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Abstract: In recent years, as the grid-connected installed capacity of photovoltaic (PV)
power generation has increased by leaps and bounds, it has assumed considerable im-
portance in predicting PV power output. However, the power prediction of newly built
small-scale PV power plants often suffers from many unexpected problems, such as data
redundancy, data noise, data sample imbalance, or even missing key data. Motivated by
the above facts, this paper proposes a data augmentation-based prediction framework
for PV power. Firstly, the daily power distance measurement is used to analyze feature
correlation and filter erroneous data. Then, the autoencoder network trained based on
the random discarding mechanism is used to restore the PV power generation data. At
the same time, a specific data augmentation method for the PV power curve is designed
to eliminate the influence of data sample imbalance. In the final experimental section,
compared with the latest method, this method achieved the highest MAE accuracy of 8.26%
and RMSE accuracy of 10.96%, which proves the effectiveness of this method.

Keywords: prediction; photovoltaic power; autoencoder; data augmentation

1. Introduction

As a virtually inexhaustible clean energy, solar photovoltaic (PV) power plays an
important role in the world’s energy field. Over the past decade, the global deployed
on-grid PV capacity has grown by an astonishing 1860%, from 41.5 GW in 2010 to 773.2 GW
in 2020 [1]. Furthermore, the global deployed on-grid PV annual new installed capacity is
also increasing year by year. As shown in Figure 1, whether in terms of annual growth or
overall growth trend, PV power generation has a promising development prospect.
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Figure 1. Photovoltaic installed capacity and its annual growth.
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With huge strides made in PV technology and the popularization of PV applications,
especially the extremely high market share of grid-connected PV power generation, the
PV power prediction system has become particularly important. The accuracy of power
generation prediction will have a direct impact on the grid load frequency, grid stability,
system reliability, power quality, investment, and system operation efficiency [2-8]. The
study on the short-term prediction of PV power generation is helpful to stabilize the
operation of the power system, optimize grid scheduling, and provide effective protection
for distribution load management.

Much research has been carried out on the prediction of photovoltaic power generation.
According to the principle of prediction, the forecast methods can be divided into three
categories: physical methods [9], statistical or time series analysis methods [10], and hybrid
methods [11]. According to the predicted time scale classification, the forecast can be
divided into four categories: very short forecasts [12], short forecasts [11], nowcasting [13],
and long forecasts [10]. From the perspective of prediction methods, these technologies
can be broadly divided into two categories: (1) indirect forecasting methods [9,13,14] and
(2) direct forecasting methods [12,15,16]. For the indirect methods, solar irradiance is
predicted based on historical solar irradiance and weather data, and then is converted
to PV power output. The techniques used include the fuzzy logic method [9], wavelet
analysis [14], and the artificial neural network (ANN) [13]. The direct methods predict PV
power output according to their historical data and associated weather information. The
techniques used consist of the support vector machine (SVM) [12], ANN [15], and hybrid
ANN methods [16].

Solar power generation is, to a great extent, susceptible to weather, which is difficult
to predict accurately [12,17-22]. Changes in weather conditions affect the stability and
continuity of power output, which poses a serious challenge for the PV power prediction
system. At present, a series of short-term PV power prediction methods have been proposed.
such as the artificial neural network (ANN) [15], support vector machine (SVM) [12],
Markov chain (MC) [11], and Long Short-Term Memory (LSTM) [10] network. In [23], an
inverter-data-driven method to forecast the output power of PV plants under the time scale
of a second was proposed, with a deduction accuracy of 94.8%, which could fully take the
impact of moving cloud into consideration. In [24], historical PV power generation data
and weather data were used to train Bayesian network-based data-driven reasoning models
to predict ultra-short-term PV power. In [25], the correntropy criterion and ConvLSTM
network were integrated to build a robust deep spatiotemporal framework. By leveraging
the encoder—decoder ConvLSTM architecture, the resultant forecasts can cover multiple
PV sites and look-ahead horizons simultaneously. In [26], the combination of nonlinear
correlation measurement and weighted local outlier factor (WLOF) were utilized to build a
Gaussian weighted regression algorithm to forecast short-term PV power generation with
a normalized root mean square error (NRMSE) of 6.614%. In [11], the higher-order Markov
chain was used to forecast the probability distribution function (PDF) of the generated
power of PV systems, allowing the PV power point forecast as well as the PDF forecast to
be carried out.

It is evident from [27-30] that the prediction accuracy of PV power is affected by
the weather, majorly. In other words, when sudden changes in weather conditions occur,
the accuracy of the power prediction system is reduced to varying degrees. For example,
historical power output is classified as four different weather types, sunny, cloudy, foggy,
and rainy, in [15], and the SVM is used for PV power prediction, with a mean relative error
(MRE) ranging from 4.85 to 12.42%. In [31], the solar time, earth declination angle, and
weather data were utilized to characterize the historical measurement power data using
table look ups and weighted blending models, with an average nRMSE of 7.356%. In [30],
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used by the power conversion model, the meteorological factors of the historical weather
data of the target weather station and the surrounding weather stations were used for PV
power prediction, with an average nRMSE of 6.72%.

Based on the above research situations, this paper discusses the characteristics of solar
power generation time series and the challenges of solar power generation prediction (i.e.,
data redundancy, data noise, data sample imbalance, and missing data). On this basis,
relying on data-driven methods, this paper proposes a PV power prediction framework
under the condition of missing information. We demonstrate that, if the framework is
executed correctly, the proposed method can effectively find relevant features and repair
wrong data. The main contributions of this paper are:

1. A feature selection and data elimination (FS-DE) module is designed, which can
effectively analyze the related external features and screen out abnormal samples.
At the same time, a randomly discard mechanism autoencoder is designed to repair
abnormal data.

2. A data augmentation module for PV-specific data is designed to help eliminate the
imbalance of data distribution. The residual signal undergoes a series of transforma-
tions to generate multiple similar power curves, and then, in order to obtain external
features synchronously, the reverse prediction network is used to generate sample
pairs to achieve data enhancement.

2. Background

In this section, we provide a discussion on the challenges of solar power forecasting.
The discussions are based on the real-life data that are later used for numerical simulations.

2.1. Data Source

The data we studied came from two different solar energy PV power generation
stations in Zhejiang, China. The first station, Shaoxing station, is located in Shaoxing, Zhe-
jlang (120.33° E , 30.12° N) and the second station, Jiaxing station, is located in Tongxiang,
Zhejiang (120.61° E, 30.60° N). The detailed information is summarized in Table 1.

Table 1. The detailed parameters of the PV power stations.

Shaoxing Station Jiaxing Station
Location Shaoxing Jiaxing
Coordinates 120.33° E, 30.12° N 120.61° E, 30.60° N
Cant radiation, o
Direct normal irradiance, Cant radiation,
Diffuse solar radiation, Direct normal irradiance,
Total radiation, Diffuse solar radiation,
Atmospheric pressure, Tgtal radiation,
Data Relative humidity, Ambient temperature,
Ambient temperature, Hum}dlty,
The panel temperature, Atmospheric pressure,
Wind speed, The panel temperature
Wind direction,
Precipitation
Sampling period 15 min 5 min/15 min
31 August 2019 to 1 January 2021 to

Data period 29 August 2020 26 March 2021
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Shaoxing station contains seven units, and the rated power of each unit is 2.4 kW.
The historical data collected include ambient temperature, wind speed, wind direction,
humidity, direct radiation, diffuse radiation, and air pressure, with a sampling period of
15 min from 31 August 2019 to 29 August 2020.

Jiaxing station contains three units, and the rated power of each unit is 2 kW. For station
2, we used data that cover the period from 1 January 2021 to 26 March 2021, including
power data with a sampling period of 15 min and other environmental parameters with a
sampling period of 5 min.

2.2. Challenges of PV Output Forecasting

There is no doubt that PV power forecasting will have many challenges; without
loss of generality, this paper considers several of the most common problems in PV
power forecasting.

The low predictability of PV power generation is mainly due to the instability and
discontinuity of power generation components affected by extremely unpredictable weather
conditions. Figure 2 depicts the diurnal variation of PV power output under different
weather conditions at Shaoxing Station. It can be seen that the PV power output is quite
different under different weather conditions. On sunny days, the power curve presents
a full bell-shaped curve. On rainy days, the output of power is at a low value, while
on cloudy days it is in between. From the perspective of the time dimension, PV daily
power generation is highly positively correlated with sunshine length. Figure 3 depicts the
variation in sunshine duration with seasons and the variation in daily radiation values. It
can be observed that there is a variation trend from the shortest sunshine duration in winter
to the longest sunshine duration in summer. From the perspective of spatial dimension,
places that are close to each other have a similar weather distribution. However, due
to the instability and discontinuity of weather, daily power generation often has great
differences. For example, the weather in Shaoxing and Jiaxing is completely different,
although their annual weather distribution is similar. The weather uncertainty in time and
space causes the instability and discontinuity of PV power generation, so the error of PV
power prediction is relatively high.
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Figure 2. Power output curves under different weather conditions at Shaoxing station. (a) Sunny.
(b) Cloudy:. (c) Rainy.
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Figure 3. The variation trend in daylight hours with different seasons at Shaoxing station.
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As shown in Table 1, the data from Shaoxing station contain many external features, i.e.,
(1) cant radiation, (2) direct normal irradiance, (3) diffuse solar radiation, (4) total radiation,
(5) atmospheric pressure, (6) relative humidity, (7) ambient temperature, (8) the panel
temperature, (9) wind speed, (10) wind direction, and (11) precipitation. The proportion of
features strongly correlated with the output power is very small, and most features have
little correlation with the output power. Therefore, these redundant features will have a
great impact on the prediction accuracy, and how to find the appropriate feature similarity
metric is particularly important. In addition, due to the constraints of realistic conditions,
data acquisition and data transmission anomalies often occur in sensor sampling, as shown
in Figure 4 (the data collection interval is 15 min), which often leads to difficulties in
improving the accuracy of data-based prediction methods. Therefore, a suitable data repair
mechanism is required to integrate the original data. In this paper, we have built a data
augmentation module to overcome this difficulty.

0.8

0 100 200 300 400 500 600
Time(15 min)

Figure 4. Abnormal data of Shaoxing station.

For many PV power generation systems, due to storage and other practical constraints,
the sampled data often show a small amount of data accumulation and unbalanced data
distribution, and so on. As shown in Figure 5, from the historical weather distribution,
the weather conditions at Shaoxing station are similar to those at Jiaxing, but, looking
at the history of sampling data, the sampling data of Shaoxing station are full, close to
the historical weather distribution. At the same time, the historical sampling data of
Jiaxing station are too small to reflect the historical distribution, thus causing a large
prediction error.

Shaoxing Tongxiang

23%

24%

[ISunny B Partly Cloudy EfICloudy [ IRainy or Snowy

Figure 5. Weather distribution.

3. Methodology
3.1. The FS-DE Module

The feature selection and data elimination (FS-DE) module is designed for feature
selection and abnormal data day extraction. Historical data were trained for feature
selection by similarity metrics, while autoencoders (AEs) in [32] were used for data repair.

The power output of the PV system is directly or indirectly affected by a large number
of external variables, such as direct normal irradiance, diffuse solar radiation, ambient
temperature, relative humidity, cloud cover index, etc. In fact, there are only a few external
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variables that have a great influence on power output, such as direct normal irradiance
and diffuse solar radiation, and the rest of the external variables have little correlation.
The FS-DE module is designed to pick out the most relevant features on the one hand and
the days of data anomalies on the other. In Table 2, we have listed the symbols used in
this paper.

Table 2. Summary of frequently used mathematical notations.

Notations Mathematical Meanings

P Historical power matrix

p@) The power output vector of day d

T The sampling frequency

T The number of intervals in a day

v External variable matrix

N The number of days for sampling data

M The number of external features

PED The Euclidean distance matrix of the historical power data
VED The Euclidean distance matrix of the external features
PVD The correlation coefficient between external feature and power
PVED The external feature correlation metric

Ey The loss function

In the FS-DE module, we are given the historical power output, P, and the historical
external variables, V:

P ={P9|d=1..-N} 1)

P (d):(pgd),péd),---,pgd),-'-,p(Td))T 2)

\% :{Vlfd)|d:1...N;k:1...M} (3)
d 4 (d d d\T

QR C R ) 0

where P(@) is the power output vector of day d with sampling frequency T, ¢ indicates the
measurement interval, and T is the number of intervals in a day. V(?) is the kth external
features of day d.

The concrete implementation of the FS-DE module is as follows:

Step 1: the Euclidean distance of the historical power data (PED) is calculated for each
pair of historical days by the matrix norm, say PED, as follows.

PEDy; e PED;y ]

PED = : PED;; : )

| PEDn e PEDNN] yyn
where PED;; = ||P() — p() Hz is the PED between day i and j according to the values of
power. Note that days with similar power patterns will have very small PED values, while

days with significantly different power patterns, such as sunny and cloudy days, will have
high PED values.
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Step 2: the values of VEDs are calculated for each pair of historical days based on each
external variable, V;, as follows:

[ VEDjqq e VEDjN |

_VEDkNl tot VEDkNN_ NxN
where VEDy;; = H Vk(i) - Vk(j ) H2 is the VED between day i and j according to the values of
the kth external variable. Similarly, days with similar external variables will have a very
small value, while days with significantly different external variables, such as sunny and
cloudy days, will have a very high value.

Step 3: we define the correlation coefficient, PV D, between the external feature, V,
and power, P, as:
_ V2||PED — VEDy|l2

PVD(P, Vi) = == N-1D) )

A low value of the PVD indicates a higher similarity between V} and P. We calculate
PVD values for each external feature and power and then select M’ external features that
are most relevant to power.

Step 4: the value of PVEDjs are calculated as follows:

PVEDy = [pvED(") ... pvep{) ... pvep(M| ®

where PVEDy (i) = HP(i) — V(i)’ ». If PVED() > PVED, this means there was an error in
the data for that day. Pick out such data for later repair (i.e.,, ¢ = {¢; | i =1,2,--- ,N,},

where N, is the number of abnormal samples and ¢; = {p vy vy -0 OL|)

The abnormal data, ¢, are selected, and the remaining data, xk = {p; | i =
1,2,- -+, Ny }(where p; = {p v vy - UL} ), are put into the autoencoder for training.
The input vector is randomly set to zero for anti-noise training, and the specific formula is
as follows:

£ = {6 |i=12--,Nu} (9)
pi = pixA (10)

where & represents data generated by random dropout, and A is a Boolean diagonal matrix
whose only diagonal elements are non-zero and whose diagonal elements are either zero or
one. The concrete implementation is as follows:
A = diag(91, 92, te ,9]', ce 19L+l) (11)
0; € {01} (12)

The structure of the neural network (NN) used in this article to fix bad data is illus-
trated in Figure 6. After training, the designed model can predict the output power and



Energies 2025, 18, 747

8 of 15

other vital external features with any given incomplete input, which is described by g;. To
evaluate the performance of NN, the loss function is defined as follows:

(K — K1) (13)

1=

1
Ee=—
k ni

1

where xy, is the real output in the kth training sample, and &} is the predicted output in the
kth training sample.

training predict

Randomly set to zero Repair abnormal features

Figure 6. Feature repair network.

3.2. The Data Augmentation (DA) Module

To solve the problem of insufficient and unbalanced data samples, the feature enhance-
ment module in Figure 7 is designed to improve data quality and solve the problem of
insufficient and unbalanced data. According to the characteristics of the diurnal variation
of the PV power curve, this paper has designed the inverse prediction data augmentation
method based on the residual signal. The specific implementation method is as follows.

model training

output external

variable

actual curve

.

Figure 7. Schematic diagram of data enhancement module.

Step 1: reverse prediction of existing historical data. By fine-tuning the encoder model
trained by the FS-DE module, a reverse prediction model, &(-), can be trained quickly.
Step 2: calculate the residual signal, and then transform:
d) _ pld) d
E()_Pideulip() (14)

B — @(E@) (15)
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(d)

where P, ., is the ideal power curve calculated by the mathematical model, and
©(-) is a random transformation, like randomly expanded, flipped, transformed, and
other operations.

Step 3: calculate the new power output curve, P(4):

pd) — pld _ ) (16)

ideal —
Calculate the external feature curve, Vk(d) , by using the model trained in Step 1.
~ d ~
7 = &) (17)

Step 4: repeat Step 2 and Step 3 every day to obtain the enhanced data, P = {P(@) |
d=1---Nyand V; = (V¥ [d=1---N}
To sum up, the flow chart of the PV power forecasting process is shown in Figure 8.

Photovoltaic generation systenﬂI FS-DE

|
! |
: . \PVcomgonents ! -
| \ — | Feature repai
| I Q! bnormal data %
o SR> i
I Inverter ) LU /
| | O T T T |
! J AT g
: MM | | Feature selection
; I
e et s e T I i it
| [ Al ! |
|
|
|

Figure 8. Schematic of the proposed PV power prediction framework.

4. Case Study

In this section, the data from the Shaoxing PV power station and Jiaxing PV power
station will be used for experiments to verify the effectiveness of the proposed method.

According to Algorithm 1, the correlation between the external characteristics and the
output power is calculated and the error data are filtered out for subsequent repair. It can
be seen from Table 3 that the characteristics of both stations that have a high correlation
with power are cant radiation, direct normal irradiance, diffuse solar radiation, and total
radiation. In feature correlation analysis, the FS-DE module can extract noise data at the
same time, and then an autoencoder network is used for data repair.

Table 3. Correlation analysis of external features and power.

V; Feature Shaoxing Station Jiaxing Station
1% Cant radiation 0.0066 0.0062
Vs Direct normal irradiance 0.0056 0.0058
Vs Diffuse solar radiation 0.0069 0.0072
Vy Total radiation 0.0058 0.0055
Vs Atmospheric pressure 0.0164 0.0148
Vi Relative humidity 0.0176 0.0127
Vz Ambient temperature 0.0127 0.0112
Vs The panel temperature 0.0092 0.0116
Vo Wind speed 0.0134 N/A
Vio Wind direction 0.0163 N/A

Vi1 Precipitation 0.0110 N/A
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Algorithm 1 Feature selection and data elimination module.

Input: Power output values at each measuring interval t of each historical day d, denoted
by P = {P@ | d = 1---N}. A set of external variables V = {Vk(d) |d=1---N;k =
1---M}

Output: P = (P |d=1,... N}, V' = (v |d=1...N;k=1..-M'}

1: The values of PEDs based on recorded power values are calculated for each and every

pair of historical days, say day d and day d’, using (5).
2: The values of VEDs are calculated for each pair of historical days based on each external
variable V,, using (6).

3. Calculate the PVD value of each external variable using (7). Select M’ variable with

lower value PVD as the prime external variables (PEVs).

4: The value of PVED is calculated according to Formula (8), and then the samples with

abnormal data were screened out.

5: Use an autoencoder neural network to repair abnormal data.

6: return P’, V'

In this paper, two error measurement methods are used to measure the daily prediction
accuracy: normalized mean absolute error (nMAE) and normalized root mean square error
(nRMSE). They are defined as:

1« [Pt —pel
AE = = ——— % 100% 1
nM T Et B, * 100% (18)

1 A 2
,Z _
nRMSE — YT t(lft PO 00% (19)
r

where P is the power output value at moment ¢, p; is the predicted power value at moment
t, and P, is the PV installation capacity.

4.1. Results for Shaoxing Station

To verify the effect of the proposed framework, the online experiment is first carried
out on Shaoxing station. As a control in the experiment, we take the original data without
feature screening and the data augmentation as the baseline, the data that have not been
enhanced with feature screening as the FS-DE, and the FS-DE+DA as the proposed method.
The neural networks used for prediction all use LSTM.

The experimental results are shown in Table 4. It can be seen from the table that
the accuracy of the baseline is much worse than that of the other three, indicating that
the original data have fewer effective features and require feature selection to remove
redundant features. Similarly, the accuracy of the model is further improved to 9.46%
after data repair, which shows that abnormal data have a great impact on the accuracy of
the model.

Table 4. Prediction for Shaoxing station.

nMAE nRMSE
Average Std Average Std
baseline 18.98% 10.64% 22.45% 14.43%
FS 9.82% 8.72% 12.32% 8.43%
FS-DE 9.46% 6.34% 10.24% 9.86%

FS-DE +DA 8.84% 5.43% 9.86% 7.96%
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For the prediction analysis under different weather conditions, as shown in Table 5,
the prediction accuracy of the FS method under different weather conditions is shown. It
can be seen that the FS method achieves better results on sunny days. However, for severe
weather conditions (partly cloudy, clouds, and rain), the accuracy of the FS method will be
greatly lost and has a large variance. However, as shown in Table 6, compared with the
FS method, the FS-DE method slightly improves the prediction accuracy, but the variance
improvement is not obvious. This may be due to the fact that the impact of abnormal data
in the data is mainly reflected in the misjudgment of the abnormal data themselves, while,
for the imbalance of severe weather itself, the FS-DE method has not changed more in
nature. Finally, the FS-DE+DA results verify the above statement, as shown in Table 7,
that, after adding the data augmentation module, the prediction accuracy of the model is
improved, and the prediction accuracy is stable in bad weather, indicating that the data
augmentation module can effectively alleviate the data imbalance problem.

Table 5. FS prediction for Shaoxing station.

nMAE nRMSE
Average Std Average Std
Sunny 10.24% 8.23% 13.43% 10.85%
Partly Cloudy 12.49% 11.34% 15.68% 16.23%
Cloudy 14.52% 12.54% 17.24% 17.37%
Rainy 9.33% 7.24% 11.24% 14.44%

Table 6. FS-DE prediction for Shaoxing station.

nMAE nRMSE
Average Std Average Std
Sunny 8.99% 8.76% 12.36% 10.23%
Partly Cloudy 11.24% 10.40% 13.42% 14.54%
Cloudy 14.25% 12.42% 14.54% 15.26%
Rainy 9.13% 7.21% 10.24% 12.24%

Table 7. FS-DE+DA prediction for Shaoxing station.

nMAE nRMSE
Average Std Average Std
Sunny 6.89% 4.46% 8.56% 6.85%
Partly Cloudy 8.94% 8.84% 11.68% 8.23%
Cloudy 8.35% 9.34% 12.64% 9.86%
Rainy 7.34% 5.25% 9.46% 7.34%

4.2. Comparison with Other Existing Methods

To verify the validity of our method, we compared the proposed method with the
existing literature, and we used data from Jiaxing station for the experiments. To manage
the scenario that no historical data were available in the newly built PV power Jiaxing
station, we adopted a fine-tuning strategy in transfer learning.

As shown in Table 8, the final results indicate that the model accuracy of data en-
hancement is significantly higher than that of non-augmentation cases. The experiment
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further shows that the data augmentation effectively alleviates the distribution imbalance.

As show in Figure 9, compared with other methods, the proposed method has a higher
accuracy and lower std value.

Table 8. Comparison with existing methods.

nMAE nRMSE
Average Std Average Std
baseline 25.43% 16.34% 29.35% 19.32%
FS 13.57% 11.27% 15.67% 13.56%
FS-DE 12.47% 9.98% 13.18% 10.98%
proposed 8.26% 7.28% 10.96% 9.26%
ConvLSTM [25] 15.12% 12.12% 15.98% 13.78%
MC [11] 14.81% 12.07% 15.69% 13.61%
WGPR [33] 12.86% 10.34% 13.26% 13.78%
SRPCNN [34] 9.90% 9.84% 12.89% 10.38%
0.8
—~-actual data
- proposed |
WGPR
**SRPCNN
4 |
i
i ]
|
ﬁ: -
QM -
1
100 150 200 250 300

Time(15 min)

Figure 9. Final prediction effect.

4.3. Model Generalization Ability Experiment

To further demonstrate the effectiveness of the proposed method, data anomaly
experiments and data imbalance experiments were designed manually to test the function
of each module. As shown in Table 9, the first column is the proportion of abnormal
data, and the normal data of Shaoxing station are processed manually into anomalies in a
certain proportion. When normal data are treated as abnormal in a certain proportion, the
prediction effect of the FS-DE method will be improved to some extent compared with that
of the FS-DE method. The improvement effect is the most obvious on sunny days, and the
worst on rainy days, because, when normal data are treated as abnormal, the changes on
sunny days are the most obvious, and it is easy for them be identified as abnormal by the
FS-DE module for correction. However, the changes on rainy days are the least obvious,
and the comparison between the FS-DE method and FS method is not obvious.

Similarly, we designed the data imbalance experiment manually. As shown in Table 10,
the data in the first column are the proportion of data imbalance. For example, sunny
1:3 means that the number of days with sunny weather is reduced by 1/3. Under such
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conditions, the DA module will play a certain role, and the prediction effect of the FS-
DE+DA method will be improved more than that of the FS-DE method.

The improvement is most obvious on cloudy days, while the effect is not obvious on
rainy and sunny days. We speculate that it is easier to enhance data on cloudy weather.
On sunny days, due to the data’s obvious characteristics, their features are more concen-
trated in the high-dimensional space, so the effect of data augmentation is not obvious,
while, on rainy days, their features are more dispersed in the high-dimensional space, and
the characteristics and effect of data augmentation are not obvious, and even produce
side effects.

Table 9. Anomaly data model generalization experiment.

nMAE nRMSE
Error Weather FS FS-DE FS FS-DE
sunny 10.24% 8.99% 13.43% 12.36%
- partly cloudy ~ 12.49% 11.24% 15.68% 13.42%
? cloudy 14.52% 14.25% 17.24% 14.54%
rainy 9.33% 9.13% 11.24% 10.24%
sunny 12.53% 10.89% 15.70% 14.02%
-~ partly cloudy ~ 14.67% 13.74% 18.34% 17.17%
? cloudy 16.25% 16.19% 19.12% 17.82%
rainy 11.18% 10.74% 12.87% 13.08%
sunny 14.86% 12.23% 16.74% 14.76%
10 partly cloudy ~ 16.13% 15.39% 18.62% 17.11%
? cloudy 17.36% 16.52% 19.69% 18.64%
rainy 13.53% 12.79% 14.19% 13.82%
Table 10. Data imbalance experiment.
nMAE nRMSE

Rate Weather  po DE  FS-DE+DA  FS-DE  FS-DE+DA
sunny 8.99% 6.89% 12.36% 8.56%
» partly cloudy ~ 11.24% 8.94% 13.42% 11.68%
’ cloudy 14.25% 8.35% 14.54% 12.64%
rainy 9.13% 7.34% 10.24% 9.46%
sunny 11.33% 10.21% 14.43% 12.85%
13 partly cloudy  14.37% 10.74% 17.23% 14.57%
’ cloudy 17.55% 13.03% 17.82% 14.73%
rainy 11.67% 10.99% 14.47% 13.88%
sunny 14.36% 13.63% 16.83% 15.76%
1:9 partly cloudy  18.56% 15.28% 19.62% 16.91%
’ cloudy 18.89% 15.72% 19.69% 16.84%
rainy 13.53% 13.49% 15.49% 15.32%

5. Conclusions

This paper discussed some unique challenges faced by the power generation output
prediction of small grid-connected solar generators. Due to the influence of sensor equip-
ment and environmental factors, the prediction accuracy of solar PV power generation
is reduced, which leads to the failure of the prediction model in serious cases. Based on
this, this paper proposes an online prediction framework for photovoltaic power in the
absence of information, including the FS-DE module and DA module. The FS-DE module
selects the high similarity features and filters out wrong data according to the similarity
of historical daily power. At the same time, the autoencoder trained based on a random
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discarding mechanism is used to repair photovoltaic power generation data. Then DA
module is designed to eliminate the influence of data imbalance. The final experiments
indicate that the proposed method is effective, whether it is sunny, cloudy, or rainy.
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