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Abstract

Quantifying and removing urbanization-induced biases in existing precipitation datasets is
critical for climate change detection, model assessment, and attribution studies in North-
west China (NWC). The precipitation observational stations of NWC were divided into
rural (reference) stations and urban stations using the percentage of urban areas calculated
from the land use/land cover (LULC) satellite data of the European Space Agency (ESA)
Climate Change Initiative (CCI) Land Cover project. The annual extreme precipitation
index series for urban stations (all stations) and rural stations from 1961 to 2022 were
calculated based on the categorization of meteorological stations, and the urbanization
effects and their contributions to precipitation index series were quantitatively evaluated
through estimating trends in the difference series between all stations and the rural sta-
tions. The results showed that the urbanization effect varies among different regions and
indices. The R10mm, R95pTOT, R99pTOT, and PRCPTOT indices in the sampled urban
areas of NWC exhibited statistically significant negative urbanization effects, reaching
—0.075 days decade™?1, —0.038 % decade™!, —0.024 % decade™!, and —0.035 % decade™!,
respectively. However, the RO5pTOT, SDII, CDD, and CWD indices at the urban station
of the largest city, Urumgi, have been significantly positively affected by urbanization,
which is inconsistent with the sampled urban areas of NWC, where the urbanization effect
reached 0.069 % decade ™, 0.054 mm-d~! decade ™!, 2.319 days decade ™, and 0.112 days
decade™!, respectively. Our analysis shows that the previously reported regional increase in
total precipitation and extremes has been underestimated due to the negative urbanization
effects in the precipitation data series of urban stations.

Keywords: daily precipitation dataset; extreme precipitation indices; urbanization effects;
climate change; Northwest China

1. Introduction

Extreme climate change exerts significant influences on human productive activities
and the successional processes of natural ecosystems, with extreme precipitation indices
serving as crucial metrics for monitoring climate change [1,2]. Most regions in NWC are
arid or semi-arid zones, where precipitation serves as a critical factor constraining regional
development. Therefore, the systematic investigation of the long-term evolution patterns
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of precipitation in NWC is of great scientific significance for revealing regional climate
response mechanisms and development.

Shi et al. initially proposed that NWC experienced a climatic regime shift from a
“warm—dry” to a “warm-humid” pattern beginning in the 1980s based on paleoclimatic
records derived from the Gulya and Donde ice cores [3]. Following the proposal of this
transition scenario, scholars have launched extensive investigations and rigorous analyses
regarding precipitation variability in NWC. Wang et al. revealed that the Tarim River’s
runoff has been increasing [4]. Shi et al. further revealed that the regional climate began
shifting from a “warm-dry” to a “warm-wet” pattern starting in 1987 based on hydro-
logical and meteorological data from NWC [5]. Deng et al. found that both precipitation
and temperature in NWC have shown overall upward trends using meteorological station
data across the NWC region [6]. Zhang et al. investigated the spatiotemporal evolution
characteristics of the warming-wetting trend in NWC through multiple approaches, includ-
ing correlation analysis, trend analysis, integrated atmospheric water vapor accumulation,
variable substitution, and variance analysis, based on meteorological observation data of
precipitation and humidity [7]. Their research revealed that the “warming and wetting”
phenomenon exhibits phased variations and spatial heterogeneity, while the frequency of
extreme precipitation events has been increasing under this climatic trend. Zhang et al. also
investigated precipitation trends in NWC during 1979-2019 and future periods through
integrated analysis of observational data, Global Precipitation Climatology Center (GPCC)
reanalysis dataset, and Coupled Model Intercomparison Project Phase 6 (CMIP6) sim-
ulation outputs [8]. Their findings revealed a persistent intensification of precipitation
patterns in the region, with statistically significant wetting trends emerging under climate
change projections. Chen et al. conducted a comprehensive analysis of precipitation and
relative humidity variations in NWC using multi-source datasets (temperature, precipita-
tion, vegetation, and runoff records from 1950 to 2019) coupled with EC-EARTH3 model
simulations [9]. By employing the Penman—Monteith method to calculate the aridity in-
dex, their study demonstrated a significant moistening trend characterized by increased
precipitation and enhanced atmospheric humidity. Notably, persistent wetting patterns
were projected to continue in the northwestern arid zones under low-emission SSP126
and SSP245 scenarios, as validated through climate model ensemble analysis. Further-
more, Ding et al. and Yao et al. have substantiated the increasing moisture conditions in
NWC through systematic analysis of meteorological station observations and auxiliary
datasets [10,11].

Over recent decades, China has witnessed rapid urbanization, accompanied by a
marked increase in urban LULC. The rapid urbanization process has caused numerous
meteorological observation stations to become encircled by urban developments or situated
in close proximity to built-up areas [12-14], inducing localized declines in wind speed
around monitoring stations and thereby potentially introducing measurement biases in
precipitation data captured by these stations [14]. Ren et al. conducted field investiga-
tions at national reference climate stations, national basic weather stations, and national
routine weather stations across NWC, which revealed that urbanization processes have
significantly impacted numerous observation stations [15]. Zhang et al. analyzed temper-
ature records from eight meteorological stations in northern Xinjiang during the period
1961-2020, revealing that urbanization has significantly impacted regional temperature
patterns through warming effects [16]. However, little work, if any, has been conducted so
far to evaluate the urbanization-induced precipitation biases in the sampled urban areas of
NWC. The main purpose of this paper is to apply the percentage of urban LULC to select
rural stations as reference stations and to assess the urbanization effect on the changes in
extreme precipitation indices in the sampled urban areas of NWC. By isolating the impact
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of urbanization from the changing trends of rainfall /extreme rainfall in NWC over the past
few decades, we can obtain the changing trends of precipitation/extreme precipitation in
the region under natural background conditions. This will enhance our understanding of
the scientific facts regarding natural climate change in NWC.

2. Materials and Methods

2.1. Data Sources and Precipitation Indices

The present study utilizes two primary datasets: daily precipitation records and LULC
data for NWC. Detailed descriptions of these datasets are provided below:

e  The daily precipitation data were obtained from the China Homogenized Daily Pre-
cipitation Dataset developed by the China Meteorological Administration (CMA).
The dataset was homogenized using the RHtest v4 software [17], with the correction
procedures following Cao et al. [18]. This dataset was primarily used to calculate
precipitation indices. A total of 364 meteorological stations located in NWC were
selected (as shown in Figure 1). Preliminary analysis revealed that these stations
exhibited substantial missing data during 1951-1960. To ensure temporal consistency
and observational reliability, the study period was therefore constrained to 1961-2022.

e The LULC dataset was sourced from the European Space Agency (ESA) Climate
Change Initiative (CCI) Land Cover project (https://climate.esa.int/en/projects/land-
cover/data/, accessed on 20 April 2023). Developed within the ESA CCI framework,
this satellite-derived global product [19] provides continuous land surface character-
ization at a 300 m spatial resolution. The analysis utilized the 2020 LULC product,
which encompasses 38 distinct LULC classes. Detailed class definitions include an-
thropogenic surface types (urban areas, croplands), vegetated domains (tree-covered,
grassland), and natural features (bare soil, water bodies), etc. [19].

Stations
e rural

45°N 4 * urban

LULC

Grassland
40°N 7% Cropland
Tree cover

Water bodies

Bare areas
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. Urban areas

e
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Figure 1. Spatial distribution of rural and urban stations in NWC. The study area encompasses
the entirety of Xinjiang, Shanxi, Gansu, Qinghai, and Ningxia, as well as the western part of Inner
Mongolia. The LULC in this map is down-sampled to a resolution to 600 m x 600 m by the mode
method because of the huge amount of data caused slow calculation speed. The thick black solid
line with gray shadow is the national boundary, the thin solid line is the provincial boundary. In this
figure, the abbreviations XA, WLMQ, XN, LZ, and YC refer to Xi’an, Urumqji, Xining, Lanzhou, and
Yinchuan, respectively, and are marked with green stars on the map. The blue line in the inset denotes
the study area boundary. Due to the excessive number of LULC types, the legends in this figure are
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overcrowded and overlap with one another. Therefore, the LULC types were reclassified into seven
major categories. During the reclassification process, the original urban areas, permanent snow,
water bodies, and bare areas were preserved, and the remaining LULC were reclassified into three
categories: grassland, cropland, and tree cover. For example, the LULC of deciduous broadleaved tree,
deciduous needleleaved tree, and mixed leaf type (broadleaved and needleleaved) were reclassified
as tree cover.

Eleven precipitation indices developed by the Expert Team on Climate Change De-
tection and Indices (ETCCDI) were adopted, with detailed definitions provided in this
website (http:/ /etccdi.pacificclimate.org/list_27_indices.shtml, accessed on 11 September
2024). The precipitation indices were categorized into four classes based on their defini-
tional criteria and climatic characteristics: (1) relative threshold indices: R95pTOT (annual
total PRCP when RR > 95p); R99pTOT (annual total PRCP when RR > 99p), (2) absolute
threshold indices: R1I0mm (annual count of days when PRCP > 10 mm); R20mm (annual
count of days when PRCP > 20 mm); CDD (maximum number of consecutive days with
RR < 1 mm); CWD (maximum number of consecutive days with RR > 1 mm), (3) extreme
value indices: Rxlday (monthly maximum 1-day precipitation); Rx5day (monthly max-
imum consecutive 5-day precipitation), and (4) other indices: PRCPTOT (annual total
precipitation on wet days) and SDII (simple precipitation intensity index). The Rnnmm
index is a user-defined index, where nn refers to a user-specified threshold. Initially, the 50
was used as the threshold parameter (R50mm), but this index was excluded from analytical
consideration in this study, as preliminary research revealed that little daily precipitation
exceeded this threshold across NWC during the study period 1961-2022. These indices
were computed using the R package climdex.pcic v1.1-11 [20]. No annual precipitation
indices will be calculated if more than 15 days were missing in a calendar year.

2.2. Selection of Rural Reference Stations

The percentage of urban LULC within 1-12 km buffer radii surrounding each observa-
tion station was calculated using the 2020 LULC product developed by ESA [19], following
Zhang et al. [21] This multi-scale analysis employing twelve spatial dimensions (1 km
incremental buffer zones) was designed to comprehensively quantify the urbanization level
around individual stations. A pivotal methodological challenge in urban-rural station
classification lies in determining the critical urban LULC percentage threshold. Based
on the results of Zhang et al. [21], we operationalized the classification criterion through
rigorous analysis: observation stations demonstrating < 4% urban land coverage across all
1-12 km buffer zones were classified as rural stations, with all others classified as urban.
This criterion ultimately identified 54 rural stations and 310 urban stations meeting the spa-
tial representativeness requirements (urban and rural station classification results shown in
Figure 1). A station classified as rural has remained unaffected by urbanization since its
establishment. In contrast, an urban station infers that it began to be affected by urbaniza-
tion (to a greater or lesser extent) at some year in or before 2020. In the difference series
(all stations minus rural stations), stations that transitioned from rural to urban contribute
notably only after their transition, thereby still capturing the long-term urbanization signal.

2.3. Constructing Regional Average Time Series

The regional average time series of precipitation indices were calculated using the
method proposed by Jones and Hulme [22], with the procedure detailed below:

Firstly, the original indices are transformed into anomalies or standardized anomalies
according to the units of indices. The average altitude of the stations used in this study
is 1400.2 m, distributed across different altitude tiers as follows: 43 stations below 500 m,
89 stations at 500—-1000 m, 114 stations at 1000-1500 m, and 118 stations above 1500 m.
Station elevation differs and affects precipitation. Apart from the altitude factor, other
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factors (such as distance from the sea, prevailing wind patterns, and local topography)
can also lead to an unusually large spatial variability in precipitation. Therefore, prior to
regional climate change analysis, raw precipitation indices should be converted to anoma-
lies or standardized anomalies. For indices measured in days (e.g., the indices of R10mm),
conversion to anomalies suffices; however, for indices measured in millimeters (e.g., the in-
dices of PRCPTOT), further standardization is necessary because spatial variability remains
substantial even after computing anomalies. Among the precipitation indices, those with
units of days (d) or millimeters per day (mm-d ~!)—including SDII, CWD, CDD, R10mm,
and R20mm—were converted into anomalies using the following formula:

APy = Py — P; 1)

where APj; represents the anomaly for the i-th observation station in the k-th year, Py
denotes the observed value at the i-th observation station in the k-th year, and P; is the
mean value of the i-th station over the reference period from 1961 to 1990. It is required that
each station must have at least 10 years of non-missing data within the reference period to
calculate its mean value. The remaining five precipitation indices measured in millimeters
(Rx1day, Rx5day, R95pTOT, R99pTOT, and PRCPTOT) were calculated as standardized
anomalies, with the computational formula provided as follows:
Py — P;

AP = 2)

0
where AP, is the standardized anomaly for the i-th observation station in the k-th year, o;
is the standard deviation of the i-th station during the reference period of 1961-1990, and
P; and P; terms are the same as in Formula (1).

The second step involves gridding. As illustrated in Figure 1, the station distribution
in NWC exhibits low density and significant spatial variability, largely constrained by the
widespread desert terrain. Direct application of the arithmetic mean from all stations to
derive annual precipitation indices for NWC would result in climate change signals being
dominated by regions with higher station density. To address this issue, the irregularly
distributed station index data were converted into a regular latitude-longitude grid. When
considering the gridding resolution in NWC, a series of experiments were carried out.
Finally, the grid 2° x 2° scheme was adopted as a compromise—ensuring sufficient spatial
coverage of the study area during gridding while avoiding excessively coarse resolution.
Within each grid cell, a simple arithmetic averaging process was applied to all contained
station observations. To ensure spatial comparability between urban and rural environ-
ments, we established a critical quality-control criterion: only grid cells which contain at
least one urban station and one rural station were retained for subsequent analysis. Grid
cells failing to meet this dual-category station requirement were systematically excluded
from the computation process. Among the 171 grid cells, 85 grid cells were identified as
lacking observational stations, whose spatial distribution demonstrated geographical co-
herence with desert cover patterns in NWC. At last, 26 representative grid cells containing
194 observational stations were ultimately selected for subsequent analysis, comprising
44 rural stations and 150 urban stations, which is a relatively small and uneven sample for
a region as vast as NWC, and the results may be more representative of the sampled urban
areas of NWC rather than the entire NWC region.

Finally, the regional averaged time series was obtained using a grid area-weighted
averaging method. For regular latitude-longitude grids, the grid cell area decreases with
increasing latitude. Therefore, area weighting should be considered when calculating
regional annual means from gridded data. Although the NWC region is relatively small
compared to the global scale, making the weighting effect potentially negligible, we never-
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theless employed area weighting rather than simple arithmetic to ensure greater accuracy
in our analysis. We implemented a cosine-latitude weighted averaging approach, where
the weight for each grid cell corresponds to the cosine of its central latitude, proportional
to the true surface area represented by the grid cell. The area-weighted value for each grid
cell (Pjiy) was calculated as follows:

P — cost; X Pji 3)

JHO Y cost;

where cosf; represents the cosine of the central latitude for the i-th grid cell, P;; denotes
the indices value of the i-th grid cell in j-th year, and }_}" ; cos6; indicates the summation of
cosine values across all valid grid cells in the NWC. The regional precipitation anomaly
(or standardized anomaly) for each year was derived through this weight average of
all valid grid cell values. The annual average time series of urban and rural stations of
NWC were constructed using this method. To minimize uncertainties in the average time
series calculation, only the grid cell series which contain at least 90% data completeness
throughout the study period were used.

2.4. Urbanization Effect and Urbanization Contribution

The urbanization effect (Ug) refers to the impacts of urbanization on the trend of
regional average time series. Following the method of Ren et al. [23], we first calculated the
annual average time series for all stations and rural stations across NWC, which are denoted
as Y, and Y. The trend of the difference time series (Yj) is defined as urbanization
effect. The ratio of the trend of Yj to the trend of Y,; refers to the urbanization contribution.
The formula is detailed as follows:

Yd = Yall - Yruml (4)
Ue = [Ya/ Y| x 100% 5)

The contribution of urbanization was calculated only when the urbanization effect is
statistically significant at the 0.05 level. If the urbanization contribution exceeds 100%, it is
capped at 100%.

2.5. Trend Estimation Method

Given the potential non-normal distribution of precipitation indices series and the
presence of outliers, the Sen’s slope estimator [24] was selected to estimate the trends of
time series, with the trend significance assessed using the Mann-Kendall (MK) test [25,26].
In addition, serial correlation was also considered in this study, as it may artificially inflate
significance levels in trend detection analyses [27]. To mitigate the influence of autocorrela-
tion, the pre-whitening procedure initially developed by Zhang et al. [28] and subsequently
refined by Wang and Swail [29] was implemented. This method follows an iterative ap-
proach: when the lag-1 autocorrelation coefficient (p;) falls below the 0.05 threshold, the
original trend of estimates was used, and the corresponding significance test is considered
statistically robust. Conversely, when (p1) exceeds 0.05, the pre-whitening process is ap-
plied iteratively until the residual autocorrelation meets the p; < 0.05 criterion. However,
it was found that the serial autocorrelation of some grid cell series could not converge
to below 0.05. In such cases, if the number of iterations exceeded 20, the iteration was
terminated, and the last calculated trend and p-value were used.
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3. Results
3.1. Precipitation Changes in NWC

The spatiotemporal characteristics of 10 precipitation indices across NWC were quan-
titatively characterized through regional averaged time series and spatial distribution
patterns derived from observational networks, as presented in the supporting material
(see Figures S1-510 in the Supplementary Materials). Statistical analyses revealed dis-
tinct divergence in different indices trends: the consecutive wet days (CWD) exhibited
non-significant temporal variability, whereas the consecutive dry days (CDD) revealed
a marked decreasing tendency with robust statistical significance (p < 0.05). In contrast,
eight complementary precipitation extreme indices manifested consistent positive trends,
all attaining statistical significance, as delineated in Table 1.

Table 1. Trends and p-value of precipitation changes in NWC from 1961 to 2022, including all stations
and rural stations. Urbanization effect (Ug) of the sampled urban areas of NWC.

Indices All Stations  Rural Stations Ug of NWC U, of NWC

1 Rxlday 0.061 *** 0.074 *** —0.015 —
2 Rx5day 0.057 *** 0.057 ** —0.005 —
3 SDII 0.083 *** 0.093 *** —0.016 —
4 R10mm 0.174 ** 0.283 *** —0.075 ** 43%
5 R20mm 0.066 * 0.101 ** —0.029 —
6 CDD —3.675 *** —4.199 *** 0.567 —
7 CWD —0.016 —0.019 0.009 —
8 R95pTOT 0.086 *** 0.123 *** —0.038 ** 44%
9 R99pTOT 0.067 *** 0.092 *** —0.024 * 35%
10 PRCPTOT 0.106 *** 0.137 *** —0.035 *** 33%

Note: * indicates the trends are significant at the 0.1 level, ** indicates significance at the 0.05 level, and *** indicates
significance at the 0.01 level. The trends for all stations, rural stations, and the urbanization effect (Ug) are
expressed in days decade™! for the indices CWD, CDD, R10mm, and R20mm, and in mm-d~! decade™! for
SDII. For Rx1day, Rx5day, RO5pTOT, R99pTOT, and PRCPTOT, the original millimeter values were converted to
percentages; consequently, their trends are given in % decade™!. A dash (—) indicates that U, was not calculated
in this study.

These findings collectively indicate that the sampled urban areas of NWC have ex-
perienced not only an augmentation in total precipitation but also intensification in both
frequency and intensity of extreme precipitation events, accompanied by a reduction in
persistent dry spells. Spatial distribution patterns revealed marked spatial heterogeneity in
precipitation trends across NWC, with pronounced increasing trends (p < 0.05) observed
in northern Xinjiang, central Gansu, and northern Qinghai—results that align with findings
from earlier studies [5,9].

3.2. The Effects of Urbanization on Precipitation
3.2.1. Relative Threshold Indices

Figure 2 shows the time difference series (left) between all stations series and rural
stations series and the spatial distribution patterns of urbanization effect (right) for rel-
ative threshold indices. Firstly, the difference series of R95pTOT and R99pTOT shows a
downward trend and are statistically significant, and the urbanization contributions to the
RI5PTOT and R99pTOT indices are 44% and 35%, respectively, as shown in Figure 2a,c,
and Table 1, which indicates that the increase in total extreme precipitation in urban areas
is less than that in rural areas.

Secondly, it can be noted that the R95pTOT and R99pTOT contain more negative grid
trends (i.e., the urbanization effect) of difference series between all station series and rural
station series, as shown in Figure 2b,d. Furthermore, spatial distribution patterns analysis
revealed different urbanization effects, with statistically significant positive and negative
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effects (p < 0.05). Only one grid cell is identified as statistically significant in the R95pTOT
index, and the R99pTOT index only has two grids that show an upward trend and are
statistically significant. However, although not many grid cells with statistically significant
urbanization effects were identified, the urbanization effects on these two relative threshold
indices within the region were indeed statistically significant.

(a) R95pTOT difference series (b) RO5pTOT spatial distribution
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Figure 2. Annual time difference series (a,c) of relative threshold indices between all stations and
rural stations in NWC over 1961-2022, along with the corresponding urbanization impact of grid
cells (the trends of differences for all stations series minus rural stations series) (b,d). Each grid cell
contains at least one rural station and one urban station. Solid dots within the grid cells indicate
trends statistically significant at the 5% level. In the above figures, the abbreviations XA, WLMQ,
XN, LZ, and YC denote Xi'an, Urumgji, Xining, Lanzhou, and Yinchuan, respectively. Positive and
negative values are shown in red and blue bars, respectively, while the fitted trend line is indicated
by a black solid line.

3.2.2. Absolute Threshold Indices

Figure 3 shows time difference series (left) between all stations series and rural stations
series and the spatial distribution patterns of urbanization effect (right) for absolute thresh-
old indices. Firstly, the linear fitting slope of the time difference series between CDD and
CWD is positive, but this trend is not statistically significant, as shown in Figure 3a,c, and
Table 1, indicating a potential upward trend in these two indices. In addition, it can be easily
noticed that there was an abnormally low value in the difference series of CDD in 1963.
Notably, the CDD (consecutive dry days) index algorithm aggregates these continuous
dry periods over multiple years, culminating in the final year of the sequence. A striking
example was observed at the Akdala station in 1963, which recorded an extraordinary
1027 consecutive dry days. Significantly, Akdala was a rural station, causing the abnor-
mally low value. However, the non-parametric trend estimation and significance testing
methods (Mann-Kendall test with Sen’s slope estimator) demonstrate robustness against
such outliers. Our analysis revealed that after excluding this outlier from 1963, neither the
trend of the series nor the results of the significance test showed any substantial changes
(the trend after 1963 was 0.325 days decade !, with a p-value of 0.323). The difference series
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of R10mm shows a downward trend and is statistically significant, and the urbanization
contribution for R10mm is 43%, as shown in Figure 3e and Table 1, indicating that the
increase in R10mm index in urban areas is smaller than that in rural areas. Furthermore,
an abnormally low value was observed in the difference series of R10mm in 2022. Our
analysis revealed that after excluding this outlier from 2022, neither the trend of the series
nor the results of the significance test showed any substantial changes (the trend after
removing 2022 was —0.063 days decade™!, with a p-value of 0.094), which is related to the
non-parametric trend estimation and significance test methods we used [24,25].
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Figure 3. As in Figure 2, but for absolute threshold indices (CDD, CWD, R10mm, and R20mm).
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In addition, it can be noted that the CDD, CWD, R10mm, and R20mm contain more
negative grid trends (i.e., the urbanization effect) of difference series between all station
series and rural station series, as shown in Figure 3b,d,f,h. Furthermore, spatial distribution
patterns analysis revealed different urbanization effects, with statistically significant posi-
tive and negative effects (p < 0.05). All the indices (except R20mm) have a grid that shows
a downward trend and is statistically significant, indicating that the negative urbanization
effect in this grid has significantly decreased the number of continuous dry days, continu-
ous wet days, and rainy days exceeding 10mm in urban areas. However, all the indices
(except R10mm) have one grid that shows an upward trend and are statistically significant,
indicating that the positive urbanization effect in this grid has significantly increased the
number of continuous dry days, continuous wet days, and rainy days exceeding 20mm,
as shown in Figure 3b,d,h. R10mm has two grids that show an upward trend and are
statistically significant, indicating that the positive urbanization effect in these two grids
has significantly increased the number of rainy days exceeding 10mm in urban areas, as
shown in Figure 3f.

3.2.3. Extreme Value Indices

Figure 4 shows the time difference series (left) between all stations series and rural
stations series and the spatial distribution patterns of urbanization effect (right) for extreme
value indices. Firstly, the linear fitting slope of the time difference series between Rx1day
and Rx5day is negative, but this trend is not statistically significant, as shown in Figure 4a,c,
and Table 1, indicating a potential decreasing trend in these two indices. In addition, it
can be noted that both Rx1day and Rx5day have positive grid trends (i.e., the urbanization
effect) and are statistically significant in the difference series between all station series and
rural station series, as shown in Figure 4b,d. Furthermore, spatial distribution patterns
analysis revealed different urbanization effects.

(a) Rx1day difference series (b) Rx1day spatial distribution
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Figure 4. As in Figure 2, but for extreme value indices (Rx1day and Rx5day).
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3.2.4. Other Indices

Figure 5 shows the time difference series (left) between all stations series and rural
stations series and the spatial distribution patterns of urbanization effect (right) for PRCP-
TOT and SDII indices. The difference series of PRCPTOT shows a downward trend and is
statistically significant, and the urbanization contribution for PRCPTOT is 33%, as shown
in Figure 5a and Table 1, which indicates that the increase in indices of PRCPTOT in urban
areas is less than that in rural areas. The linear fitting slope of the time difference series
for SDII is negative, but this trend is not statistically significant, as shown in Figure 5c and
Table 1, indicating a potential downward trend in SDII.

(a) PRCPTOT difference series (b) PRCPTOT spatial distribution
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Figure 5. As in Figure 2, but for PRCPTOT and SDIL

It can be noted that the number of grid cells with positive and negative urbaniza-
tion effects on PRCPTOT and SDII indices are comparable, though slightly more grids
exhibit negative effects. Specifically, for the PRCPTOT index, negative urbanization ef-
fects, indicating reduced total precipitation, dominate in the western and southern parts
of NWC. In contrast, for the SDII index, most regions in western NWC show positive
urbanization effects (suggesting increased precipitation intensity), whereas eastern regions
primarily exhibit negative effects (indicating decreased precipitation intensity), as shown
in Figure 5b,d.

In summary, by calculating the time difference series and the spatial distribution
patterns of 10 indices in NWC, it can be found that the urbanization effect varies among
different regions and indices. Urbanization effect has caused observational biases in
precipitation estimates across NWC, manifesting as systematic underestimation in most
regions but localized overestimation in specific metropolitan areas.

4. Discussion

Overall, we found that the difference series of some indices in NWC showed a down-
ward trend and was statistically significant, indicating that the precipitation or rainy days
in urban areas experienced a less increase than those in rural areas. Analysis of urbaniza-
tion effects across the 10 indices reveals distinct spatial heterogeneity in NWC, with some
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indices demonstrating positive urbanization effect in Urumgi, as shown in Figures 3-5.
This is opposite against the regional averaged urbanization effects, which may be related
to complex factors such as the level of urbanization, the spatial distribution of irrigated
agricultural activities, and thermal circulation factors, etc. Therefore, we selected Urumqji,
the largest city of NWC, as a case to study the effect on the observed precipitation data.

Urumgi is equipped with five national meteorological stations, of which two are in ur-
ban areas, namely the Miquan and Urumgi stations, while the remaining three, namely the
Xiaoquzi, Daxigou, and Dabancheng stations, are situated in rural areas. This configuration
results in a well-balanced ratio of urban to rural stations, facilitating robust comparative
analysis. The spatial distribution of these meteorological stations in Urumgji, along with
the associated LULC types in the surrounding regions, are shown in Figure 6.

(a) Stations in Urumqi (b) Xiaoquzi (c) Urumgqi
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Figure 6. Spatial distribution of meteorological stations in Urumgi city and the LULC patterns
surrounding each station. Green triangles denote urban stations, while blue triangles represent rural
stations. The LULC in this study utilizes the raw data at its original 300-meter resolution, without
applying reclassification or resampling, because of the relatively small spatial extent of the study area
and the limited number of LULC types contained within it.

The time series of all stations and rural stations in Urumgi for the 10 indices were
obtained using the method of simple arithmetic mean, but the results differ greatly from
those for the sampled urban areas of NWC. The difference series of four precipitation
indices in Urumgqi city showed an upward trend, and the corresponding change trends
were statistically significant, indicating that urban areas received more precipitation over
time than rural areas. This demonstrates that the urbanization process of Urumgi city has
led to an increase in precipitation and rainy days.

Figure 7 shows the standardized anomaly/anomalies time series of four indices
obtained using all stations and rural stations in Urumgi city from 1961 to 2022 (left), as
well as the time difference series between all stations and rural stations (right). Firstly,
the difference series of RO5pTOT, SDII, CDD, and CWD show an upward trend and are
statistically significant at the 0.05 level (see Figure 7b,d f h), indicating that urbanization
has led to more extreme precipitation and stronger precipitation intensity than rural areas.
Secondly, the continuous wet and dry days are more common with temporal in urban areas
than in rural areas. Continuous wet days refers to the largest number of consecutive days
whose daily precipitation exceeds Imm, while continuous dry days refers to the largest
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number of consecutive days whose daily precipitation is less than 1 mm. Therefore, we
can observe that both the largest number of consecutive dry days and the largest number
of consecutive wet days have increased in urban areas compared to those in rural areas,
indicating that the climate has become more extreme due to the effect of urbanization. Due
to space limitations of this paper, the calculation results of the other six precipitation indices
in Urumgi city are shown in the Supplementary Materials (Figures 511-516).

(a) R95pTOT all and rural series (b) R95pTOT difference series
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Figure 7. Annual average time series (a,c,e,g) and their corresponding difference time series
(b,d,£,h) for four precipitation indices (R95pTOT, SDII, CDD, and CWD) in Urumgi city from 1961 to
2021. The fitted trend line is indicated by a blue solid line.

As mentioned above, the positive trends in most precipitation indices for both all and
urban stations in NWC are not significantly greater than that of rural series. The reasons
for the negative effects of urbanization may be explained as follows:

e  Most of the meteorological observation stations in NWC are in oasis areas, but some are
in agricultural oasis and others in urban oasis. Compared to the deserts and Gobi areas,
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where there are usually no observation stations, oasis areas are characterized by larger
actual evaporation and higher atmospheric moisture [30], with more precipitation and
extreme intense precipitation. This has been assumed as one of the main causes for
the increased precipitation as observed in the arid region of NWC [30].

e In urban oasis areas, however, the increases in actual evaporation and atmospheric
moisture may have been smaller as compared to those in agricultural oasis areas, due
to the relatively smaller proportion of vegetation or crop plants and the resulting
lower consumption of water. The urban heat island (UHI) and urban dry island (UDI)
in urban areas further increase the vapor pressure deficit (VPD) near urban stations,
leading to a lower possibility for water vapor to condense in atmosphere and a lower
precipitation frequency and precipitation amounts. As urbanization proceeds, urban
stations may have seen relatively decreased precipitation total and extremes compared
to the rural stations, which are mostly located in agricultural oasis areas (Figure 8).

e Itisalso possible that the aerosol competition mechanism in urban areas plays a role.
Due to urban traffic and industrial pollution, cloud droplet particles may decrease
because of the excessive cloud condensation nuclei in urban areas compared to rural
areas. The merging of cloud droplets is suppressed, slowing down the rate of cloud
droplet transformation into rain droplets and causing less precipitation [30-33]. The
radiation effect of aerosols can reduce the radiation reaching the ground, thereby
reducing the energy used for evaporating surface water bodies and convection, re-
sulting in reduced water evaporation and weakened convection in urban areas. The
heat that is not reflected into space by aerosols is absorbed by the upper atmosphere,
stabilizing the low-layer atmosphere and suppressing the generation of convective
clouds [34,35] (Figure 8).
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Figure 8. Possible mechanisms for why urban areas in the NWC generally receive less precipitation
than rural areas.

In Urumgqi, however, the trend of urban precipitation series for most indices is sig-
nificantly greater than that of rural series, with more extreme precipitation, more rainy
days, and greater precipitation intensity in urban areas. The reason for this phenomenon
needs to be further investigated, but it may have been related to the size of urbanization
and the peculiar geographical location in NWC. Unlike most other cities in NWC, Urumgi
is a super city, and it is also located in the northern Xinjiang Oasis Belt, with vast areas of
agricultural oasis surrounding it [36]. The city thus may not lack atmospheric moisture
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even within the urban areas. This, combined with stronger UHI intensity and the resulting
stronger convection, may have caused an increase in total and extreme precipitation [34,35]
compared to the nearby rural areas. It is also possible that urbanization leads to a greater
decrease in near-surface wind speed around the observational station rather than in other
cities, which in turn leads to a more significant increase in rainfall capture rate of the
gauges [30,37]. These issues need to be further investigated in future studies.

5. Conclusions

The percentage of urban LULC within a buffer radius of 1-12 km around each station
was calculated using the global LULC dataset provided by the ESA, and reference stations
were selected from all stations in NWC. Then, applying the grid area-weighted average
method to obtain the regional average time series for all stations and rural stations, as pro-
posed by Jones and Hulme [22]. Finally, the urbanization effect on precipitation indices was
evaluated using the difference between all stations and rural stations, and the urbanization
contribution was studied. The main conclusions are summarized as follows:

e  Precipitation in NWC is increasing. Temporally, the total precipitation (PRCPTOT)
has shown an upward trend, alongside increases in the frequency (R10mm, R20mm)
and intensity (SDII, Rx1day, Rx5day, R95pTOT, R99pTOT) of extreme precipitation
events. In contrast, the duration of consecutive dry days (CDD) has decreased. These
trends pose significant challenges for adapting to extreme climate variability. Spa-
tially, precipitation has increased across most of NWC, but the spatial distribution
of these increase exhibit pronounced heterogeneity, reflecting regional disparities in
hydrological responses to climate change.

e  The precipitation in NWC is affected by urbanization, but the urbanization effect varies
among different regions and indices. The difference series (all-rural) of the R10mm,
R95pTOT, R99pTOT, and PRCPTOT indices across the sampled urban areas of NWC
exhibited statistically significant decreasing trends (p < 0.05), indicating substantial
urbanization impacts on these four extreme precipitation indices. The estimated
urbanization contributions were estimated as 43% for R10mm, 44% for R95pTOT, 35%
for R99pTOT, and 33% for PRCPTOT, respectively. However, the difference series (all-
rural) of the R95pTOT, SDII, CDD, and CWD indices in Urumgqi exhibited statistically
significant increasing trends (p < 0.05), demonstrating a pronounced urbanization
effect on these four indices. The urbanization contributions reached 54% for R95pTOT,
46% for SDII, 42% for CDD, and 100% for CWD.

e Previously reported regional increases in total and extreme precipitation may have
been underestimated due to the urbanization bias of precipitation data. The R10mm,
R95pTOT, R99pTOT, and PRCPTOT indices in the sampled urban areas of NWC
exhibited statistically significant negative urbanization effects at urban and all stations.
The downward urbanization effects are opposite to the overall upward regional trends
in the total precipitation and extreme precipitation indices.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/land14112113/s1, Figure S1: Regional annual average time series
and spatial distribution map of Rxlday in NWC over 1961-2022 (all observational stations); Figure S2:
As in Figure S1, but for Rx5day; Figure S3: As in Figure S1, but for SDII; Figure S4: As in Figure S1,
but for R10mm; Figure S5: As in Figure S1, but for R20mm; Figure S6: As in Figure S1, but for CDD;
Figure S7: As in Figure S1, but for CWD; Figure S8: As in Figure S1, but for R95pTOT; Figure S9: As
in Figure S1, but for R99pTOT; Figure S10: As in Figure S1, but for PRCPTOT; Figure S11: (a) Annual
average time series and (b) their corresponding difference time series for Rxlday in Urumgi city
from 1961 to 2021; Figure S12: As in Figure S11, but for Rx5day; Figure S13: As in Figure S11, but for


https://www.mdpi.com/article/10.3390/land14112113/s1
https://www.mdpi.com/article/10.3390/land14112113/s1

Land 2025, 14, 2113 16 of 18

R10mm; Figure S14: As in Figure S11, but for R20mm; Figure S15: As in Figure S11, but for R99pTOT;
Figure S16: As in Figure S11, but for PRCPTOT.
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