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Abstract. Massive integration of distributed ren y sources
(DRES) into the power grid will eventually ¢ vior of

is a process of
the consumers.
€ transmission
suffers from a

system's reliability should be considere
accurately balancing generation capacit
Storing generated energy is a huge cost, s
networks during off-peak times, in cont

power consumption g jan region of Uzbekistan on a daily
frequency. Diffe : it sequence data to the network data

orrelation of the data. The results
‘neficial to the LSTM network in case

r cells to metal oxide layers in [3]. These works will provide valuable
s to the power system, but there is another key issue that should be tackled to
achieve a robust power supply system. Utilities have to be aware of how the demand will
ange in the short and long-term future and how to balance the demand to the existing supply
unt. Integration of distributed renewable energy sources (DRES) into the system makes
the situation more sensitive due to their unstable output characteristics. Thus, accurate
forecasting of short-term demand and supply increases the power management system's
robustness and maintains the system's security [1]. Today, most research works focus on the
field of time series prediction, especially a number of state-of-the-art results have been
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achieved in power generation and consumption forecasting. Researchers are paying more
attention to developing deep learning models due to the capability of deep learning methods
to generalize nonlinear power consumption features. Different types of Recurrent Neural
Network and Back-Propagation Neural Network (BPNN) are widely adopted to forecast time
series data[4], [5]. Despite having better flexibility BPNN suffers from local minimum while
updating weight in the training process [6]. Similarly, RNN is capable of remembering
historical information, however, it can not overcome vanishing/exploding gradient to

ability to solve the above-mentioned gradient problem and well in learning
information in time series data.

In this work, we developed an LSTM-based model to forecast short an
usage. A real-world, daily aggregate power usage data of the Andijan regi
2019 to 31 March 2023 has been used to train and test the proposed

2 Materials and methods

2.1 Data cleaning and preprocessing

Time series data is timely indexed data with a fi
single or multiple feature columns. Hourly or dail
as well as power consumption data are widely u
not always clean, properly formatted,

k prices, weather records,
ta examples. This data is

ch sample to the same format,
oe effect on ML model performance.
g techniques and tools used for time
algorithms’ performance was studied in [9]
e models to have different performances.
outliers on the model’s performance, data of
ver load has been scaled using Robust Scaler and
ed forecasting method. Actual load data without scaling is
visualized in
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Fig. 1. Daily aggregate load of Andijan region during 2019-2023.

A single feature historical load data has been used as input data. The autocorrelation of
historical values to the current value of the load showed a strong correlation. Thus, the
forecasting capability of the model was tested using several timesteps of the data.
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2.2 Proposed method

An overview of the proposed system for analyzing electricity consumption data and
forecasting future consumption is presented in Fig. 2. It starts with data collection, followed
by data cleaning and preprocessing steps. Processed data passed to train the proposed LSTM-
based neural network. Hence the model is used to predict day day-ahead power load of the
region.

Data cleaning Feature Model
l“PUt and extraction training
data preprocessin

Fig. 2. Overview of load data processing and forecasting system.
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Fig. 3. LSTM unit structure

Based on the LSTM cell on the core, a proposed model of power consumption forecasting
has been built as in the fig. 4.
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Model complexity which is the number of parameters to be updated during training is
estimated as follows:

LSTM layer: Nygrpyy = 4 * (m+1+ n) * n
Dense layer 1: 10) Njopse1s = (m + 1) * p

©)

(10)

Dense layer 2 (output layer):11) Ngopser = (P+ 1) * q

m is input dimension or number of feature (m=1), n is number of LSTM units, a@nd g are
number of cells in dense layers
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analysis was carried out. Hyperparamete

rate is 0.001, the loss function is “Mean s
is Adam.

3 Results and
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Fig. 5. Change of MAE value according to historical days as input data
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Fig. 6. Change of MAPE value according to historical days as input data

Overall results are depicted in Table 1. Experiments showed lo

data increases.

Model structure

Input layer Number of Dense layer MAPE, %

dimension LSTM units neurons
5x1 32 2.30
5x1 32 16 2.45
5x1 64 8 2.16
5x1 64 16 2.27
5x1 128 2.25
5x1 128 2.16
10x1 32 2.12
10x1 32 2.11
10x1 64 2.07
10x1 2.07
10x1 2.16
12x1 2.06
12x1 2.06
12x1 2.03
1 2.02
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Fig. 7. Actual loads and forecasted loads with the network of 64 LSTM units. Input data sequence
length is 12 days.
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4 Conclusion

In this work, LSTM deep learning models have been adapted to power consumption
forecasting. Six modifications of single layer LSTM neural network were evaluated on the 5,
10, and 12-day sequence data. It is concluded that if there is a strong correlation between
loads of longer historical days to the current day’s load, longer input data allows the model
to predict more accurately. In addition, the model with an increased number of neurgusgi

achieve better forecasting performance.
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