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Missing data in Automatic Weather Stations (AWS) due to sensor failure or
communication errors poses a significant challenge to the accuracy of weather and
climate modeling. Traditional imputation methods often struggle with the complex
temporal patterns of meteorological data. This study evaluates the performance of
the Gate Recurrent Unit (GRU) algorithm for imputing missing air temperature and
humidity data. The research utilized meteorological data from three AWS locations
in Banten Province (AWS Staklim Banten, Golf Modern, and BSD Serpong)
collected between January 2022 and January 2024. The model was tested using
simulated missing data scenarios ranging from 5% to 50% and evaluated using R?,
RMSE, and MAPE metrics. The results demonstrate that the GRU model achieves
high accuracy, maintaining a strong correlation (R? > 0.9) with actual sensor data
even at high missing rates. The average MAPE was recorded at 1.79% for air
temperature and 3.92% for humidity. Furthermore, the RMSE values met the
precision criteria and measurement uncertainty limits set by the World
Meteorological Organization (WMO). The study concludes that the GRU algorithm
is a computationally efficient and highly accurate method for handling missing time-

series weather data.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Indonesia is one of the regions facing global challenges in
terms of weather variability. This greatly affects various
sectors of daily life. [1]. Weather parameters such as air
temperature and humidity are important in weather and
climate modelling to support cross-sectoral climate
adaptation policies and strategies [2]. Meteorology,
Climatology and Geophysics Agency (BMKG) is responsible
for providing accurate, real-time weather data obtained from
Automatic Weather Stations (AWS). [3]. AWS are automatic
weather observation stations spread across almost the entire
territory of Indonesia. Real-time weather data monitored by
AWS is sent from the observation site to the BMKG database
centre.[4].

Although AWS is effective in providing real-time weather
data, there is often missing data on several weather
parameters due to sensor damage, communication

disruptions, or calibration and maintenance processes [5].
This incomplete data can reduce the accuracy and quality of
weather and climate modelling, thereby impacting the
accuracy of analyses and predictions required in various
sectors. Therefore, imputation of missing data on weather
parameters is an important step in improving the quality of
data collected by AWS.

Imputation aims to replace missing values with estimates
that can improve the accuracy of weather analysis and
prediction [6]. However, traditional imputation methods such
as mean imputation and linear interpolation have limitations
in handling temporal and non-linear patterns in time series
data [7]. In the context of time series data, a more adaptive
and dynamic approach is needed to produce more accurate
estimates. The application of machine learning models such
as Gate Recurrent Unit (GRU) has been evaluated and proven
effective in handling time series data imputation
problems.[8].
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Unlike previous studies that broadly compare various deep
learning architectures, this research specifically focuses on
validating the performance GRU algorithm against the
rigorous World Meteorological Organization (WMO) data
quality standards. GRU is selected as the primary focus due
to its proven balance between accuracy and computational
efficiency, specifically its lower memory usage compared to
LSTM which is critical for future implementation on low-
power Automatic Weather Station (AWS) loggers. This study
aims to demonstrate that a standalone GRU model is
sufficient to meet operational measurement uncertainty limits
without the computational overhead of more complex
ensembles. GRU, developed by Cho et al. (2014), offers a
simpler architecture while still providing high performance
[9]. Several studies have shown that GRU is effective in
imputing missing data in various domains, including
meteorology [10] [11]. This study aims to evaluate the GRU
model in handling missing weather data on AWS.

Il. METHOD

A. Data

Data used in this study is meteorological data obtained
from three AWS locations in Banten Province. Figure 1 shows
the distribution of AWS used in the study.

Locationof AWS in
this study

°
WS Golf M
Al olf Modern Legends

L]
AWS Stak i Banten
AWS BSD Serpong R

Figure 1.Location of AWS in This Study

Figure 1 shows the geographical distribution of the three
AWS locations used as data sources. All three are located in
a single, adjacent regional cluster. The three AWS are located
in lowland areas with elevations between 18 and 24 metres
above sea level. The coordinates and elevation of each AWS
are shown in Table I.

In addition to elevation, the distance between AWSs is also
a consideration in spatiotemporal analysis. Table 1 shows the
distance matrix between AWS locations, which range from 9
to 13 kilometres. Variations in elevation and distance between
AWSs provide additional context for evaluating the spatial
performance of the GRU model [12].

TABEL |
COORDINATE AND ELEVATION AWS
AWS Latitude Longitude | Elevati
on
AWS Staklim Banten -6,2614 106,7509 24
AWS Golf Modern -6,1978 106,6448 18
AWS BSD Serpong -6,2792 106,6503 18

AWS data is processed and tested spatially using data from
temperature and humidity sensors located at AWS, namely
HMP155 sensors and CR100 data loggers as the centre for
data processing and analysis. The processed data can be
obtained  through  the  official BMKG  portal
(awscenter.bmkg.go.id) with a recording interval of every 10
minutes during the period from 1 January 2022 to 31 January
2024.

B. Pre-Processing Data

Pre-processing aims to prepare the dataset that will be used
for modelling. The steps taken are to remove outliers in the
raw data on air temperature, air pressure, humidity and solar
radiation at the AWS. Outliers are unusual observations in a
data set that deviate significantly from other observations.
Outliers are identified through data quality control (QC)
based on range checks and step checks [13].

Range checks are data checks based on the historical range
of parameters. If the data is not within the normal range, it
becomes suspect based on the range check.The normal range
for air temperature data is -30 to 50 °C [14]. Step check is a
check based on the temporal relationship between current data
and previous data. If the difference between the current data
and the previous data exceeds a certain threshold, the data
becomes suspect based on the step check. The threshold value
for the step check of solar radiation intensity data is that there
should be no increase of 6 °C or a decrease of more than 9 °C
over a period of 5 minutes .[15].

To ensure the model treats all input features equally and
converges faster during training, we applied Standardization
using the StandardScaler function. This technique transforms
the data distribution so that the mean of observed values is 0
and the standard deviation is 1. The normalization formula is
expressed as:

Where z is the normalized value fed into the network, x is
the original meteorological observation, u is the mean of the
training data, and o is the standard deviation.

Considering the sequential nature of meteorological time-
series data, random shuffling was avoided to prevent look-
ahead bias. Instead, we employed a chronological split
approach: the first 80% of the dataset (January 2022 — August
2023) was utilized for training, while the remaining 20%
(September 2023 — January 2024) was reserved for testing and
validation.
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C. Flowchart

GRU model design is based on a variety of missing data
scenarios. The missing data scenarios were applied to air
temperature and humidity data at the Banten Climatology
AWS, BSD Serpong AWS, and Golf Modern AWS
alternately. The dataset was collected during 24 hours of
AWS operation with a data interval of every 10 minutes. The
dataset was divided into two parts, the first part being data
from January 2022 to August 2023 as the imputation model
and the dataset from September 2023 to January 2024 as the
test data.

Start

Input Raw Dataset

Skenario missing data 5 %,
15%, 25%, 35% dan 50%
untuk data Juli - Desember

i !

Evaluation Model

QC Dataset using Step Check,
Range Check and Detection l

Oulier

./. B \
| End |

Data Segmentation —

!

Imputation Simulation Using
GRU Algorithm

Save Model

Figure 2. Research Flowchart

Figure 2 shows the experimental flow starting from the
formation of the dataset, the missing data scenario usig GRU
modelling, to model performance evaluation. To simulate
sensor failure events, we applied a continuous block
missingness strategy. Data was removed sequentially from
the end of the test set, creating gaps corresponding to 5%,
15%, 25%, 35%, and 50% of the total dataset length.. This
deliberately omitted data is then stored as comparative data
when testing the imputation model [16]. GRU algorithms will
work to impute missing air temperature and humidity data on
AWS. Each estimator will be tested using evaluation metrics.

D. GRU Model Architecture

The configuration phase initiates with adjusting the input
data format to ensure compatibility with the Gated Recurrent
Unit (GRU) neural network architecture. Prior to being
processed by the model layers, the data undergoes
normalization using the Z-Score  Standardization
(StandardScaler) technique to transform the feature

distribution to have a mean of 0 and a standard deviation of 1.
This step aims to standardize the scale across different
parameters, thereby stabilizing the learning process and
accelerating  gradient convergence during training.
Subsequently, the data is reshaped into a 3-dimensional
format (Samples, 2, 1). This dimensional structure is designed
to allow the recurrent operations within the GRU to process
the input sequences from neighboring stations as sequential
data. In detail, the parameters employed in constructing the
GRU model, ranging from pre-processing and network
architecture to training configurations, are summarized in
Table 11 below:

TABEL Il
CORRELATION OF AIR HUMIDITY BETWEEN AWS LOCATIONS

Component Parameter Value

Pre-Processing Normalization StandardScaler

Segmentation 80% Training ; 20

Testing

Input (Samples,2,1

Model Recurrent Layer | GRU (40 Units) , ReLU

Avrchitecture Hidden Layer Dense (40 Units) ,

RelLU
Output Layer Dense (1 Units) , Linear
Training Optimizer Adam
Loss Function Mean Squared Error
(MSE)
Batch Size 32
Epoch 50

E. Data Analysis

Air temperature and humidity imputation estimator model
using the GRU algorithm needs to be tested to determine the
accuracy performance level of each estimator. The analysis
was carried out on the model for each estimator for each
missing data scenario. The evaluation parameters used were
R?, RMSE, and MAPE. R? indicates the relationship between
the imputed data variables and the actual data on a scale of 0-
1 [17]. RMSE expresses the error value in units of solar
radiation intensity. MAPE expresses the error value as a
percentage. Actual data is expressed as y and imputed data is
expressed as X. The equations for these three parameters are
expressed as follows [18]:

2 g IO

R =1=%n 67 )
1 ~

RMSE = =3I, (y; — 7)) @)
100% Ni-vi

MAPE = —X1, |y—| @)
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I11. HASIL DAN PEMBAHASAN
A. Result of Pre-Processing Data

Pre-processing of AWS BSD Serpong, AWS Golf
Modern, and AWS Staklim Banten data was reviewed by
examining data availability and detecting outliers. The ideal
amount of AWS data for the period 1 January 2022 - 31
January 2024 is 109,584 data points (6 data points per hour x
24 hours per day x 761 days). Table 11l shows the amount of
data availability for the three AWS systems.

TABEL III
AVAILABILITY DATASET AWS
Air . -
AWS Temperature Air Humidity
AWS Staklim Banten 106.553 106.553
AWS Golf Modern 105.907 105.907
AWS BSD Serpong 105.698 105.698

Table 11l shows that the availability rate of the AWS
dataset 3 is quite good, with an availability rate of >90% for
the period 1 January 2022 - 31 January 2024. Next, outlier
detection and QC detection in the form of range checks and
step checks were performed. The QC process successfully
detected outliers in both parameters. The number of outliers
did not significantly affect the availability of the AWS
dataset. This is evidenced by the availability rate of all
parameters remaining close to 90%. To complete the AWS
dataset, missing data treatment was performed using the GRU
algorithm.

Missing data occurs randomly at each location at different
time segments. This pattern allows other AWS location
variables to be used as estimators for the missing variable
values. However, the determination of predictors still takes
into account the correlation between variables at adjacent
AWS locations [19]. Table IV shows the correlation between
air temperatures across AWS locations.

TABEL IV
CORRELATION OF AIR TEMPERATURE BETWEEN AWS LOCATIONS
Site AWS Staklim | AWS Golf | AWS BSD
Banten Modern Serpong

AWS Staklim - 0.95 0.95
Banten
AWS Golf 0.95 - 0.94
Modern
AWS BSD 0.95 0.94 -
Serpong

Correlation between air temperatures across AWS
locations shows very strong values. The correlation between
AWS locations is > 0.9. This indicates that air temperature
conditions in the South Tangerang area are fairly
homogeneous [20]. Air temperature parameters in adjacent
locations with identical characteristics have great potential for
use as input for imputation models.

TABEL V
CORRELATION OF AIR HUMIDITY BETWEEN AWS LOCATIONS
AWS AWS
Site Staklim Golf ASWr S BnSD
Banten Modern erpong
AWS Staklim - 0.90 0.91
Banten
AWS Golf 0.90 - 0.92
Modern
AWS BSD 0.91 0.92 -
Serpong

Table V shows the correlation between air humidity at
different AWS locations. The correlation between air
humidity at different AWS locations shows very strong values
between each other. This correlation also indicates that air
humidity conditions in the South Tangerang area are fairly
homogeneous. [21].

B. Air Temperature Imputation

The third AWS air temperature parameters correlate very
strongly with each other. Air temperature imputation
modelling utilises the same parameters from nearby AWS
locations. Figure 3 shows the GRU model architecture for
AWS air temperature imputation.

| Hidden Layer m:

Figure 3. GRU Model Design for AWS Air Temperature Imputation

Input Layer Output Layer

GRU hyperparameters were designed identically to the
LSTM hyperparameters with two hidden layers and 40
neurons in each layer, so that they could be compared with
each other. The activation function, batch size, and number of
epochs were also the same as the LSTM. Table VI shows the
results of AWS air temperature imputation based on GRU.

TABEL VI
AIR TEMPERATURE IMPUTATION USING GRU

Target Percentage of
Location Missing Data R RMSE | MAPE

506 097 | 0.60 162

5% 098 | 0.70 1.89

Ag’:f EnSD 25% 098 | 0.70 1.05
pong 35% 098 | 0.71 1.97
50% 097 | 073 2.03

506 096 | 059 1.64

A,t’/lvfdeGr?]” 15% 097 | 063 1.54
25% 097 | 065 161
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35% 0.97 0.66 1.68 TABEL VII
50% 0.97 0.67 1.74 AIR HUMIDITY IMPUTATION USING GRU
5% 0.96 | 0.70 1.65 Target
. 15% 0.97 0.76 1.90 g Percentage of | RMSE | MAPE
AWS Staklim Location Missing Data
Banten 25% 0.97 0.72 187 5% 0.97 2.64 2.41
35% 0.97 0.71 1.85 1504 0'97 3'23 2.84
50% 0.97 0.72 1.90 AWS BSD > : . -
Serpong 25% 0.98 3.14 2.97
Based on Table VI, the GRU algorithm is also capable of 3524’ 0.98 3.10 2.90
producing an optimal AWS air temperature imputation 5%4’ 0.98 3.03 2.77
model. The GRU imputation data correlates strongly with the 155$ 8-83 2-?3 g-gg
actual AWS air temperature sensor data, with a correlation AWS Golf 250/0 0'95 4'32 4'23
coefficient (R) value >0.9. In terms of RMSE values, the Modern 350/‘; 0'95 4'22 4'11
average standard deviation of the AWS BSD Serpong, AWS 50% 0.05 219 202
Golf Modern and AWS Staklim Banten errors were 0.051°C, 5% 0:9 7 4:73 4:09
0.032°C and 0.021°C, respectively. These three values also 0
L L L . 15% 0.95 5.12 5.11
meet the precision criteria in the WIGOS Monitoring Data | AWS Staklim 250 0.95 16 547
Quality Control document (2018). If the standard deviation of Banten 35% 0.94 509 536
the error is converted into the standard uncertainty of 50% 0.95 4.86 4.99

repeatability, the measurement uncertainties of AWS BSD
Serpong, AWS Golf Modern and AWS Staklim Banten are
0.010°C, 0.006°C and 0.004°C, respectively. These values
still meet the requirements of WMO No. 8 with a
measurement uncertainty limit for air temperature of 0.2°C
[15].

C. Air Humidity Imputation

The third AWS air humidity parameters correlate very
strongly with each other. Air humidity imputation modelling
utilises the same parameters from nearby AWS locations.
Figure 4 shows the GRU model architecture for AWS air
humidity imputation.

S

Near AWS
Huridity

AWS Terdekat

(1\/
Near AWS
Humidity 2

X

Input Layer 1

Target AWS
Humidity

.

P

Output Layer

f

Figure 4. GRU Model Design for AWS Air Humidity Imputation

GRU hyperparameters were designed identically to the
LSTM hyperparameters with two hidden layers and 40
neurons in each layer, so that they could be compared with
each other. The activation function, batch size and number of
epochs were also the same as for the LSTM. Table VII shows
the results of AWS air humidity imputation based on GRU.

Based on Table VII, overall, the GRU algorithm was able
to produce a good AWS air humidity imputation model. The
GRU imputation data correlated strongly with the actual
AWS air humidity sensor data. This was indicated by a
correlation coefficient (R) value >0.9. The average RMSE
values for AWS BSD Serpong, AWS Golf Modern and AWS
Staklim Banten are 3%, 4.1% and 4.9% respectively. These
three RMSE values still meet the trueness criteria in the
WIGQOS Monitoring Data Quality Control document (2018)
for surface air humidity parameters, because the error value is
<10%. Furthermore, the average standard deviation error
values for AWS BSD Serpong, AWS Golf Modern and AWS
Staklim Banten are 0.23%, 0.25% and 0.18%, respectively. If
the standard deviation of the error is converted into the
standard repeatability uncertainty (divided by the number of
RMSE data per location n=5), the measurement uncertainty
values for RH AWS BSD Serpong, AWS Golf Modern and
AWS Staklim Banten are 0.046%, 0.05% and 0.036%,
respectively. These values still meet the requirements of
WMO No. 8 regarding surface air humidity measurements
with a maximum measurement uncertainty limit of 3% [15].

D. Discussion

AWS imputation model using GRU has varying
performance results in each AWS location. Performance is
reviewed based on the accuracy, computation duration and
memory capacity of each algorithm. Accuracy performance
includes correlation coefficients, RMSE and MAPE. The
correlation coefficient per parameter is obtained based on the
average correlation coefficient of all AWS locations. The
GRU imputation model's correlation coefficient values are
strong for all AWS parameters with R>0.7. The evaluation
results indicate a notable difference in imputation accuracy
between the two parameters, where the Mean Absolute
Percentage Error (MAPE) for air humidity (3.92%) is higher
compared to air temperature (1.79%). This discrepancy is
attributed to the inherent physical characteristics of humidity

Imputation of Missing Weather Data in Automatic Weather Station Using the GRU Algorithm
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data, which exhibits higher temporal variability and more
rapid fluctuations than temperature. Air temperature typically
follows a smooth diurnal cycle driven by solar radiation,
making it easier for the GRU model to learn and predict its
patterns. In contrast, relative humidity is highly sensitive to
sudden microclimatic changes—such as brief rainfall events,
wind gusts, or cloud cover—resulting in a more stochastic
data profile that presents a greater challenge for the
imputation model. Nevertheless, the error rates for both
parameters remain well within acceptable operational limits.
In terms of RMSE, the GRU model has good speed in learning
and training processes, as seen from the fairly fast training
process loss graph [22].

Loss Imputasi Data AWS

| ——- I5TM
. — GRU
1
1

0.455

0.450 1

0.445 1

RMSE

0.440 4

0.435 1

0.430 4

Epoch
Figure 5. Graph of Loss and Epoch Model

To evaluate the training stability and compare the
proposed model against a standard baseline, we analyzed the
learning curve of the GRU algorithm versus the Long Short-
Term Memory (LSTM) model. Figure 5 illustrates the RMSE
loss reduction over 50 epochs.

As shown in the graph, the GRU model (green line)
demonstrates a rapid convergence rate, effectively reducing
the error within the first 5 epochs, similar to the LSTM (blue
dashed line). Notably, the GRU achieves this performance
with a simpler architecture. The curve flattens and remains
stable towards the 50 epoch without showing signs of erratic
oscillation or divergence, indicating that the model has
reached an optimal state without severe overfitting. This
visual evidence supports the decision to utilize GRU, as it
matches the learning capability of LSTM while maintaining
the computational efficiency required for AWS. The epoch
computation duration for air temperature is 6 seconds and for
air humidity is 11 seconds. This computation duration is due
to the simple GRU neuron cell architecture, which consists of
two gates, namely: update and reset, and only has one hidden
state [9]. The simplification of this neuron cell architecture
results in a lighter computation duration using 80.18 kb of
memory [9].

1VV. CONCLUSION

Based on the results of testing and simulation of missing
data of 5%-50%, the GRU model was able to optimally
impute AWS air temperature and humidity data. The GRU
correlation coefficients achieved in AWS air temperature
imputation were 0.971 and 0.957, respectively. The GRU
MAPE achieved in AWS air temperature imputation was
1.79% and in air humidity imputation was 3.92%. Overall, the
imputation model still meets the WMO document
requirements related to air temperature and humidity
measurements. The GRU's computing process and memory
capacity are very efficient, as evidenced by the short GRU
epoch computing duration and lower GRU memory capacity
of 80.18 kb.
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