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Abstract

With the advancement of global energy internet construction, accurate pre-
diction of new energy generation power such as photovoltaic is an important
foundation for ensuring the safety and economic working of new power
systems. A short-term photovoltaic power generation prediction method for
suburban distribution networks based on deep learning model fusion and
Flink flow calculation is proposed to address the challenges of complex power
grids, diversified disturbance factors, and isolated monitoring points. This
method uses Bi directional Long Short Term Memory(BiLSTM) to extract
cross sequential nonlinear characteristic of photovoltaic power generation
time series data. Compared with standard LSTM, BiLSTM can consider
both historical and future information simultaneously, thus extracting richer
extracted features from power generation time series data. This method also
integrates attention mechanism to capture the importance distribution of his-
torical temporal features for power generation prediction, effectively solving
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the problem of long-term temporal dependence in standard LSTM models.
The Flink streaming computing framework embeds a trained BiLSTM-
Attention photovoltaic power generation prediction model, enabling real-time
prediction and monitoring analysis of photovoltaic power generation at vari-
ous monitoring points in the suburban distribution network. This article uses a
dataset of a suburban photovoltaic power station for validation, and trains the
model with historical power generation data, meteorological factors, weather
types, seasons, and other information as inputs. The BiLSTM-Attention
fusion model studys the temporal characteristics of power generation, and
has high accuracy in predicting short-term photovoltaic power generation in
different scenarios. The Flink streaming computing platform can not only
process high throughput predicted power data, but also has low time delay.

Keywords: Load forecasting, deep learning, BiLSTM, attention mecha-
nism, Flink.

1 Introduction

Against the backdrop of rapid development of smart grids and distributed
new energy grid connected power generation, photovoltaic power genera-
tion is growing at a relatively fast pace year by year [1-4]. However, due
to the influence of environmental factors such as weather and season on
photovoltaic power generation technology, the output power exhibits real-
time changes and random fluctuations, and large-scale photovoltaic power
grid integration will bring huge impacts to the power grid [5-9]. Therefore,
conducting short-term forecasting research on photovoltaic power generation
and guiding photovoltaic grid connection scheduling is of great significance
for maintaining stable operation of the power grid.

As a popular research topic, photovoltaic power prediction has gone
through three main stages of development: firstly, classic statistical analysis
methods, including linear regression LR model, Holt Winters, etc. The model
is easy to derive and has strong interpretability, but poor generalization;
The second is simple machine learning methods, including logistic regres-
sion [10], gradient lifting regression tree [11], etc. The model accuracy is
improved and the degree of freedom is high, but it relies on expert experi-
ence; The third is the highly anticipated deep learning methods, including
Long Short Term Memory (LSTM) [12, 13], Convolutional Neural Networks
(CNN) [14], etc. The model does not rely on feature engineering and can
automatically mine complex association information from time-series data of
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power generation, but still faces problems such as high data demand and poor
interpretability.

Deep learning methods have been extensively studied in short-term
photovoltaic power generation prediction, mainly represented by sequence
models such as RNN [15], LSTM [16], wavelet transform-support vector
machine [17], etc. These sequence models have the ability to mine deeper
data features, resulting in more accurate results. There are still two key
issues with this method: on the one hand, there is a problem of long-term
dependence on historical data, lacking the ability to predict current data
using previously learned feature data, resulting in less accurate prediction
results. On the other hand, the existing research generated photovoltaic power
generation prediction models have lag in practical applications, and the data
collected from various monitoring points in the suburban distribution network
is scattered, making it impossible to conduct real-time photovoltaic power
generation prediction and coordinated scheduling for complex regional power
grids.

Based on the above analysis, this article proposes a short-term pho-
tovoltaic power generation prediction method for suburban distribution
networks based on BILSTM-Attention neural network and Flink flow calcula-
tion. The main innovation points are as follows: (1) Introducing BiLSTM [18]
to learn the characteristics of photovoltaic power generation data in suburban
distribution networks, and BiLSTM introduces the idea of reverse trans-
mission on the basis of LSTM [19]. By obtaining contextual information,
BiLSTM can achieve better feature expression results, thereby improving
prediction accuracy. (2) Introducing an attention mechanism [20] to achieve
weight allocation helps to discover important features in data and greatly
improves the accuracy of prediction results. (3) Using the Flink stream-
ing computing framework to build a real-time prediction and monitoring
platform for photovoltaic power generation, and embeds the trained BiL-
STM Attention model. It can monitor the real-time prediction results of
photovoltaic power generation at various monitoring points in the suburban
distribution network. Compared with Spark [21] and Storm [22], Flink has
high throughput, low latency, and a comprehensive fault-tolerant mechanism
[23, 24].

This article uses a dataset of a suburban photovoltaic power station for
validation, and trains the model with historical power generation data, meteo-
rological factors, weather types, seasons, and other information as inputs. The
BiLSTM Attention fusion model has higher prediction accuracy in different
weather and seasons, and the Flink platform has higher throughput while
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achieving low time delay, thus achieving real-time surveying and analysis
of the predicted results data of photovoltaic power generation in suburban
distribution networks.

2 Real Time Prediction Technology for Short-term
Photovoltaic Power Generation in Suburban Distribution
Networks Based on BiLSTM Attention and Flink

2.1 A Short Term Photovoltaic Power Generation Prediction
Model Integrating BiLSTM and Attention

The short-term photovoltaic power generation prediction model based on
BiLSTM-Attention is shown in Figure 1:

(1) Input layer: used to convert numerical variables of historical power
generation and weather data, as well as discrete variables of weather
type and season, into inputs for the backbone network.

(2) Backbone network: Firstly, use the BiILSTM neural network to learn the
nonlinear characteristics of data in the input layer Then, the importance
of different input feature vectors for short-term prediction is analyzed
through the Attention mechanism. Finally, the weighted results of the
Attention mechanism are obtained.

(3) Output layer: Its function is to output short-term prediction data of
photovoltaic power generation.

2.1.1 Data preprocessing

The data flow of the prediction model is shown in Figure 2, which
preprocesses historical power generation, meteorological factors, weather
types, seasons, and other data as input to the model. The prediction result
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Figure 1 Prediction model based on BiLSTM attention.
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Figure 2 Data flow of prediction model based on BiLSTM attention.

is photovoltaic power generation. The meteorological factor data mainly
includes solar radiation intensity, temperature, humidity, wind speed, etc. The
data preprocessing process mainly includes normalization and denormaliza-
tion of data, as well as dataset generation based on sliding windows.

Raw data may lead to inaccurate predictions, the original power data is
normalized, and the processed data results are distributed in the [0,1] range:

Tnorm = w (D
Tmax — Lmin

In the equation, x,,y, represents the normalized value, = represents
the data to be normalized, x,i, represents the minimum value in the data,
and xpax represents the maximum value in the data. This article uses
One-Hot encoding to convert classification variables into numerical values.
For instance, the One-Hot encoding V in spring during the season can be
expressed as: V=11, 0, 0, 0].

The model needs to convert temporal data into supervised data for short-
term photovoltaic power generation prediction, and a dataset needs to be
generated based on a sliding window, as shown in Figure 3 The power data
variables of the first N moments are used to predict the power data of the
next moment, and a large number of data combinations are obtained through
sliding windows to generate a dataset, thereby supporting the training and
testing of models.

2.1.2 Construction of BiLSTM neural network

BiLSTM introduces the concept of backpropagation on the standard LSTM
model and adds two hidden layers with opposite directions. By obtaining
contextual information, BILSTM can achieve better feature extraction results.
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Figure 3 Schematic diagram of sliding window.

Figure 4 LSTM internal structure of neurons.

As shown in Figure 4, it is mainly composed of memory cells (Cells),
input gates, forget gates, and output gates. Cells are responsible for storing
historical information left in neurons, input gates are responsible for deter-
mining which input data Cells will accept, forget gates are responsible for
controlling how much historical data in Cells will be lost, and output gates are
responsible for outputting data. LSTM achieves its special memory function
through these three gates, making the model to learn temporal data features
that are correlated and continuous before and after learning.

Due to the fact that the LSTM algorithm mentioned above only consid-
ers the features of historical information in the feature extraction process,
without considering the impact of future information on feature extraction
of sequence data. This paper takes into account the data features of future
information and uses the BiLSTM algorithm for power feature extraction.
The model is shown in Figure 5.

The network of the BiILSTM model consists of an input layer, a forward
and reverse LSTM network, and an output layer. The output is the eigenvector
of the forward generation power sequence, represented by H,,; The eigenvec-
tor of the reverse generation power sequence, represented by H,,; Finally, add
the two outputs one by one to obtain the eigenvectors of the power generation
sequence:

H=H,+H, )
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2.1.3 Establishment of attention neural network

The output layer of the BiILSTM network consists of 801 time steps, with
128 neurons per time step. Each time step has different weights in power
prediction. The Attention mechanism calculates the weights of each time
step separately, and then emphasizes and highlights the role of time steps
with high weights in the data information of transmission power prediction.
The Attention layer takes the Bi-LSTM output layer as the processing object,
and uses the power prediction vector output in the 801st time step as the
benchmark to calculate and normalize the attention weights for each time
step. The calculation formulas are shown in (3) and (4).

sti = vtanh(Whyp + Uh; + b) 3)
eXP( St
iy = sz;t) “4)
Zj:i exp(st;)

In the formula, hr represents the state value of the last time step, and
W, U, b and v represent the learnable network parameters. Sy; is the attention
weight of the previous time step based on the value of the last time step state,
and ay; is the normalized weight.

The 128 neurons hi in each time step are multiplied by their own attention
weight ati, and then the 801 neurons in each time step are matched and
merged to obtain the feature vector C. The calculation formula is shown in
formula (5).

C=) aihi 5)
i=1
Finally, the output of the Attention layer is the feature vector C of 128
neurons. It aggregates the weights of each time step as the final output feature
vector, which is passed to the fully connected layer.
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2.2 Parallel Real-time Prediction and Monitoring Platform for
Suburban Distribution Network Based on Flink

2.2.1 Flink framework structure

Flink can be used in highly flexible time window based scenarios, equipped
with a fault-tolerant mechanism based on lightweight distributed snapshots.
Compared to other streaming computing frameworks, Flink has advantages
such as high throughput and low latency.

As shown in Figure 6, When Flink runs, the Flink client optimizes the
stream data job into a JobGraph topology and uploads it to the job manager
JobManager. JobManager assigns the job to the task manager TaskManager
for analysis and calculation. Each TaskManager has at least one Slot, which
runs the specific job task as the minimum resource allocation unit, and each
calculation is synchronously recorded in the State, State plays an important
role in Flink fault-tolerant recovery and iterative computation. Flink has high
throughput, high error tolerance, and low latency performance, which can
continuously and stably handle concurrent data traffic. It is very suitable for
parallel real-time prediction and monitoring of short-term photovoltaic power
generation at detection points in suburban distribution networks.

2.2.2 Construction of Flink parallel real-time prediction and
monitoring platform

As shown in Figure 7, this article constructs a parallel real-time prediction

and monitoring platform for suburban distribution network monitoring points

based on Flink flow computing, and embeds the trained BiLSTM-Attention

prediction model.

This article constructs a power generation prediction calculation cluster
based on the Flink streaming computing framework. JobManager manages
computing resources, receives upstream power generation data streams,
and distributes them to relevant work nodes for handling and computing.
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Figure 6 Flink framework structure.
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Figure 7 Parallel real-time prediction and monitoring platform for monitoring points in
suburban distribution networks.

TaskManager is a work node that receives task scheduling from JobMan-
ager, executes corresponding computational processing tasks, and uses the
trained BiLSTM-Attention model to predict and detect photovoltaic power
generation data.

3 Example Analysis
3.1 Data Acquisition

This article selects a suburban photovoltaic power station for simulation
and prediction, verifies the accuracy of the prediction mechanism based
on BiLSTM-Attention, and tests the reliability of the prediction system.
The research period is from March to October 2019. The sensors collect
meteorological data such as solar radiation intensity, temperature, humidity,
and wind speed every two minutes. The average values are recorded in the
meteorological database at 30 minute intervals. Train the prediction model
using all data in the meteorological database except for the test day as
the training set, and select March 9th (light rain, 4.3-12.6°C), May 4th
(cloudy, 6.5-27.4°C), and October 21st (sunny, 12-30.3°C) as the test days
for validation.

3.2 Model Training and Results

3.2.1 Parameter settings
The specific parameter settings for the prediction model of BiLSTM-
Attention are shown in Table 1.

The training process of the BILSTM-Attention prediction model is shown
in Figure 8. As the number of iterations continues to increase, the training
loss of the BILSTM-Attention network model goes on decrease, while the
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Table 1 Model parameters

Parameter Numerical Value
Total number of samples 4500
Training batch 64
Iterations 600

Time step 801
Learning rate 0.05

Loss rate 0.4

1.0
0.8
0.6
0.4
0.2

0.0

Figure 8

Training losses

Training accuracy

0 100 200 300 400 500 600
Training process of BILSTM-Attention fusion model.

accuracy of power generation prediction keeps on raising. When the training

number reaches 600,

3.2.2 Verification

the accuracy is close to 100%.

of BiLSTM-attention model and analysis of

experimental results

This article uses the

evaluation indicators of average absolute error (ejar)

and average absolute percentage error (epr4g) to evaluate the experimental
prediction results. The calculation method is as follows.

1 & A
eEMAE = EZ|P"_P"‘

i=1
12 |P-P ©
EMAPE = — Z -
i P

In the formula: P; is the actual power value; P is the predicted power
value; P; is the average value of the predicted daily actual power.

The experiment

used the trained BiLSTM-Attention model to test the

2020 load dataset and compared it with the optimized LSTM-Attention neural
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Figure 9 Comparison between predicted data and measured data of different algorithm
models.

Table 2 Comparison of prediction error and accuracy in different seasons

Spring Summer Autumn Winter Seasonal Average
Yuar! Umare! Umar! Yvare! Umap! Yuare! Ymar! Yumapre! Yuar! TUmars!
Model Kw %o Kw %o Kw % Kw % Kw 1%
BILSTM- 294 241 2.89 231 2.68 2.14 292 248 2.86 2.34
Attention
LSTM- 3.55 3.39 3.71 3.45 3.84 3.49 3.76 3.58 3.72 3.48
Attention
LSTM 4.81 4.85 4.69 4.53 4.75 4.79 4.71 4.71 4.74 4.72
CNN 4.04 4.17 4.15 4.36 4.33 4.46 421 4.29 4.18 3.87

network, LSTM neural network, and CNN model. Each model uses the
same power generation and meteorological, weather, and seasonal data for
prediction. Figure 9 shows the comparison of different algorithm models
under four different weather conditions. The horizontal axis in the figure
represents the time scale, and the vertical axis represents the photovoltaic
output power. The data predicted by the BILSTM Attention model is most
consistent with the measured data.

The comparison of prediction errors and accuracy between different
algorithms is shown in Table 2. From Table 2, it can be seen that the pre-
diction accuracy of the BiLSTM-Attention model in all four seasons is better
than the other three models, with the smallest prediction error. The average
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value of the four season error predicted by the BiLSTM-Attention model
Yyapr reached 2.86 KW, which 4,4 pp 18 2.34%. The method proposed in
this article has significantly improved both in terms of error and accuracy
indicators.

3.3 Performance Analysis of Flink Parallel Real Time Prediction
and Monitoring Platform

This article sets up two environments, Flink single machine and cluster. The
Flink framework cluster environment sets up one main node and two work
nodes, and compares throughput and time delay data, respectively. Taking
the average of the experimental results, Figure 10 shows a comparison of
throughput. It can be seen that the throughput of the cluster environment is
much better than that of the single machine environment. After running for
5 seconds, the performance reaches nearly twice that of the single machine
environment. Figure 11 shows the comparison of time delays. Both the stan-
dalone and clustered environments reached a stable state after 6 seconds, with
a stable time delay of 150 milliseconds for the clustered environment and 210
milliseconds for the standalone environment. From the experimental results,
it can be seen that the cluster environment is more suitable for real-time
parallel processing of larger data flows in regional power grids.

4 Summarize

This article proposes a method based on BiLSTM Attention neural network
and Flink flow calculation to achieve short-term prediction of photovoltaic
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power generation in suburban distribution networks. Through comparative
experiments, the BiILSTM-Attention model in this article has strong learning
ability for temporal features of power generation, and has high prediction
accuracy in different weather and seasons. The prediction and monitoring
platform based on Flink performs well in indicators such as throughput
and time delay. In the future, based on the platform, we can consider the
distributed coordination and scheduling of photovoltaic power generation in
the suburban distribution network structure, ensuring stable power supply
while improving the economic efficiency of power grid operation.
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