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Abstract

Using daily maximum temperature data from 65 meteorological stations
across Central Asia, combined with ERA-Interim reanalysis data and lat-
itude, longitude, and elevation data, a random forest interpolation model
was constructed and its reliability validated. Based on this model, miss-
ing values at the meteorological stations were filled to obtain a complete
station daily maximum temperature dataset TStation_f, and interpolation
was performed to generate a daily maximum temperature gridded dataset
TRFIM__G for Central Asia from 1979 to 2016 with a spatial resolution of
0.75°$x0.75°. T hespatiotemporalvariationcharacteristicso f summerextremehightemperatureindicesinCent
(10a)"{-1}8, with significant warming primarily distributed in western Kaza-
khstan, most of Turkmenistan, southeastern Uzbekistan, and other regions.
The increasing trend of summer extreme high temperature indices derived
from TRFIM_ G is significantly greater than that derived from TStation_f,
suggesting that estimates of summer extreme high temperature trends in this
region based on station observation data are notably underestimated. The
dataset obtained in this study can to some extent compensate for the limitation
of using station observation data to unilaterally characterize extreme high
temperature changes in Central Asia, and can help guide more accurately the
implementation of appropriate mitigation and adaptation measures in response
to extreme weather and climate events.
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Abstract

Using daily maximum temperature data from 65 meteorological stations in
Central Asia, combined with ERA-Interim reanalysis data and geographic
information (latitude, longitude, and altitude), we constructed a random
forest interpolation model and validated its reliability. Based on this model,
we filled missing values at meteorological stations to obtain a complete
daily maximum temperature dataset (T'Station_f), and subsequently generated
a gridded daily maximum temperature dataset for Central Asia (TRFIM_G) at
0.75°$x0.75°spatialresolution fortheperiod1979-2016.U singT REF I M, we furtheranalyzedthespatiotempora
averagedextremehightemperatureindicesincreasedatrateso f0.22-0.30°C
(10a)"{-1}8, with significant warming primarily distributed in western Kaza-
khstan, most of Turkmenistan, and southeastern Uzbekistan. The warming
trends derived from TRFIM__G are substantially greater than those based on
TStation_ f, indicating that estimates of summer extreme high temperature
trends using station observations alone are significantly underestimated. The
dataset obtained in this study can help overcome the limitations of using sparse
station data to characterize extreme high temperature changes in Central
Asia, thereby providing more reliable guidance for mitigation and adaptation
measures against extreme weather and climate events.

Keywords: random forest interpolation; machine learning; summer extreme
high temperature; Central Asia
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Introduction

The increasing frequency of extreme high temperature events can negatively
impact human health, ecosystems, and socioeconomic systems. In recent years,
extreme high temperature events have shown an increasing trend globally. Cen-
tral Asia (Kazakhstan, Tajikistan, Kyrgyzstan, Uzbekistan, and Turkmenistan;
see [Figure 1: see original paper]) serves as a core region of the Belt and Road Ini-
tiative. This region experiences dramatic temperature variations, large elevation
differences, and frequent high-temperature weather in summer. Characterized
by a spatially heterogeneous oasis-desert pattern, Central Asia is highly sensitive
to global climate change and prone to rapid hydrological and geomorphological
changes. Studying summer extreme high temperature changes in Central Asia
not only deepens our understanding of regional climate change patterns but
also provides a foundation for developing targeted mitigation and adaptation
strategies to ensure the sustainable development of the Belt and Road Initiative.

Previous studies have demonstrated a steady warming trend in Central Asia
over recent decades, with a faster warming rate than the Northern Hemisphere
average. The frequency, intensity, and duration of historical extreme high tem-
perature events such as heatwaves have also increased. However, these studies
relied on either meteorological station data or existing gridded datasets. Central
Asia suffers from sparse and unevenly distributed meteorological stations, mak-
ing it difficult for station-based analyses to represent regional climate changes.
While gridded temperature datasets can substitute for station data in analyz-
ing regional extreme weather and climate events, previous gridded temperature
datasets for Central Asia were either non-daily, did not specifically represent
daily maximum temperature, or had insufficient temporal coverage, rendering
them unsuitable for analyzing summer extreme high temperature events. Con-
sequently, under the backdrop of global warming over the past century, no high
spatiotemporal resolution data have been available to accurately characterize
historical changes in summer extreme high temperatures in Central Asia.

To better understand the characteristics of summer extreme high temperature
changes in Central Asia, it is essential to interpolate the existing sparse station
maximum temperature data onto a grid to obtain a high-resolution gridded daily
maximum temperature dataset. Traditional interpolation techniques in meteo-
rology and climatology, such as nearest neighbor, spline, regression, and kriging,
are primarily based on statistical methods that require subjective prior knowl-
edge and typically involve specific variables. These methods may produce flawed
interpolated datasets due to incomplete understanding of physical processes. In
contrast, machine learning techniques operate through adaptive mechanisms,
enabling them to learn from data without relying on assumptions, capture un-
known or difficult-to-describe functional relationships, and easily handle diverse
data sources. Machine learning is thus becoming a common interpolation tech-
nique. Previous studies have shown that the random forest algorithm in machine
learning performs excellently in spatial interpolation of environmental variables
and monthly temperatures.
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This study uses ERA-Interim reanalysis data, elevation, latitude and longitude
data as input features, and daily maximum temperatures from 65 Central Asian
stations as output labels to construct an interpolation model using the random
forest algorithm. The model is then applied to fill missing station data and per-
form spatial interpolation of gridded data, enabling analysis of summer extreme
high temperature characteristics in the region.

1.1 Station Observation Data

Daily maximum temperature station data used in this study were ob-
tained from NCDC (ftp://ftp.ncdc.noaa.gov/pub/data/gsod) and GHCN-D
(https://wwwl.ncde.noaa.gov/pub/data/ghen/daily/).  Quality control proce-
dures were applied as follows: if the percentage of missing daily maximum
temperature data during June-August (summer) for a given station in a partic-
ular year exceeded 14%, that station-year was deemed unusable. Additionally,
if a station had more than 10% unusable years during 1979-2016, the entire
station record was discarded. This process yielded daily maximum temperature
data for summer (June-August) from 1979 to 2016 for 65 stations (see [Figure
1: see original paper]). The multi-year missing data patterns for each station
are shown in [Figure 2: see original paper].

1.2 Reanalysis Data

Reanalysis data are historical gridded meteorological datasets produced by nu-
merical weather prediction models and data assimilation techniques driven by
multiple observation sources. Due to their spatial continuity, reanalysis data
can overcome the limitations of sparse station observations and serve as an im-
portant data source for regional climate change research. This study employs
the ERA-Interim global atmospheric reanalysis dataset from the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF). ERA-Interim has been
shown to match station observations well across different regions globally and
is suitable for climate research in Central Asia due to its high spatial precision
and quality. The dataset has a spatial resolution of 0.75°$x$0.75° and includes
48 meteorological variables (https://apps.ecmwf.int/datasets/data/interim-full-
daily/levtype=sfc/). For this study, we extracted all meteorological variables
corresponding to the time of day with highest temperature (12:00 UTC) for the
period 1979-2016.

Table 1 Dataset information used in this study

Dataset Source Spatial Resolution

Station NCDC/GHCN-  Point data

observations D

Reanalysis ERA-Interim 0.75°$x0.75°|| Interpolatedstationdata| RF'I Mmodeloutput| Pointdat
(ECMWF)
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2.1 Interpolation Algorithm and Evaluation Methods

This study employs random forest (RF) to “predict” daily maximum temper-
atures in Central Asia, which constitutes both station data imputation and
gridded data interpolation. RF is an ensemble learning algorithm based on
decision trees. For regression problems, the final prediction is the average of
multiple decision tree predictions. The algorithm offers advantages including
fast computation, high robustness, and low susceptibility to overfitting. We use
grid search to tune RF parameters and root mean square error (RMSE) to eval-
uate model performance. The optimal model is then used to fill missing station
data and perform spatial interpolation of gridded data.

2.2 Research Scheme

The training, validation, and testing datasets were constructed from seven ele-
ments: daily maximum temperatures at 65 stations, longitude, latitude, eleva-
tion (Table 1), year, month, and day, plus all 48 meteorological variables from
the nearest ERA-Interim grid point to each station. This yielded a total of 54
explanatory variables (features) with station daily maximum temperature as
the response variable (label).

2.2.1 RFIM Model Establishment and Evaluation Model construction
utilized station daily maximum temperatures and their corresponding features
(see [Figure 3: see original paper]). Station observations and features were
divided into three parts: training set (80%), validation set (20%), and test
set (2016 data). The training dataset was used to develop the initial RFIM
(Random Forest Interpolation Model), which typically required hyperparameter
tuning (e.g., maximum features, number of trees) using validation set error as
reference. When RMSE on the validation set ceased to decrease significantly,
the model was considered optimally fitted. The test dataset (2016 data) was
then used to assess generalization capability by comparing predicted daily maxi-
mum temperatures against actual observations and calculating RMSE. The final
optimized RFIM model was saved for subsequent missing data imputation and
spatial interpolation.

For clarity, we define: TStation as observed station daily maximum tempera-
ture, TERA as ERA-Interim grid temperature at the nearest grid point, TR-
FIM__S as RFIM-predicted station daily maximum temperature, TRFIM__ G as
RFIM-predicted gridded daily maximum temperature, and TStation_f as the
completed station daily maximum temperature dataset.

2.2.2 Missing Data Imputation and Gridded Data Interpolation For
missing station data, explanatory variables from the nearest grid point to
the missing station were input into the RFIM model to predict the missing
daily maximum temperature values, thereby completing each station’ s record.
By inputting explanatory variables for all Central Asian grid points into the
RFIM model, we generated a gridded daily maximum temperature dataset
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(TRFIM_G) at 0.75°$x$0.75° resolution for the region. This dataset was then
used to analyze summer extreme high temperature characteristics.

Results
3.1 RFIM Model Performance Evaluation

As shown in [Figure 4: see original paper], the RMSE between RFIM-predicted
station temperatures (TRFIM_S) and observations (T'Station) averaged 1.87°C
across all 65 stations, significantly lower than the RMSE between ERA-Interim
grid temperatures (TERA) and station observations (3.81°C). Moreover, TR-
FIM__S versus T'Station RMSE showed little variation across stations, indicating
high reliability and stability of RFIM predictions.

To visually verify RFIM accuracy, we compared regional averages of TRFIM__S
and TERA against observations for 2016 ([Figure 5: see original paper]). TERA
exhibited systematic underestimation of station temperatures, consistent with
previous findings. In contrast, TRFIM__S closely matched observed TStation
values, demonstrating that RFIM predictions better approximate actual obser-
vations and are suitable for climate change analysis in Central Asia.

3.2 Characteristics of Summer Extreme High Temperature Changes
in Central Asia

Using the TRFIM__G dataset (Section 2.2.2), we calculated summer extreme
high temperature intensity indices by averaging the top n (n = 1, 5, 10, 15) daily
maximum temperatures each summer (June-August), denoted as TXn. Linear
trends were computed for these four indices and tested for significance using
moving t-tests (o« = 0.05). Corresponding TXn values based on TStation_f
were also calculated for comparison.

As shown in [Figure 6: see original paper], region-averaged summer extreme
high temperature intensity based on TRFIM__G exhibits increasing trends, with
TX1, TX5, TX10, and TX15 increasing at rates of 0.22, 0.27, 0.30, and 0.30°C -
(10a)~!, respectively. The trend magnitudes increase with n, indicating that
more “average” extreme indices show greater warming rates than more “ex-
treme” indices. All four trends are statistically significant. In contrast, trends
based on TStation_ f are 0.02, 0.12, 0.16, and 0.19°C « (10a)~! for TX1, TXS5,
TX10, and TX15, respectively, with only TX15 reaching statistical significance.
This demonstrates that using station data alone significantly underestimates
the increasing trend of summer extreme high temperature intensity in Central
Asia.

Spatial patterns of linear trends for the four indices ([Figure 7: see orig-
inal paper|) show consistent warming across most of Central Asia based
on TRFIM_ G. Significant warming is concentrated in western Kazakhstan,
most of Turkmenistan, and southeastern Uzbekistan, while Tajikistan shows
non-significant warming trends. Most areas of Kyrgyzstan exhibit cooling
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trends for all four indices, though these are non-significant for TX1, TX5, and
TX10, with only some areas showing significant cooling for TX15.

For TX15 specifically, region-averaged trends in the significantly warming ar-
eas are 0.6°C - (10a)~! in western Kazakhstan, 0.30°C - (10a)~! across most of
Turkmenistan, and 0.32°C + (10a)~! in southeastern Uzbekistan. Previous stud-
ies of summer mean temperature changes in Central Asia have also found faster
warming in the west than in the east, consistent with our results.

Based on TStation_f ([Figure 7: see original paper]), 8, 9, 17, and 22 stations
show significant trends for TX1, TX5, TX10, and TX15, respectively. The
spatial patterns are generally consistent with TRFIM__ G results, confirming
the reliability of the gridded interpolation. However, the limited station data
cannot capture fine-scale spatial variability in trend patterns.

Conclusion

Previous research on temperature interpolation and climate change impacts
has predominantly used station observations directly, which cannot adequately
characterize climate change in data-sparse regions. While some studies have em-
ployed gridded meteorological data, these were either derived from traditional
interpolation methods or used reanalysis data directly. Such statistically based
approaches introduce subjectivity, and reanalysis data can introduce spurious
climate signals due to numerical schemes and assimilation methods, affecting
analysis results.

This study constructed a random forest interpolation model using daily max-
imum temperature data from 65 Central Asian meteorological stations, ERA-
Interim reanalysis data, and geographic information. The resulting gridded daily
maximum temperature dataset (TRFIM__G) for Central Asia at 0.75°$x$0.75°
resolution for 1979-2016 reveals that summer extreme high temperature in-
tensity has increased at rates significantly greater than those based on TSta-
tion_ f. This indicates that limited station observations substantially underes-
timate summer extreme high temperature trends, leading to inadequate un-
derstanding of historical climate change and underestimation of risks from as-
sociated extreme events (heatwaves, etc.), potentially rendering mitigation and
adaptation measures less effective. The proposed random forest-based approach
ensures objectivity in interpolation data while avoiding analysis errors intro-
duced by reanalysis data, enabling high-resolution climate change studies even
in data-sparse regions.
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