Journal of the Korea Academia-Industrial https://doi.org/10.5762/KAIS.2020.21.10.8

cooperation Society ISSN 1975-4701 / eISSN 2288-4688
Vol. 21, No. 10 pp. 8-15, 2020

CNN-LSTM ®2d 7IWF Hus Ag oS 2l &3} dA A4

Gl oM, HEN'
st 7|1AIMI03sts

2104
sls

Proposal of a Step-by-Step Optimized Campus Power Forecast
Model using CNN-LSTM Deep Learning
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Abstract A forecasting method using deep learning does not have consistent results due to the
differences in the characteristics of the dataset, even though they have the same forecasting models and
parameters. For example, the forecasting model X optimized with dataset A would not produce the
optimized result with another dataset B. The forecasting model with the characteristics of the dataset
needs to be optimized to increase the accuracy of the forecasting model. Therefore, this paper proposes
novel optimization steps for outlier removal, dataset classification, and a CNN-LSTM-based
hyperparameter tuning process to forecast the daily power usage of a university campus based on the
hourly interval. The proposing model produces high forecasting accuracy with a 2% of MAPE with a
single power input variable. The proposing model can be used in EMS to suggest improved strategies to

users and consequently to improve the power efficiency.
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Fig. 1. The developed mobile application environment
(a) Architecture of developed power monitoring mobile application, (b) Power monitoring mobile application
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Where, n denotes the number of data in the
dataset, y; denotes the predicted value, and ¢,

denotes Actual observation.
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Table 1. Hyper parameters of the proposed CNN-

LSTM model.

Type of layer Node Kernel size Stride
Convolution 32 2,1 1
Max Pooling - 2,1 1

Flatten - - -
LSTM 64 - -
FC 1 - -
Sequence : 72
— filter
o
#ofdata:m > m72 % — l
S_"d;"g Convolution :
window g layer I:l
—/
# of CNN output node: 32
~
S
— — — —
Flatten LST™M 4
layer layer FC
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Fig. 2. Proposed CNN-LSTM structure
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Fig. 3. 1-year dataset outlier removal process
(a) 1-year raw dataset (b) 1-year dataset with outlier removed
(c) 1-year dataset with outlier and traditional holidays removed
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Table 2. Results according to the algorithm and
outlier removal group

1
Group
MSE RMSE
CNN-LSTM 4311.8337 65.664555
FCNNs 20907.929 144.59574
CNN 8273.2515 14534.428
LSTM 90.957416 120.55881
2
Group
MSE RMSE
CNN-LSTM 3982.6549 63.108279
FCNNs 11253.257 106.08137
CNN 7627.1167 87.333365
LSTM 8300.5187 91.107182
3
Group
MSE RMSE
CNN-LSTM 2684.6524 51.813632
FCNNs 12040.630 109.72981
CNN 11753.532 14534.428
LSTM 7353.1990 85.750796
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Fig. 5. Comparison of the Results by Removing Outlier
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Table 3. Results from dataset classification

Class 1 1-year

Class 2 All day Weekdays
MSE 2684.65242 1950.45803
RMSE 51.8136316 44.1639902

Class 1 1" and 2™ Semester

Class 2 All day Weekdays
MSE 4508.18921 6911.93851
RMSE 67.1430503 83.1380689

Class 1 2™ Semester

Class 2 All day Weekdays
MSE 23323.5601 10749.4691
RMSE 152.720529 103.679646
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Table 4. Hyper parameter of optimized model

Class 1 year weekdays
Convolution units 32
Convolutional layer 3

Filter size (VR))

Pool size 2,1

Batch size 12
MSE 1256.6182
RMSE 35.4488

Table 5. Results of the hyper parameter optimization
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Table 6. Results of optimized model

Algorithm
CNN-LSTM

Classification

1-year Weekdays

Architecture

Convolution units 32
Convolutional layer 1
Filter size 2,1
Pool size 2.1
Batch size 12
Results
MSE 1256.6182
RMSE 35.448811
MAPE 213 %
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