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Abstract. Massive integration of distributed renewable energy sources 
(DRES) into the power grid will eventually change the supply behavior of 
the traditional power system. The RES output is obviously unstable, so the 
system's reliability should be considered carefully. This is a process of 
accurately balancing generation capacity to the demand of the consumers.  
Storing generated energy is a huge cost, so energy is lost in the transmission 

networks during off-peak times, in contrast, the system suffers from a 
deficiency of energy during peak times which leads to the disconnection of 
certain areas from the network. This situation is a main source of damage to 
the power system and economic losses for the utility. This work analyzes 
power consumption data of the Andijan region of Uzbekistan on a daily 
frequency. Different lengths for input sequence data to the network data 
were selected according to the autocorrelation of the data. The results 
showed that longer sequence data is beneficial to the LSTM network in case 

of strong autocorrelation.  

1 Introduction 

Nowadays, countries making more investments in building robust sustainable power systems. 
Thus, research groups are being attracted to improve the efficiency of PV materials, wind 

power plants, and other types of RES. In Uzbekistan, there are several interesting works have 

been done by local scholars on solar cells. Intensive studies were carried out to optimize the 

structural parameters of textured solar cells in [1], [2] and adapt geometric parameters of 

Perovskite solar cells to metal oxide layers in [3]. These works will provide valuable 

contributions 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 

change in the short and long-term future and how to balance the demand to the existing supply 
amount. 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 update 

parameters [7]. A special type of RNN called long short-term memory (LSTM), provides the 
ability to solve the above-mentioned gradient problem and well in learning long-term 

information in time series data.  

In this work, we developed an LSTM-based model to forecast short and mid-term power 

usage. A real-world, daily aggregate power usage data of the Andijan region from 1st January 

2019 to 31 March 2023 has been used to train and test the proposed LSTM architecture.  

2 Materials and methods  

2.1 Data cleaning and preprocessing  

Time series data is timely indexed data with a finite frequency of recordings consisting of 

single or multiple feature columns. Hourly or daily retail sales, stock prices, weather records, 

as well as power consumption data are widely used time series data examples. This data is 

not always clean, properly formatted, and ready to use, so it passes several preprocessing 

stages like missing data cleaning or restoring, transforming each sample to the same format, 

and scaling. Data cleaning and preprocessing have huge effect on ML model performance. 

Authors [8] provided a detailed survey on data cleaning techniques and tools used for time 
series data. The impact of data scaling on ML algorithms’ performance was studied in [9] 

and proved that different scaling methods cause models to have different performances.  

In order to mitigate the negative impact of outliers on the model’s performance, data of 

the Andijan region’s daily aggregate power load has been scaled using Robust Scaler and 

used to train and test the proposed forecasting method. Actual load data without scaling is 

visualized in fig. 1. 

 

 

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. 

 

 

Fig. 2. Overview of load data processing and forecasting system. 

The long short-term memory (LSTM) is a special structure of recurrent neural 

networks(RNN). RNNs consist of standard recurrent cells such as sigmoid and tanh cells. 

However, the recurrent networks of standard recurrent cells are not capable of handling long-

term dependencies because of vanishing or exploding gradient problems [10].  LSTM has 

been proposed by Hochreiter and Schmidhuber (1997) to solve the issue of long-term 

dependencies of the data. They introduced a particular architecture of cells called a gate in 

the RNN unit to improve the remembering capacity. Different variants of LSTM have been 

used by researchers in the literature. In this work, we used an ordinary LSTM unit with the 
forget gate, input gate, and output gate shown in fig. 1. 

   (1-8) 

Where, 𝑐𝑡  is cell state (long-term memory), ℎ𝑡 is hidden state or output of the unit, 𝑋𝑡 is 

input data, 𝑓𝑡 , 𝑖𝑡 , 𝑔𝑡, 𝑜𝑡 are  gate functions of the LSTM unit, 𝑊𝑖 and 𝑊ℎ are weight vectors 

of the cells. 𝜎(𝑧) and 𝑡𝑎𝑛ℎ(𝑧) are activation functions. 

 

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. 

Equations of each gate: 

1) 𝑓𝑡  =  𝜎((𝑊ℎ𝑓 ∗ ℎ𝑡−1) + (𝑊𝑖𝑓 ∗ 𝑋𝑡)+ 𝑏𝑓) 5) 𝑐𝑡  =  𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑖 ∗ 𝑔𝑡  

2) 𝑖𝑡  =  𝜎((𝑊ℎ𝑖 ∗ ℎ𝑡−1) + (𝑊𝑖𝑖 ∗ 𝑋𝑡) + 𝑏𝑖) 6) ℎ =  𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝑐𝑡) 

3) 𝑔𝑡  =  𝑡𝑎𝑛ℎ((𝑊ℎ𝑔 ∗ ℎ𝑡−1) + (𝑊𝑖𝑔 ∗ 𝑋𝑡) + 𝑏𝑔) 7) 𝜎(𝑥)  =  (1 + 𝑒−𝑥)−1 

4) 𝑜𝑡  =  𝜎((𝑊ℎ𝑜 ∗ ℎ𝑡−1) +  𝑊𝑖𝑜 ∗ 𝑋𝑡 + 𝑏𝑜) 

 

8) 
𝑡𝑎𝑛ℎ(𝑧)  =  

𝑒𝑧 − 𝑒−𝑧

𝑒𝑧 + 𝑒−𝑧
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Model complexity which is the number of parameters to be updated during training is 

estimated as follows: 

LSTM layer: 𝑁𝐿𝑆𝑇𝑀 =  4 ∗  (𝑚 + 1 +  𝑛) ∗  𝑛        (9) 

Dense layer 1: 10) 𝑁𝑑𝑒𝑛𝑠𝑒1 =  (m +  1) ∗  p       (10) 

Dense layer 2 (output layer):11) 𝑁𝑑𝑒𝑛𝑠𝑒2 =  (p +  1) ∗  q      (11) 

m is input dimension or number of feature (m=1), n is number of LSTM units, p and q are 

number of cells in dense layers 

 

 

Fig. 4. Architecture of proposed LSTM-based network 

We tested various structures of single-layer LSTM-based network and their performance 

analysis was carried out. Hyperparameters of the network selected are as follows: the learning 

rate is 0.001, the loss function is “Mean squared error”, the batch size is 16, and the optimizer 

is Adam. 

3 Results and discussion 

The models of a single-layer LSTM network with several neurons in each layer have been 

built, trained, and tested using single-feature temporal data. Autocorrelation of load data 
showed a strong correlation of long historical days to the current day’s load. So we prepared 

input data of three sequence lengths: 5, 10, and 12 days. The neural network of 32, 64, and 

128 units of single LSTM layer, and 8 and 16 units of Dense layer were tested on the input 

data.  

 

 

 

 

 

 

 

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 longer sequence data 

allowed the same network to perform better. The model with 64 LSTM units and 8 fully 

connected units had 297, 292, and 285 kWh MAE on training data, while it showed 386, 373, 

and 372 kWh MAE on the test data.  and input provided better and compared against MAE 

and MAPE values. The MAPE of the same model decreases as the sequence length of input 

data increases. 

Table 1. Performance analysis of the models. 

Model structure Train performance Test performance 

Input layer 

dimension 

Number of 

LSTM units 

Dense layer 

neurons 

MAE, 

kWh 

MAPE, 

% 

MAE, 

kWh 

MAPE, % 

5x1 32 8 304 2.50 409 2.30 

5x1 32 16 309 2.52 433 2.45 

5x1 64 8 297 2.42 386 2.16 

5x1 64 16 298 2.42 401 2.27 

5x1 128 8 295 2.45 400 2.25 

5x1 128 16 306 2.55 383 2.16 

10x1 32 8 2.98 2.44 376 2.12 

10x1 32 16 2.96 2.43 375 2.11 

10x1 64 8 292 2.39 373 2.07 

10x1 64 16 283 2.34 373 2.07 

10x1 128 16 283 2.34 382 2.16 

12x1 64 8 285 2.35 372 2.06 

12x1 64 16 285 2.35 372 2.06 

12x1 128 8 284 2.34 365 2.03 

12x1 128 16 282 2.33 364 2.02 

 

 

Fig. 7. Actual loads and forecasted loads with the network of 64 LSTM units. Input data sequence 
length is 12 days. 

 
 

 

, 02021 (2024)BIO Web of Conferences

AQUACULTURE 2023
https://doi.org/10.1051/bioconf/20248402021 84

5

RETRACTED



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 neurons in 

each layer showed better results. In general,  LSTM has a higher perspective to handle long-

time data dependence and nonlinearity of consumption data. 
Research continues to advance the architectures of the LSTM network by adding more 

layers and fine-tuning hyperparameters to achieve better forecasting performance. Future 

studies focus on developing GRU, CNN LSTM, BiLSTM, and other ensemble models to 

achieve better forecasting performance. 
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