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ABSTRACT

This study proposes a modified gaps filling method, expanding the column mean imputation method and evaluated using randomly
generated missing values comprising 5%, 10%, 15%, and 20% of the original data on power output. The XGBoost algorithm was
implemented as a forecasting model using the original and processed datasets and two sources of solar radiation data, namely, Shortwave
Radiation (SWR) from Advanced Himawari Imager 8 (AHI-8) and Surface Solar Radiation Downward (SSRD) from ERA5 global reanalysis
data. The accuracy of the two sets of forecasted power output was evaluated using Root Mean Square Error (RMSE) and Mean Absolute
Error (MAE). Results show that by applying the proposed gap filling method and using SWR in forecasting solar photovoltaic (PV) output,
the improvement in the RMSE and MAE values range from 12.52% to 24.30% and from 21.10% to 31.31%, respectively. Meanwhile, using
SSRD, the improvement in the RMSE values range from 14.01% to 28.54% and MAE values from 22.39% to 35.53%. To further evaluate the
accuracy of the proposed gap-filling method, the proposed method could be validated using different datasets and other forecasting methods.
Future studies could also consider applying the said method to datasets with data gaps higher than 20%.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0157570

I. INTRODUCTION

Missing observations in a time series dataset are among the most
common hurdles encountered in forecasting. Most of the time, collect-
ing missing data are constrained by time and cost. To perform a com-
plete time series analysis, blunders must be identified and corrected or
removed whenever an attempt is made to fill the missing observations.
In statistics, imputation is the process of replacing missing data with
substituted values. Two general approaches for time series imputation
include deterministic or numerical analysis modeling, and stochastic
or time series modeling.1,2

Deterministic modeling uses numerical analysis techniques to
model the time series data. It assumes that time series data follows a
polynomial function and examines the time interval containing the
missing values. Techniques in deterministic modeling include least

squares approximations (polynomial curve fitting) and interpolation
methods (linear, spline, and Stineman).1 Meanwhile, stochastic model-
ing for time series uses random variables to forecast the probability of
the outcome in the time series data. Included in this approach are sta-
tionary models, non-stationary models, and Box–Jenkin models.3

Box–Jenkin model could be further classified into autoregressive mod-
els (AR models), moving average models (MA models), autoregressive
moving average models (ARMA models), autoregressive integrated
moving average (ARIMA) models, least-square principle, and interpo-
lation. Iwueze et al. presented an exhaustive review on estimating
missing values in time series.2

Imputation is one of the most common methods of filling the
data gaps on a time series data. Imputation is the process of filling in
data gaps on a time series using previously collected information.
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There are several types of imputation methods that can be used such
as linear interpolation (LI),4–6 mean/mode imputation (MI),7 regres-
sion imputation (RI),8 row and column mean imputation (RMI &
CMI),9 optimally weighted average imputation,10 multivariate imputa-
tion by chained equations (MICE),11–13 and k-nearest neighbors
(k-NN).14 Meanwhile, Demirhan and Renwick compared the accuracy
of different imputation methods in solar irradiance data.4

Performance of various imputation methods was tested by creating an
artificial gap based on actual solar irradiance data. Results of the study
showed that the accuracy of imputation methods is highly dependent
on the length of data gaps, location of data gaps over the series, and
irregularity in the occurrence pattern of data gaps. Finally, Iwueze
et al. proposed methods of estimating values in time series, including
the column mean imputation (CMI) method, under the assumption
that the time series is arranged such that the number of rows is greater
than the number of columns. CMI obtains the missing value of a vari-
able by computing the average of the remaining observations from the
same column as shown in the following equation:

CMI ¼ 1
m� 1

Xi�1
u¼1 X u�1ð Þsþj þ

Xm

u¼iþ1 X u�1ð Þsþj

h i
; (1)

where m refers to rows, s refers to columns, and Xt is the observation
at time t, which is identified with row i and column j.

This study expanded the proposed gaps-filling method of Iwueze
et al.,2 where instead of simply scanning the dataset and averaging the
variable column with missing values, our proposed method accounts
for specified conditions discussed and disregards the values that do
not meet them.

This study aims to evaluate the performance of the proposed
data gaps filling method and identify which of the remotely sensed
solar irradiance data yields better performance for the proposed gaps
filling method and identifies the effects of the proposed method to
solar PV output forecasting accuracy in terms of RMSE and MAE.
Due to data availability, this study is limited to using the ERA5
weather parameters as additional variables for the proposed gaps fill-
ing method.

II. MATERIALS AND METHODS
A. Data

The solar PV power output data used in this study were obtained
from one of the registered solar power plants in Tagum City, Davao of
the Department of Energy (DOE). A total of 8784 data points for 2020
with hourly temporal resolution were obtained.

The Himawari-8 is a Japanese satellite designed to acquire data
for weather analysis and forecasting. With a resolution of 500m every
10min, its primary instrument, the Advanced Himawari Imager, can
take visible and infrared images of a large portion of Asia and the
Pacific. The raw data are processed by the Japan Meteorological
Agency (JMA) and Japan Aerospace Exploration Agency (JAXA) into
a variety of products that are utilized for many different purposes,
such as estimating the potential power of solar photovoltaic systems in
the Asia-Pacific region.15 This study utilized the L3 shortwave radia-
tion (SWR) product of the Advanced Himawari Imager-8 (AHI-8).

The fifth generation of ECMWF’s reanalysis of the world’s cli-
mate and weather (ERA5) provides hourly estimates for a wide range
of atmospheric, oceanic, and land-surface parameters. It applies the
rules of physics to combine model data with global observations to

produce a globally complete and consistent dataset using information
going back to 1950 and replaces the ERA-Interim reanalysis.16 The
data also include monthly mean averages that have been pre-
calculated for convenience. Uncertainty estimates were sampled by a
10-member ensemble at three-hourly intervals. For this study, ERA5
data on wind speed (ws), wind direction (wd), ambient temperature
(t2m), relative humidity (rh), precipitation (tp), and surface solar radi-
ation downward radiation (SSRD) were utilized. The choice of weather
parameters was based on the following solar PV output studies.17–19

B. Data pre-processing

Outliers were checked using Grubb’s test, the appropriate test to
be used when it is unknown whether the datasets contain outliers.20

Once outliers are removed, Pearson correlation is employed to all
selected weather parameters with respect to solar PV output, eliminat-
ing the less significant variables.21–24 The remaining variables were
then used in the proposed data gaps-filling method. The choice of the
20% limit is based on the general practice that when the dataset has
20% data gaps, it must not be used for analysis. Furthermore, a 20%
dataset gap can introduce uncertainty and jeopardize analyses or fore-
casts. This limit is applied to the solar PV output data only. The com-
plete workflow for the data pre-processing is shown in Fig. 1(a) (data
pre-processing).

C. Data gaps filling

Several studies had been conducted using different imputation
methods for solar PV output data.6,13,25–29 However, most of these
studies did not consider different weather factors which affect solar
PV output. As such, the proposed imputation method in this study
aims to include the said parameters. The conceptual design for the
proposed data gaps filling process is shown in Fig. 1(b) (data gaps
filling).

Output data from the solar PV facility and its corresponding
weather data were compared. If the solar PV output data are missing
for a particular observation period, its corresponding weather data
were used to estimate the missing value. The imputation approach
begins by scanning for irradiance observations of the same hour from
the entire dataset. Then, the next phase takes into account the scanned
irradiance observations, identifying if they fall within the range of solar
irradiance from the missing PV plant output data. If they fall outside
the range, the solar PV output data are rejected. The same steps are
taken for each weather parameter, where the process loop continues
until the gap is filled. This process loop uses a limiting multiplier,
which has an increment between �10% and 10% [Fig. 1(b), STEP 2a].
Once the solar PV output from all datasets passes the specified condi-
tion [Fig. 1(b), STEP 2b], they are averaged and utilized as a stand-in
for the missing PV plant output data [Fig. 1(b), STEP 3]. The dataset
with gaps filled using SWR was used for the forecasting model with
SWR as solar irradiance, while the dataset with gaps filled using SSRD
was used for the forecasting model with SSRD as solar irradiance.

D. Data analysis and evaluation

The general workflow for data analysis is shown in Fig. 1(c),
where each forecasting model only utilizes one solar irradiance, either
SWR or SSRD. The accuracy of the proposed data gaps filling method
and forecasts are evaluated using different error metrics. The collected
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datasets are divided into two parts: test and train. The total data points
collected for the solar PV output was 8784, divided into 80% for train-
ing and 20% for testing. An additional 24 h was used for the validation
part of the model. The forecast horizon is 24 h, resolution at 1 h, and
lead time at 5min.

XGBoost was utilized to forecast solar PV output. XGBoost is a
distributed gradient boosting toolkit that builds on the basic Gradient
Boosting framework with system and algorithmic improvements,
making it extremely effective, adaptable, and portable.30 XGBoost
builds new trees in an iterative process to anticipate faults from earlier
trees. Final forecasts are then made by combining these trees. Scores,
referred to as feature importance, are assigned to features within the
trees to indicate how crucial they are for making predictions. The value
of a characteristic increases with usage, making it easier to compre-
hend how important it is for making predictions. The model configu-
rations used are the default values of the hyperparameters for the
XGBoost Models, and are shown in Table I.

To compare the accuracy of the proposed gap filling method and
the XGBoost forecasts, this study adapted the top two error metrics
used in evaluating the effectiveness of various forecasting models
according to Ref. 31: Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE) as shown in Eqs. (2) and (3), respectively.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1 yi � xið Þ2

n

s
; (2)

MAE ¼

Xn

i¼1 jyi � xij
n

; (3)

where n is the number of forecasts while xi and yi are the actual and
projected values, respectively. They are computed using only the
daytime hours of the time series, which spans from 6:00 AM to 5:00
PM, based on the operating hours of the power plant. The resulting
RMSE and MAE values were then compared in terms of percent
change (%), as shown in Eqs. (4) and (5) to determine whether the
dataset with filled data gaps performed better than the dataset with
unfilled data gaps in forecasting solar PV output. It should be noted
that a positive value of DRMSE and DMAE indicates an improve-
ment in forecasting model accuracy. For the unfilled data gaps, the
whole row with missing (unfilled) solar PV output was removed
since the forecasting algorithm of the XGBoost requires a continu-
ous time series input,

DRMSE %ð Þ ¼ RMSEu � RMSEf

RMSEu
� 100; (4)

DMAE %ð Þ ¼
MAEu �MAEf

MAEu
� 100; (5)

where u and f represent datasets with unfilled and filled data gaps,
respectively.

FIG. 1. Overall methodology in analyzing the improvement of solar PV output forecasting using the proposed data gap filling method.

TABLE I. Summary of the default XGBoost model configurations used in the study.

Hyperparameter Value

lr 0.001
n_estimators 500
subsample 1

col sample byttee 1
col sample bylevel 1
min_child weight 1

max_depth 6
obj reg squared error
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III. RESULTS AND DISCUSSION
A. Data

For the data evaluation, this study utilized several datasets from
various sources as presented in detail in Table II. From Fig. 2, the solar
PV output of Tagum follows a similar pattern with SWR, while its val-
ues mostly run below the solar irradiance values.

This indicates that the solar PV output and solar irradiance are
correlated and as supported by the Pearson correlation results pre-
sented on Subsection III B–IIID.

B. Data pre-processing

One of the key components of forecasting is data pre-processing,
which ensures that the input data are as clean as possible and devoid
of outliers. For this study, no outliers in the dataset were found using
Grubbs’ test. A Pearson correlation (r) was also used to identify the
significant parameters for the proposed data gaps filling method and
solar PV output forecasting. Parameters with r values above j0:5j are
considered in this study. Based on the results, SWR (0.831), SSRD
(0.787), and ambient temperature (0.73) have a positive correlation to
solar PV output, while relative humidity (�0.702) has a negative cor-
relation. A high correlation between solar PV output and solar irradi-
ance has also been reported by Gupta and Singh.19

Test cases were also established and gaps on the original dataset
were generated randomly. Table III shows the summary of test cases

and their estimated percent (%) number of data gaps. These gaps were
generated to test the accuracy of the proposed gap filling method and
its impact on forecasting solar PV output. Meanwhile, SWR and SSRD
were used on each test case to compare, which dataset produces better
forecast and gap filling results.

C. Data gaps filling

Implementing the proposed data gaps filling method utilized two
solar irradiance data, SWR and SSRD, to compare which performs
better in filling the missing values. Table IV summarizes the proposed
data gaps filling method results based on 5%, 10%, 15%, and 20%
(per cent) increments. Results showed that SSRD perform better in
terms of filling the gaps compared to SWR. The number of data gaps
significantly decreased using the SSRD datasets, the gaps were reduced
from 5%, 10%, 15% and 20% to 1.37%, 2.39%, 1.82%, and 1.99%, for
test cases 1–4, respectively. Meanwhile, using the SWR dataset, the
data gaps were reduced in all cases to 1.82%, 3.30%, 4.32%, and 5.18%
for cases 1 to 4, respectively. In this study, the unfilled datagaps after
running the proposed filling method were excluded in the implemen-
tation of XGBoost.

D. Data analysis and evaluation

Using XGBoost to forecast solar PV output, the RMSE and MAE
values were compared for SWR and SSRD models across all test cases,

TABLE II. Summary of datasets used in the study.

Source Data Unit Temporal resolution

DOE Solar PV Output kW Hourly
Himawari-8 SWR W�m�2 Hourly
ERA5 SSRD W�m�2 Hourly

ws m�s�2 Hourly
wd cardinal direction Hourly
t2m �C Hourly
rh % Hourly
tp mm Hourly

FIG. 2. Comparison between two remotely sensed solar irradiance data (SWR and
SSRD) juxtaposed with the solar PV output of Tagum for December 29–31, 2020.

TABLE III. Summary of test cases and the number of missing data points for each
randomly generated data gap used in the study.

Test case Data gap (%) Number of Datapoints

1 5 439
2 10 878
3 15 1318
4 20 1757

TABLE IV. Summary of data gaps filled for each test case at 5%, 10%, 15%, and
20% increment using SWR and SSRD data for solar irradiance.

% Increment

SWR SSRD

1 2 3 4 1 2 3 4

1 110 201 275 367 101 200 255 345
2 124 262 355 445 158 330 451 549
3 80 147 258 324 83 162 261 369
4 40 94 145 194 40 73 167 197
5 29 56 98 124 17 39 69 118
6 14 31 57 72 13 17 39 61
7 16 27 27 53 9 14 25 36
8 10 18 27 40 7 13 13 22
9 6 8 9 31 2 5 4 12
10 2 5 10 16 3 4 10 13
Filled data 431 849 1261 1666 433 857 1294 1722
Unfilled data 8 19 57 91 6 21 24 35
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as summarized in Table IV. Based on the SWR models for test cases
1–4, RMSE values improved from 62.97, 71.68, 84.51, and 84.16
(unfilled) to 55.08, 59.98, 63.97, and 66.58 (filled), respectively. The
MAE values in the SWR models also follow the same trend, from
36.80, 43.28, 51.97, and 51.6 (unfilled), to 29.04, 32.23, 35.70, and
37.53 (filled), respectively. Meanwhile, for SSRD models, RMSE values
improved in test cases 1–4, from 62.73, 71.84, 85.60, and 83.73
(unfilled), to 53.94, 58.60, 61.17, and 60.85 (filled), respectively. The
same improvement trend was also observed for the MAE values in the
SSRD models, from 36.80, 43.28, 51.97, and 51.6 (unfilled), to 28.13,
31.88, 33.89, and 33.55 (filled), respectively. Equation (4) was used to
compare the solar PV output forecasting performance of SWR and
SSRD models across all test cases using the gaps-filling method pro-
posed in this paper. Results show that datasets with filled data gaps
have better forecasting performance than datasets with unfilled data
gaps. Improvement in forecasting accuracies also follows an increasing
trend from test cases 1 to 4 for both RMSE and MAE, as presented in
Table V. Furthermore, Table VI shows the improvement in forecast
accuracies (%Change) for the SWR models are as follows:
DRMSE¼ 12.52% (min) to 24.30% (max); DMAE¼ 21.10% (min) to
31.31% (max). Meanwhile, for the SSRD models, the improvement
ranges from 14.01% to 28.54% for DRMSE, and 22.39% to 35.53% for
DMAE.

For the unfilled dataset, the forecasting accuracy using SWR for
test case 3 (data gaps at 15%) yielded higher errors than test case 4
(data gaps at 20%) (see Table VI). This contrasts the filled dataset,
where test case 4 produced less accurate results than test case 3. When
using SSRD in the forecasting models, test case 3 for filled and unfilled
datasets produced higher errors than test case 4. The irregularity of the
trend may be attributed to the number of unfilled data in the dataset
for each case, as presented in Table IV.

IV. CONCLUSIONS AND RECOMMENDATIONS

One of the common problems in dealing with time series data
are missing observations. In this study, a data gaps filling method was
proposed to address this problem. The study carried out test cases at
5%, 10%, 15%, and 20% data gaps. Using the XGBoost algorithm, fore-
casting accuracy was computed by comparing the RMSE and MAE
values for each test case. Results show that filling the gaps using SSRD

outperformed SWR in forecasting solar PV output. At the same time,
improvement of the XGBoost model accuracies follow the same trend
across all test cases, where datasets with filled data gaps have better
forecasting performance (max DRMSE¼ 28.54%, max DMAE
¼ 35.53%) than datasets with unfilled data gaps. Moreover, an increas-
ing trend in model improvement has been observed as the number of
gaps filled increases (i.e., the fewer the number of remaining gaps in
the dataset after applying the filling method, the higher the accuracy of
the model). Finally, the proposed data gaps filling method has signifi-
cantly improved the accuracy of the forecasting models with less than
20% data gaps.

To further evaluate the accuracy of the proposed method in this
work, the proposed method is recommended to be validated using var-
ious solar PV output data from different locations, exogenous varia-
bles, time series lengths, and forecasting methods. Future studies could
also consider applying this method to datasets with data gaps higher
than 20%.
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