurons
The number of output 1 1
neurons
Activation Function Sigmoid Sigmoid
Levenberg- Levenberg-
Learning Algorithm Marquardt Marquardt
backpropagation backpropagation
Performance Error 0.001

E 6 cl5VIvo WYRst oS At
Table 6 Results comparison for LR, GRNN, MA, NAR and

NARX
LR GRNN | MA NAR | NARX
X&g 1183% | 791% | 347% | 049% | 040%
f’&”@?ﬁf 9.28% | 699% | 409% | 046% | 0.39%
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Fig. 6 Load forecasting in the summer of 2014
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