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Abstract

Pan evaporation (PE) is widely used as an indicator of atmospheric evaporative demand
and is relevant to irrigation demand and climate-related hydrological changes. Using daily
records from 759 meteorological stations across China during 2002–2018, this study investi-
gated the temporal trends, spatial patterns, and climatic controls of PE across seven major
climate zones. Multiple decomposition techniques revealed a dominant annual cycle and a
pronounced peak in 2018, while a decreasing interannual trend was observed nationwide.
Spatial analyses showed a clear north–south contrast, with the strongest declines occurring
in northern China. A random forest (RF) model was employed to quantify the contributions
of climatic variables, achieving high predictive performance. RF results indicated that the
dominant drivers of PE varied substantially across climate zones: sunshine duration (as
a proxy for solar radiation) and air temperature mainly controlled PE in humid regions,
while wind speed and relative humidity (RH) exerted stronger influences in arid and
semi-arid regions. The widespread decline in northern China is consistent with concurrent
changes in wind speed and sunshine duration, together with humidity conditions, which
modulate evaporative demand at monthly scales. These findings highlight substantial
spatial heterogeneity in PE responses to climate forcing and provide insights for drought
assessment and water resource management in a warming climate.

Keywords: pan evaporation (PE); spatiotemporal variation; climate zones; meteorological
factors; random forest model

1. Introduction
Pan evaporation (PE) is a key hydrological indicator that reflects atmospheric evapo-

rative demand and plays an essential role in estimating potential evapotranspiration (ET)
and assessing regional water balance [1]. Because PE integrates the combined effects of
temperature, solar radiation, wind speed, and humidity, it is widely applied in agricultural
planning, drought monitoring, and water resource management [2]. Understanding the
temporal variability and climatic controls of PE is therefore crucial for hydrological mod-
eling and climate-adaptation strategies, particularly in regions facing water scarcity and
frequent climate extremes [3–5].

Over recent decades, numerous studies have documented divergent PE trends across
the globe, often contradicting the expected increase in evaporation associated with rising
temperatures. This phenomenon—commonly referred to as the “evaporation paradox”—
is especially pronounced in China, where PE trends vary substantially among regions.
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Declines have been reported mainly in northern and arid areas, whereas humid and coastal
regions exhibit greater temporal variability [2]. Meteorological changes such as declining
wind speeds, altered solar radiation, and increasing humidity have been identified as
major contributors to these patterns, in addition to land-use change and urbanization
effects [1,4,6].

Given China’s pronounced climatic gradients, region-specific analyses are essential
for understanding PE responses to both climatic and anthropogenic drivers [7,8]. National-
scale assessments have revealed a notable shift in PE behavior around the year 2000, with
decreasing PE occurring despite rising actual evapotranspiration, likely linked to changes
in wind speed, net radiation, and land cover [9,10]. Urbanization has also been shown to
influence PE measurements, with urban stations frequently exhibiting higher PE than rural
stations due to the urban heat island effect and modified surface energy balances [11].

Urban influences on PE have been further highlighted by several regional stud-
ies [12–14], which consistently demonstrate that urban stations tend to display elevated
evaporation rates compared with rural counterparts [12]. For example, research in the
Nanpan River Basin showed that long-term changes in PE were strongly affected by ur-
banization, with markedly higher PE values observed at urban sites [15]. These findings
underscore the sensitivity of PE to both climatic variability and human-induced environ-
mental change, emphasizing the need to account for regional differences when evaluating
national-scale PE trends [16–18].

Despite these advances, important gaps remain. Many existing studies focus on
specific regions or single climatic settings and therefore lack a unified framework for simul-
taneously capturing the temporal evolution and spatial heterogeneity of PE across China’s
diverse climate zones [19–21]. Moreover, only a limited number of studies have integrated
multi-scale decomposition methods (e.g., STL, wavelet analysis, EEMD) with spatial statis-
tical tools such as Moran’s I and LISA to provide a more comprehensive characterization of
PE dynamics. Another limitation is the insufficient use of recent observational data, which
may restrict the accuracy of trend assessments [22–24].

To address these gaps, this study provides a climate-zone-resolved assessment of
PE variability across China for the period 2002–2018. We adopt an integrated analytical
framework that combines trend analysis, multi-scale decomposition, spatial pattern extrac-
tion, and machine-learning-based attribution. The specific objectives are to: (1) identify
dominant temporal trends and periodic components of PE; (2) characterize the spatial
heterogeneity of PE variations across seven major climate zones; and (3) quantify the
climatic drivers responsible for the observed regional differences in PE. These results con-
tribute to improved hydrological modeling and water-resource planning and provide an
observational basis for interpreting PE variability along strong humidity gradients.

2. Data and Methods
2.1. Study Area and Climate Zonation

This study focuses on mainland China, a region characterized by extensive geographic
diversity and a wide range of climatic conditions, spanning from humid tropical lowlands
in the south to arid and cold plateau environments in the northwest. The study area covers
approximately 20◦ N–53◦ N and 73◦ E–135◦ E, encompassing plains, basins, mountains,
and high-elevation plateaus. Such pronounced geographic and climatic variability makes
China an ideal setting for investigating spatial heterogeneity in pan evaporation (PE) and
its climatic controls [25,26].

To account for regional climate differences, China was divided into seven representa-
tive climate zones based on temperature regimes, precipitation patterns, and aridity indices,
following national climate classification schemes [27–29]. These zones and their standard-
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ized abbreviations and shown in Figure 1, include: (1) Mid-Temperate Semi-Humid Zone
(MTSH), (2) Mid-Temperate Semi-Arid Zone (MTSA), (3) Mid-Temperate Arid Zone (MTA),
(4) Plateau Temperate Semi-Arid Zone (PTSA), (5) Warm Temperate Semi-Humid Zone
(WTSH), (6) Northern Subtropical Humid Zone (NSTH), and (7) Marginal Tropical Humid
Zone (MTHZ). These zones represent a climatic gradient ranging from arid inland regions
to humid coastal and tropical environments, providing a robust framework for comparing
PE trends and periodic behaviors across diverse ecological and climatic settings [30,31].

Figure 1. Spatial distribution of climate zones in China with station locations.

This zonal classification facilitates a more detailed understanding of how regional
climate characteristics—such as temperature, precipitation, and atmospheric moisture—
shape the spatial and temporal variability of PE. Incorporating these distinctions allows for
a more comprehensive interpretation of climate–evaporation interactions at both national
and regional scales.

2.2. Data Sources

The meteorological and pan evaporation (PE) data used in this study were obtained
from the National Meteorological Information Center (NMIC) of the China Meteorological
Administration (CMA). Specifically, we utilized the “Daily Dataset of Surface Meteorologi-
cal Variables from Chinese National Ground Stations,” which provides continuous daily
observations from 2474 national meteorological stations across China. The dataset includes
key variables such as air temperature, wind speed, relative humidity, sunshine duration,
precipitation, and PE [32].

PE measurements prior to the widespread adoption of the standardized 20 cm pan
evaporimeter in the 1960s may have inconsistencies [33,34]. Moreover, data completeness
and station coverage improved substantially after 2000. To ensure temporal consistency,
data homogeneity, and spatial comparability across stations, this study focuses on the
period from 2002 to 2018, during which most stations maintained stable instrument config-
urations and complete daily observations. There are two types of evaporation pans used at
observation stations: large-sized ones (E601B, with a diameter of 62 cm) and small-sized
ones (D20, with a diameter of 20 cm). To ensure the consistency and accuracy of data, a
univariate linear regression model is established for the daily evaporation amounts of large
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and small evaporation pans during the overlapping observation period of each station
(with the evaporation amount of the large evaporation pan as the independent variable
and that of the small evaporation pan as the dependent variable) for correction. Finally,
a connected daily observation sequence based on the evaporation amount of the small
evaporation pan is obtained.

Following rigorous preprocessing—including CMA quality-control checks, missing-
value screening, and assessments of temporal continuity—759 meteorological stations were
retained for analysis. These stations met the criteria of continuous PE records, minimal
missing data, and reliable metadata.

The variables used in this study include daily PE, precipitation, mean air temperature,
mean wind speed, mean relative humidity, and sunshine duration. These variables support
both the analysis of spatiotemporal variations in PE and the investigation of potential
meteorological drivers in subsequent correlation and machine-learning analyses [35–37].
All data were spatially referenced using station latitude and longitude, and each station
was assigned to one of the seven climate zones defined in Section 2.1. The station metadata
for the 759 CMA sites do not provide a consistent, nationwide urban–rural classification;
therefore, this study does not explicitly distinguish urban and rural stations nor include an
urbanization indicator in the analysis.

2.3. Data Preprocessing

Several preprocessing procedures were applied to ensure the quality, consistency, and
spatial representativeness of the PE dataset. The initial dataset contained records from
837 meteorological stations, from which 759 stations were ultimately selected based on
data completeness, spatial coverage, and temporal continuity. As discussed earlier, the
study period was restricted to 2002–2018 to avoid potential inconsistencies associated with
instrumentation transitions or sparse observations in earlier decades. Stations with more
than 5% missing annual data or pronounced temporal discontinuities were excluded.

For the retained stations, short gaps of fewer than 10 consecutive days were filled
using linear interpolation, whereas longer gaps were discarded to preserve data reliability.
Outliers and physically implausible values—such as negative PE observations or values
exceeding climatological limits—were identified using threshold-based screening and
visual inspection, and were either corrected or removed following established climate-data
reconstruction practices [38–40].

To enable spatial comparison and support multivariate analyses such as EOF and
EEMD, all PE time series were standardized using z-score normalization [41,42]. Each
station was also assigned to one of the seven climate zones defined in Section 2.1 based
on its geographic coordinates, allowing for region-specific trend analysis and periodicity
assessment. These preprocessing steps ensured that the final dataset was of high quality,
temporally consistent, and spatially representative across China.

2.4. Analytical Methods

To comprehensively explore the temporal and spatial variability of PE across China, we
employed a structured analytical framework consisting of five categories of methods: trend
analysis, periodicity analysis, spatial pattern extraction, spatial autocorrelation analysis,
and zonal comparison. Each component is described below.

(1) Trend Analysis

Long-term monotonic trends in annual PE were assessed using the non-parametric
Mann–Kendall (MK) test and the Sen’s slope estimator [43,44]. The MK statistic S is
computed as:

https://doi.org/10.3390/atmos17010073

https://doi.org/10.3390/atmos17010073


Atmosphere 2026, 17, 73 5 of 26

S = ∑n−1
i=1 ∑n

j=i+1 sgn
(
xj − xi

)
, with sgn(x) =


1 x > 0
0 x = 0
−1 x < 0

(1)

where xi and xj are the PE values in year i and j. If S > 0, it indicates an upward trend,
and S < 0 indicates a downward trend. Sen’s slope provides a robust estimate of the
trend magnitude:

β = median
( xj − xi

j − i

)
, f or all j > i (2)

To detect potential abrupt changes, the Pettitt test was also used to identify change
points within the time series [45].

(2) Periodicity Analysis

To extract seasonal and multi-year oscillatory components, we applied Seasonal-Trend
decomposition using Loess (STL) decomposition, continuous wavelet transform (CWT),
and ensemble empirical mode decomposition (EEMD). The STL method decomposes the
original time series Yt into:

Yt = Tt + St + Rt (3)

where Tt is the long-term trend, St is the seasonal component, and Rt is the residual
or irregular fluctuation. Each component is extracted iteratively using locally weighted
regression (Loess) [46].

The continuous wavelet transform (CWT) provides a time-frequency decomposition
of a signal by projecting it onto a set of scaled and shifted wavelet functions [47]:

Wx(a, b) =
1√
a

∫ +∞

−∞
x(t)ψ∗

(
t − b

a

)
dt (4)

where a is the scale, b is the translation (time), and ψ* is the complex conjugate of the
wavelet function.

The EEMD decomposes the signal x(t) into a set of intrinsic mode functions (IMFs)
by adding finite-amplitude white noise and performing empirical mode decomposition
(EMD) repeatedly [48]:

x(t) = ∑n
i=1 IMFi(t) + rn(t) (5)

where IMFi(t) is the i-th intrinsic mode function, and rn(t) is the final residual trend
component. EEMD overcomes mode mixing by ensemble averaging the decomposed
results from multiple noise-added realizations [48,49].

(3) Spatial Pattern Extraction

To extract dominant spatial modes of variability and reveal regional co-variability
structures, we used Empirical Orthogonal Function (EOF) analysis [50,51]. The anomaly
matrix X (stations × years) was decomposed using singular value decomposition:

X = UΣVT (6)

where U represents spatial patterns (EOFs), V temporal patterns (PCs), and Σ is a diagonal
matrix of singular values [50]. The PCs were later compared with dominant periods from
CWT and EEMD to examine joint temporal evolution.
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(4) Spatial Autocorrelation Analysis

To evaluate spatial dependence and clustering in PE trends and periodic signals, we
calculated Global Moran’s I, Local indicators of Spatial Association (LISA). Moran’s I is
defined as:

I =
n
W

×
ΣΣwij(xi − x̄)

(
xj − x̄

)
Σ(xi − x̄)2 (7)

where wij is the spatial weight and x̄ is the global mean. We constructed a K-nearest
neighbors (KNN) spatial weight matrix (k = 5) to define local spatial structure [52].

(5) Random Forest model and validation

A Random Forest (RF) regression model was employed to quantify the nonlinear
contributions of meteorological variables to monthly pan evaporation (PE). Accordingly,
all attribution analyses are conducted at the monthly scale to ensure consistency with
the interannual–decadal focus of the study and to enable direct comparison with the
annual/trend and spatial-mode diagnostics. Monthly PE was used as the target variable,
and predictors were restricted to the five meteorological variables available in this study:
precipitation (P), mean air temperature (Tair), mean wind speed (WS), mean relative
humidity (RH), and sunshine duration (SSD).

This study focuses on spatial heterogeneity and climate-zone contrasts of PE variability
across China at interannual–decadal time scales. We therefore constructed monthly PE
and monthly meteorological predictors (Tair, WS, RH, P, and SSD as a radiation proxy) to
reduce high-frequency synoptic noise and to improve temporal completeness across the
national station network. This temporal aggregation is consistent with the time scales of
our trend detection (MK/Sen), spatial mode decomposition (EOF), and spatial autocorrela-
tion analyses (Moran’s I), and facilitates physically interpretable comparisons along the
humidity gradient. Monthly predictors were derived from daily observations by taking
monthly means for Tair, WS and RH, monthly sums for P and SSD, and monthly mean for
PE. We note, however, that monthly aggregation may damp short-duration extremes and
under-represent nonlinear daily responses of PE to heatwaves or strong wind events. To
address this limitation, we conducted a sensitivity experiment incorporating within-month
extremes metrics derived from daily observations (Section 3.8).

To assess generalization performance and avoid information leakage across months
from the same station, we adopted a station-wise independent split stratified by climate
zone (70%/30% of stations within each zone; random_state = 42), ensuring that all months
from a station were assigned exclusively to either training or test. The RF model was trained
using a fixed hyperparameter configuration with 500 trees (n_estimators = 500) and boot-
strap sampling (bootstrap = True), while other parameters were kept at their scikit-learn
default values (random_state = 42; n_jobs = −1). Model performance (R2 and MSE) was
evaluated on the independent test set. Variable-importance rankings were quantified using
permutation importance computed on the independent test set with repeated shuffling
(n_repeats = 30), and zonal rankings were obtained by training RF models separately for
each climate zone using the same predictors and evaluation protocol. The RF hyperpa-
rameter configuration used in this study is summarized in the Supplementary Materials
(Table S1).

3. Results
3.1. Temporal Trends of PE

Pan evaporation (PE) from 2002 to 2018 shows clear regional contrasts across China.
As illustrated in Figure 2a, most stations in northern, northeastern, and central China
exhibit negative Sen’s slopes, indicating a long-term monotonic decline in PE, whereas
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several stations in southern and coastal regions show weakly positive but mostly non-
significant changes. This spatial pattern reflects strong regional differences in meteoro-
logical conditions. At the national scale, annual mean PE shows a significant monotonic
decreasing trend, with a Sen’s slope of −0.015 mm day−1 yr−1 and an MK p-value of
0.0074 (Figure 2b). The decline persists from 2002 to 2017, followed by an increase in
2018. To interpret this event, we quantified 2018 anomalies of PE and key meteorolog-
ical variables relative to the 2002–2017 baseline using station observations. Nationally,
PE exhibits a positive anomaly of +0.877, accompanied by markedly warmer conditions
(Tair: +3.388) and substantially reduced precipitation (P: −59.404), indicating a warmer
and drier background that favors enhanced evaporative demand. Wind speed shows a
modest positive anomaly (WS: +0.120), whereas relative humidity changes are negligible
at the national scale (RH: +0.004). Sunshine duration anomalies display strong spatial
heterogeneity across climate zones (Figure S2; Table S4), suggesting region-dependent
radiative forcing during 2018. Overall, the 2018 PE surge is most coherently explained
by the combined effects of anomalous warming and widespread precipitation deficits,
with additional regional modulation by wind and radiation anomalies, consistent with the
RF-identified dominant drivers.

Figure 2. Temporal trends of Pan Evaporation (PE) across China (a) Spatial distribution of Sen’s slope
for station-level PE trends; (b) Annual mean PE in China (2002–2018) with a fitted trend line (dashed
red); (c) Classification of station-level PE trends based on significance and direction.

Trend classifications (Figure 2c) show that approximately 70% of stations display
non-significant trends, while 17% exhibit significant decreases and 13% show significant
increases. Note that MK and Sen’s slope provide a non-parametric assessment of monotonic
change and do not imply a linear process or a constant rate of change.

Overall, the results indicate a nationwide decline in PE accompanied by substantial
spatial variability, highlighting the influence of regional climatic conditions on evapora-
tive demand.

The national annual series shows a pronounced increase in PE in 2018 (Figure 2b).
To interpret this event, we quantified 2018 anomalies of key meteorological variables
relative to the 2002–2017 baseline using the same station observations. Nationally, PE
exhibits a positive anomaly of +0.877, accompanied by markedly warmer conditions (Tair
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anomaly: +3.388) and substantially reduced precipitation (P anomaly: −59.404), consistent
with enhanced atmospheric evaporative demand. Wind speed shows a modest positive
anomaly (WS: +0.120), whereas relative humidity changes are small at the national scale
(RH: +0.004). Sunshine duration anomalies display strong spatial heterogeneity across cli-
mate zones, indicating region-dependent radiative forcing during 2018 (Figure S2; Table S4).
Overall, the 2018 PE surge is most coherently explained by the combined effects of anoma-
lous warming and widespread precipitation deficits, with additional regional modulation
by wind and radiation anomalies, consistent with the RF-identified dominant drivers.

3.2. STL Decomposition of National Monthly PE

Seasonal–Trend decomposition using Loess (STL) was applied to the national monthly
PE series from 2002 to 2018 to identify dominant temporal components. As shown in
Figure 3, the decomposition clearly separates the long-term trend, seasonal cycle, and
residual variability.

(a) 

(b)

(c) 

(d)

Figure 3. STL decomposition of the national monthly PE series (2002–2018), showing: (a) original
time series, (b) long-term trend, (c) seasonal cycle, and (d) residual component.

The trend component shows a gradual decline in national PE from 2002 to 2016,
consistent with the results in Section 3.1, followed by a marked increase in 2018. This abrupt
shift reflects an exceptional anomaly in that year. The seasonal component exhibits a stable
and recurring annual pattern, with higher PE in summer and lower PE in winter, driven
primarily by temperature and radiation seasonality. Seasonal variability accounts for 83.7%
of the total variance, indicating that seasonality is the dominant contributor to national PE
fluctuations throughout the study period. The residual component captures short-term and
irregular variations, with relatively small amplitudes except for a pronounced spike in 2018.
The minimal residual variability suggests that interannual fluctuations play a secondary
role compared with the strong seasonal and long-term components.

In summary, the STL decomposition highlights the overwhelming influence of season-
ality on national PE variability, while also revealing the distinct 2018 anomaly that warrants
further investigation in subsequent analyses.
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3.3. Continuous Wavelet Analysis of Monthly PE

Continuous Wavelet Transform (CWT) was applied to the national monthly PE series
(2002–2018) using the Morlet wavelet to identify dominant periodicities and their temporal
evolution. The wavelet power spectrum (Figure 4) highlights a persistent 12-month cycle,
which remains the strongest and most stable feature throughout the study period. This
dominant annual periodicity is consistent with the STL results and reflects the strong
seasonal control on PE across China.

Figure 4. Continuous wavelet power spectrum of the national monthly PE series (2002–2018). The
dominant energy is concentrated around the 12-month period, reflecting strong seasonal oscillation.

In addition to the annual cycle, weaker but discernible power appears in the 2–4-year
band, particularly toward the end of the study period. These low-frequency oscillations
indicate modest interannual variability and may reflect the influence of short-term climate
oscillations. Although not dominant, their presence suggests that interannual climate
fluctuations contribute to secondary variations in PE.

The amplitude of the annual cycle shows a slight strengthening after 2016, indicating
enhanced seasonal contrast in recent years. However, no significant long-term shifts are
observed in the timing or structure of the primary periodicities.

This provides a clear temporal structure that supports the subsequent multi-scale
decomposition analysis. These findings reinforce the results of the STL decomposition and
highlight the importance of both seasonal forcing and occasional low-frequency climate
variability in shaping national PE dynamics.

3.4. EEMD of Monthly PE

Ensemble Empirical Mode Decomposition (EEMD) was used to extract intrinsic tem-
poral components from the national monthly PE series for 2002–2018. The decomposition
produced six intrinsic mode functions (IMFs), each representing variability at different
timescales (Figure 5).
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Figure 5. EEMD of the national monthly PE (2002–2018). Six intrinsic mode functions (IMFs) were
extracted, ranging from high-frequency to trend components.

IMF 1 captures high-frequency fluctuations associated with short-term atmospheric
variations and contributes mainly to rapid but low-amplitude changes in PE. IMF 2 exhibits
a stable ~12-month periodicity that reflects the dominant annual cycle, consistent with
the STL and CWT results. This IMF represents the strongest and most persistent mode
of variability in the PE record. IMFs 3–5 correspond to lower-frequency oscillations,
indicating modest interannual to quasi-decadal variability. These components likely reflect
the influence of broad-scale climate fluctuations, although their amplitude is substantially
weaker than the seasonal mode. IMF 6 represents the long-term trend and shows a gradual
decline in PE from 2002 to 2016, followed by a distinct increase after 2017—mirroring the
national trend identified in Section 3.1.

The EEMD results show that the annual cycle dominates national PE variability, while
weaker low-frequency components reflect secondary interannual influences. This multi-
scale structure provides important context for interpreting regional PE responses and for
linking temporal modes with climatic drivers.

3.5. EOF Analysis
3.5.1. Variance Contribution of Leading EOF Modes

Empirical Orthogonal Function (EOF) analysis was applied to the standardized annual
PE anomaly matrix to identify dominant spatiotemporal modes (Figure 6). The first EOF
mode explains 46.0% of the total variance, followed by 20.1% for EOF 2. The contributions
of EOF 3–6 decrease to 8.9%, 4.2%, 3.8%, and 3.1%, respectively. Together, the first six modes
account for 86.2% of the total variance, indicating that most of the meaningful variability is
captured by the leading modes.

Figure 6 shows that EOF1 explains 46.0% of the total variance of monthly PE anoma-
lies, indicating a spatially coherent dominant mode. Rather than a spatially uniform
‘background’ signal, EOF1 represents the dominant large-scale east–west (northeast-
ern/eastern China versus western China–Tibetan Plateau) contrast in PE anomalies, indi-
cating opposite-phase variability between the monsoon-influenced eastern sector and the
westerly/topography-controlled western interior. Importantly, these pathways directly
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correspond to the dominant RF drivers identified in this study (Tair/RH/SSD and WS),
providing a physically interpretable linkage between the statistical mode and meteorologi-
cal controls.

 
Figure 6. Variance contribution (%) and cumulative variance contribution (%) of the leading EOF
modes of monthly PE anomalies. Higher variance contribution indicates a more dominant spatiotem-
poral mode, while the cumulative curve shows the fraction of total variance explained by the first
N modes.

EOF2 (20.1%) captures a secondary regional contrast superimposed on EOF1, indi-
cating additional out-of-phase variability among eastern sub-regions and the western
interior/Plateau; this suggests that multiple circulation-linked processes contribute to
PE anomalies beyond the leading east–west polarity. Such a dipole is consistent with
circulation-mediated redistribution of moisture and cloudiness: variability in East Asian
monsoon moisture transport and associated cloud cover can modulate RH and sunshine
duration (SSD) over northeastern/eastern China, while concurrent shifts in the mid-latitude
westerlies and the East Asian jet—together with Tibetan Plateau thermal–dynamic effects—
can influence near-surface wind speed (WS) and radiative conditions over western China
and the Plateau. This provides a mechanistic interpretation of the observed EOF2 structure
beyond a purely descriptive account.

The cumulative variance curve rises sharply with the inclusion of the first two modes,
confirming their dominant explanatory power. The boxplot and KDE distributions show
that the leading modes have more concentrated value ranges, while higher-order modes
display broader and more irregular distributions, consistent with their weaker contribu-
tions. These results indicate that the first few EOF modes effectively summarize the main
spatiotemporal structure of PE variability, with higher-order modes representing minor or
noise-like fluctuations.

3.5.2. Spatial Distribution of EOF

The spatial loading pattern of the first EOF mode (EOF1) captures the dominant
structure of PE anomalies across China (Figure 7). EOF1 shows a coherent dipole pattern,
with positive loadings over most northern and eastern regions and negative loadings across
western China, including the Tibetan Plateau. This contrast reflects the primary large-scale
spatial variability embedded in the national PE field.
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Figure 7. Spatial loading pattern of EOF1 for monthly PE anomalies. Positive (negative) loadings in-
dicate regions where PE anomalies tend to vary in phase (out of phase) with the EOF1 time coefficient
(PC1). Larger absolute loadings denote a stronger contribution of EOF1 to local PE variability.

Regions with positive loadings correspond to areas where PE anomalies tend to
fluctuate coherently in the same direction, whereas negative loadings indicate opposite-
phase variability. The clear spatial organization of EOF1, which explains 46.0% of the total
variance, confirms its role as the leading mode characterizing nationwide PE variation.
In comparison, higher-order modes capture progressively smaller and more localized
variability. This dominant spatial pattern provides the primary basis for interpreting
regional differences in PE anomalies and their associated large-scale variability.

This east–west (and northeast–Tibetan Plateau) polarity is consistent with the contrast
between the monsoon-influenced eastern China and the westerly/topography-controlled
western interior. The opposite-phase PE anomalies implied by EOF1 suggest that years
with stronger continental advection and clearer-sky conditions over northern–eastern
China tend to coincide with relatively suppressed evaporative demand over the Tibetan
Plateau/western regions, where cloudiness and complex terrain can modulate radiation
and near-surface winds. This interpretation is also consistent with the dominant importance
of aerodynamic (wind speed) and energy-related (air temperature and sunshine duration)
controls identified by the RF attribution, indicating that large-scale circulation–radiation–
wind co-variability is embedded in the leading EOF structure.

3.5.3. EOF Time Coefficient Spatial Distribution

The spatial distribution of the time coefficients (PC1) associated with EOF1 is shown in
Figure 8. Positive coefficients are predominantly observed across the southern, eastern, and
parts of central China, whereas negative coefficients occur mainly in northern and western
regions. This spatial contrast indicates that the leading EOF mode exhibits regionally
differentiated contributions to annual PE anomalies. Stations with positive PC1 values
correspond to locations where the EOF1 spatial pattern is expressed more strongly, while
negative values represent locations where the same mode is expressed with opposite phase.
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Figure 8. Time coefficient (PC1) associated with EOF1 of monthly PE anomalies. Positive PC1
corresponds to above-average PE in regions with positive EOF1 loadings and below-average PE in
regions with negative loadings (and vice versa), describing the temporal evolution of the leading
spatial mode.

The distribution also shows clear spatial clustering: southeastern coastal and south-
western regions generally display higher PC1 values, while many stations in northern
China and the Tibetan Plateau exhibit negative values. These coherent regional patterns
suggest that the first EOF mode captures a large-scale gradient in PE anomalies that varies
systematically across China. The inset map provides an enlarged view of the South China
Sea region, showing similar spatial consistency among island and coastal stations.

The mapped PC1 coefficients illustrate the dominant spatial polarity of the leading
EOF mode and its heterogeneous expression across China, complementing the spatial
loading pattern shown in EOF1.

3.5.4. Spatial Distribution of Local Moran’s I for PE Values

Figure 9 presents the Local Moran’s I values for annual PE, illustrating the spatial
dependence of evaporation across China. Positive Local Moran’s I values (warm colors)
indicate locations embedded within clusters of similar PE conditions, while negative values
(cool colors) mark spatial outliers where local PE values differ from surrounding stations.
Most stations exhibit weak to moderately positive local spatial autocorrelation, forming
broad clusters across eastern and southeastern China. These areas show coherent spatial
groupings of similar PE magnitudes, suggesting locally consistent evaporation patterns. In
contrast, negative Local Moran’s I values are scattered primarily across northern and high-
altitude regions, indicating isolated stations whose PE values differ from adjacent locations.

The distribution of Local Moran’s I highlights pronounced spatial heterogeneity in
PE, with contiguous clusters in some regions and fragmented patterns in others. These
results complement the large-scale structures revealed by the EOF analysis and provide
a finer-resolution view of local spatial organization within the national PE field. The
contiguous high-autocorrelation patches in eastern and southeastern China likely reflect
spatially coherent hydroclimatic forcing under the East Asian monsoon regime, whereas
the fragmented and outlier-rich patterns in northern and high-elevation regions may
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indicate stronger topographic gradients and localized controls (e.g., station exposure and
terrain-modulated winds/radiation) that weaken spatial coherence.

Figure 9. Spatial Distribution of Local Moran’s I for PE Values.

To provide a quantitative check of the EOF interpretation, we constructed two station-
derived process proxies from daily observations: an East China JJA monsoon precipita-
tion proxy (EASM_proxy) and a Tibetan Plateau MAM–JJA mean air temperature proxy
(TP_heat_proxy). Pearson correlations (two-tailed) between the leading PCs and these
proxies are summarized in Table S5, and the corresponding scatter plots and standardized
time series are shown in Figure S3. PC1 shows a negative association with TP_heat_proxy
(r = −0.964, p = 4.85 × 10−10, N = 17), while correlations involving EASM_proxy are weaker
(e.g., PC1 vs. EASM_proxy: r = 0.376, p = 0.137, N = 17). Because Pearson correlations
can be affected by high-leverage years, we further conducted robustness checks using
Spearman correlation and by excluding the extreme year 2018; the association weakens
after excluding 2018 (r = −0.326, p = 0.217, N = 16), whereas the rank-based correlation
remains negative for the full period (ρ = −0.527, p = 0.0297, N = 17). Thus, the proxy-based
analysis is treated as supportive evidence for the proposed mechanisms rather than a
standalone proof (Table S5; Figure S3).

3.6. Zonal Characteristics of PE

Figure 10 summarizes the zonal distribution of PE across the seven climate re-
gions. Both monthly and annual statistics show clear differences among zones. The
Mid-Temperate Arid Zone (MTA) exhibits the highest PE values, followed by the Mid-
Temperate Semi-Humid Zone (MTSH). In contrast, the Northern Subtropical Humid Zone
(NSTH) and Marginal Tropical Humid Zone (MTHZ) show the lowest PE levels.

The boxplots reveal substantial within-zone variability, particularly in MTA and
MTSH, where wider interquartile ranges and more outliers indicate large spatial dispersion
of PE among stations. Zones such as NSTH and MTHZ display narrower distributions,
reflecting more spatially consistent PE conditions. The bar charts of mean PE (monthly
and annual) confirm the same ordering among climate zones, demonstrating that the zonal
differences are stable across temporal scales. The zonal comparison highlights pronounced
spatial heterogeneity in PE among China’s climate regions, with consistent ranking patterns
observed at both monthly and annual resolutions.
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Figure 10. Zonal analysis of PE across seven climate regions in China. (a) Monthly PE distributions
by climate zone (boxplot); (b) Yearly average PE values by climate zone (bar chart); (c) Yearly PE
distributions by climate zone (boxplot); (d) Monthly average PE values by climate zone (bar chart).

3.7. Performance Evaluation of Random Forest Model for Predicting PE

The performance of the RF model was evaluated using an independent test set gener-
ated by a station-level split stratified by climate zone to avoid information leakage across
months from the same station. Specifically, 70% of stations within each climate zone were
assigned to the training set and the remaining 30% to the test set (random_state = 42),
resulting in 528 training stations and 231 test stations (153,334 station-month samples in
total). Figure 11 compares observed and RF-predicted monthly PE for the independent
test set; predictions are generally distributed around the 1:1 line, indicating reasonable
agreement. Under this strict generalization setting, the RF model achieved R2 = 0.493 and
MSE = 3.159 (RMSE = 1.777) on the independent test set. We additionally trained RF models
for each climate zone to derive zonal rankings in the Supplementary Materials (Table S2).

 

Figure 11. Comparison between observed and RF-predicted monthly pan evaporation (PE) for the
independent test set generated by a station-level split stratified by climate zone. The 1:1 line is shown
for reference.
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To benchmark the added value of nonlinear modeling, we compared RF against
linear baselines using the same station-level split (Table 1). Multiple linear regression
achieved R2 = 0.429 (MSE = 3.559, RMSE = 1.886), and ridge regression yielded comparable
performance (best α = 100; R2 = 0.429, MSE = 3.559, RMSE = 1.887). The RF model
therefore improves test performance by ∆R2 = 0.064 and reduces MSE by approximately
11%, indicating that nonlinear relationships among meteorological drivers contribute
meaningfully to monthly PE variability.

Table 1. Test performance of RF and linear baseline models for monthly pan evaporation (PE) under
a station-level split stratified by climate zone.

Model R2 MSE RMSE

Random Forest 0.493 3.159 1.777
Linear Regression 0.429 3.559 1.886
Ridge Regression (alpha = 100.0) 0.429 3.559 1.887

3.8. Sensitivity to Within-Month Extremes Derived from Daily Observations

To further assess the robustness of the monthly modeling framework, we distinguish
between the national-scale evaluation using all available monthly samples and a sensitivity
experiment based on a stricter completeness subset. The performance reported above
(R2 = 0.493; MSE = 3.159) is obtained from the full monthly dataset using a station-level
split stratified by climate zone. In contrast, the extremes-sensitivity experiment below
is conducted on a reduced national subset of station-months for which within-month
extremes metrics can be reliably derived from daily observations (requiring at least 25 valid
daily records per month). This additional completeness constraint reduces sample size
and can slightly affect absolute skill. Nevertheless, the resulting test performance remains
comparable in magnitude, supporting that our conclusions are not driven by optimistic
evaluation or by a particular subset of the data.

To evaluate whether monthly aggregation masks extreme-driven controls on PE, we
conducted a sensitivity experiment using a national subset of station-months with at least
25 valid daily records (Table 2). Two within-month extremes metrics derived from daily ob-
servations were added to the baseline monthly predictors: the 95th percentile of daily wind
speed (WS95) and the 95th percentile of daily air temperature (T95). Model skill improved
slightly relative to the baseline model on the independent test set (Baseline: R2 = 0.494,
MSE = 3.158; Extended: R2 = 0.503, MSE = 3.097).

Table 2. Sensitivity of RF test performance to daily derived within-month extremes metrics (WS95
and T95) on the completeness subset (≥25 valid days per month).

Model R2 MSE RMSE

Baseline (monthly predictors) [subset n_days ≥ 25] 0.494 3.158 1.775
Extended (+WS95 +T95) [subset n_days ≥ 25] 0.503 3.097 1.759

Permutation importance indicates that the dominant predictors remain broadly con-
sistent between models (Figure 12). In the baseline model, RH and Tair are the top two
contributors, followed by SSD. In the extended model, RH and SSD remain dominant,
while the temperature effect is partly captured by T95, with a reduced importance of mean
temperature (Tair). WS95 provides additional but smaller contribution. These results sug-
gest that daily scale extremes provide incremental explanatory power but do not alter the
primary driver structure at monthly climate scales, supporting the suitability of the monthly
framework for the study objectives while transparently acknowledging its limitations.
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Figure 12. Permutation importance (mean ± SD) of predictors for (a) the baseline RF model using
monthly predictors and (b) the extended RF model including within-month extremes metrics (WS95
and T95), computed on the independent test set of the sensitivity subset (≥25 valid daily records
per month).

Urbanization information is not directly available in the station observation dataset.
To evaluate the potential confounding influence of urbanization, we conducted a sensitivity
analysis using nighttime lights (NTL) as an urbanization proxy. Annual NTL raster data
(https://doi.org/10.11888/HumanNat.tpdc.302930, accessed on 15 December 2025) were
used to extract an NTL index for each station as the buffer-mean value within a 10 km
radius around the station location. The NTL index was log-transformed to reduce skewness
and then merged with the monthly station dataset by station and year. The resulting subset
included 744 stations (149,806 station-months) with valid NTL coverage. We compared a
baseline RF model using meteorological predictors only (P, Tair, WS, RH, and SSD) with
an extended RF model including the NTL proxy. Both models were evaluated using a
station-wise independent split (30% of stations held out; random seed = 42), and variable
importance was quantified using permutation importance on the independent test set
(n_repeats = 30), reporting mean ± SD.

3.9. Climate-Zone RF Attribution and Model Performance

Climate-zone-specific RF models were evaluated using the same station-wise indepen-
dent test split within each zone (Table 3). Model skill varies across zones (R2 ≈ 0.18–0.58),
with the highest performance in MTSH (R2 = 0.577) and moderate performance in
MTSA/WTSH/NSTH/MTA (R2 ≈ 0.35–0.45). Lower skill in PTSA (R2 = 0.183) and MTHZ
(R2 = 0.186) reflects not only smaller effective station coverage but also stronger process het-
erogeneity that is difficult to represent using monthly predictors alone. In PTSA, complex
topography and sharp elevation gradients promote strong local circulations (e.g., valley–
mountain winds) and microclimatic contrasts, while cryospheric/frozen-ground processes
(snow cover, seasonal freezing–thawing and associated albedo–energy-balance effects) can
modulate evaporative demand in ways not fully captured by the available monthly vari-
ables. In MTHZ, tropical convection and monsoon-driven rainfall intermittency, together
with pronounced cloud/aerosol variability affecting radiative forcing and coastal land–
sea interactions (including cyclone-related disturbances), can generate large sub-monthly
variability and nonlinear responses, reducing monthly scale predictability. Importantly,
arid MTA does not exhibit systematically worse performance than more humid zones,
supporting the credibility of zonal attribution in dry regions. Because predictive skill
is lower in PTSA and MTHZ, the corresponding driver-importance rankings should be
interpreted as indicative rather than definitive, and we emphasize the reported importance
variability (mean ± SD) as an uncertainty cue.
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Table 3. Climate-zone-specific performance of the RF model for monthly PE under a station-wise
independent test split (70%/30% stations within each zone).

Climate_Zone Stations Station_Months R2 MSE RMSE

MTSH 79 16,020 0.577 2.267 1.506
MTSA 53 10,740 0.446 3.724 1.930
MTA 77 15,180 0.355 5.426 2.329
PTSA 84 16,872 0.183 2.899 1.703
NSTH 129 26,160 0.367 3.139 1.772
WTSH 270 54,790 0.423 2.250 1.500
MTHZ 67 13,572 0.186 2.762 1.662

Driver importance shows clear contrasts along the humidity gradient (Figure 13).
Across all zones, air temperature (Tair) is consistently the dominant predictor (normalized
importance ≈ 0.37–0.60). Relative humidity (RH) becomes comparatively more influential
in humid/sub-humid zones (e.g., NSTH and MTSH), indicating stronger humidity con-
straints on evaporative demand. Sunshine duration (SSD), representing radiative forcing,
contributes more strongly in MTA and MTHZ (both ≈ 0.36), highlighting region-dependent
radiation controls. Wind speed (WS) plays a secondary but non-negligible role, particularly
in PTSA and MTHZ. In contrast, precipitation (P) shows minimal direct importance in the
monthly framework, suggesting that its influence is largely mediated through humidity
and radiation-related conditions.

 

Figure 13. Climate-zone contrasts in RF permutation importance (row-normalized within each zone)
for monthly PE predictors (P, Tair, WS, RH, and SSD).

3.10. Urbanization Sensitivity Using Nighttime Lights

To assess whether excluding urbanization could bias the RF attribution, we conducted
a sensitivity experiment by adding an NTL-based urbanization proxy to the monthly
meteorological predictor set for the subset of stations with NTL coverage (744 stations;
149,806 station-months). Incorporating NTL slightly improves independent-test perfor-
mance relative to the meteorology-only model (Baseline: R2 = 0.4502, MSE = 3.0524,
RMSE = 1.7471; Extended: R2 = 0.4545, MSE = 3.0289, RMSE = 1.7404; Table S3). Per-
mutation importance indicates that the dominant drivers remain temperature, relative
humidity, and sunshine duration, while the NTL proxy contributes only a small additional
component (Figure S1). Overall, the results suggest that urbanization provides incremental
explanatory power but does not alter the primary driver structure identified at monthly
climate scales.
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3.11. Meteorological Context of the 2018 PE Increase

A pronounced increase in PE is observed in 2018 in the national annual series
(Figure 2b). To interpret this event, we quantified 2018 anomalies relative to the 2002–2017
baseline using station observations (Table S4; Figure S2). Nationally, PE shows a positive
anomaly of +0.877, coinciding with markedly warmer conditions (Tair: +3.388) and substan-
tially reduced precipitation (P: −59.404), indicating a warmer and drier background that
favors enhanced evaporative demand. Wind speed exhibits a modest positive anomaly (WS:
+0.120), whereas relative humidity changes are negligible at the national scale (RH: +0.004).
Sunshine duration anomalies display strong spatial heterogeneity across climate zones
(Figure S2), suggesting region-dependent radiative forcing during 2018. Overall, the 2018
PE surge is most coherently explained by the combined effects of anomalous warming
and widespread precipitation deficits, with additional regional modulation by wind and
radiation anomalies, consistent with the RF-identified dominant drivers. These local
anomalies motivate a broader discussion of the large-scale climate modes that may have
preconditioned the 2018 warm–dry background (Section 4.4).

4. Discussion
4.1. Spatiotemporal Trends of PE

Our trend analyses reveal a pronounced decline in PE across northern China, with the
strongest decreases concentrated in the Mid-Temperate Arid (MTA) and Plateau Temperate
Semi-Arid (PTSA) regions. This northward-drying/declining pattern is consistent with
previous reports of long-term PE decreases in inland northern China (e.g., Li et al. [19];
Fu et al. [10]). In our RF attribution, the decline is most coherently interpreted through
changes in key aerodynamic–thermodynamic controls, particularly wind speed and
temperature–humidity conditions, together with radiation variability represented by sun-
shine duration. Notably, the RF attribution identifies wind speed as a dominant driver
in the arid and semi-arid zones that largely occupy northern China (MTA/MTSA/PTSA;
Tables 3 and S2). This aligns with the reported decline (‘stilling’) of near-surface winds
across northern China in recent decades, which weakens aerodynamic forcing and can
therefore contribute directly to the observed PE decrease. Such wind changes may reflect a
combination of large-scale circulation variability (e.g., changes in the mid-latitude west-
erlies/East Asian jet and monsoon–westerly contrasts) and regional surface influences,
consistent with the circulation-regime interpretation implied by our EOF patterns and
local Moran’s I diagnostics. The southern and coastal regions show stronger interannual
variability, consistent with earlier studies emphasizing the roles of radiation and wind in
modulating PE variability in humid basins such as the Yangtze River Basin [4].

Beyond the meteorological controls quantified here, land-surface changes and hu-
man activities may modulate PE indirectly by altering near-surface wind fields, surface
roughness, and radiative conditions. For example, land-use changes (afforestation, irri-
gation expansion, and water management) have been linked to changes in evaporative
demand and its drivers [11]. However, our sensitivity tests (within-month extremes; NTL
proxy) indicate that the dominant driver structure inferred from monthly meteorological
predictors remains robust, while acknowledging that some long-term signals embedded in
wind and temperature may partially reflect land-surface and urbanization influences. In
addition, the spatial modes identified by EOF and local Moran’s I imply that PE variability
is organized by circulation-regime contrasts between monsoon-influenced eastern China
and westerly/plateau-influenced western China. Such circulation shifts can systematically
modulate the RF-dominant controls—especially RH and SSD via cloudiness/moisture
transport and WS via pressure-gradient forcing and terrain–flow interactions—thereby
producing coherent regional structures rather than isolated station signals.
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4.2. Climate Zone Specific Variability

The zonal analysis highlights the importance of regional climate regimes in shaping
PE patterns. Higher PE values in the Mid-Temperate Arid (MTA) and Mid-Temperate
Semi-Humid (MTSH) zones are consistent with the findings of Liu et al. [53], who reported
strong control of radiation and wind speed on evaporation in these regions. In contrast, the
Northern Subtropical Humid (NSTH) and Marginal Tropical Humid (MTHZ) zones exhibit
lower PE due to persistent high humidity and frequent cloud cover, which reduces sunshine
duration (SSD) and suppresses evaporative demand. This is quantitatively supported by
the zonal RF importance ranking, where wind speed consistently appears among the top
predictors in MTA/MTSA/PTSA (Tables 3 and S2).

The zonal RF models further demonstrate that the relative importance of drivers
varies systematically along the humidity gradient. In arid and semi-arid regions
(e.g., MTA/MTSA/PTSA), PE variability is more strongly conditioned by aerodynamic
forcing and threshold-like responses involving wind speed and radiation–humidity interac-
tions, whereas in humid zones (e.g., NSTH/MTHZ) PE is more consistently constrained by
humidity and reduced available radiation (lower SSD under frequent cloud cover). These
findings support the notion that nonlinear interactions among meteorological drivers are
especially important in water-limited climates [9] and help explain the observed contrasts
in PE levels and variability among climate zones.

4.3. Climatic Interpretation of EOF Modes and Local Spatial Autocorrelation

The spatial diagnostics (EOF and Local Moran’s I) indicate that PE variability across
China is organized into coherent regional structures, rather than arising solely from site-
specific noise. The leading EOF modes explain a large fraction of the variance (EOF1:
46.0%; EOF2: 20.1%), suggesting that a small number of large-scale processes governs the
dominant spatiotemporal variability.

A key feature is the northeast–west/Tibetan Plateau dipole described in the EOF
patterns, which points to contrasts between the monsoon-influenced eastern/northeastern
regions and the westerly- and topography-controlled western interior and Plateau. Mecha-
nistically, variability in East Asian monsoon moisture transport and cloudiness can alter
regional humidity (RH) and radiative availability (SSD) over northeastern/eastern China,
whereas changes in the mid-latitude westerlies and the East Asian jet—together with
Tibetan Plateau thermal–dynamic effects—can modulate near-surface wind speed (WS)
and radiation conditions over western China and the Plateau. These circulation-linked
pathways directly target the same dominant controls identified by the RF attribution
(Tair/RH/SSD and WS), providing a physical basis for the observed opposite-phase spatial
structure. The proxy-based quantitative check (Table S5; Figure S3) provides supportive
evidence for this interpretation. Notably, PC1 shows a negative association with the Plateau
thermal proxy, although the Pearson correlation is influenced by the extreme year 2018.
Therefore, we use this result as supplementary support and keep the mechanistic discussion
primarily grounded in the spatial patterns and physical consistency rather than a single
correlation metric.

The Local Moran’s I results further support the climatic significance of these patterns
by showing spatial clustering of PE signals, implying that neighboring stations often share
similar PE behavior within contiguous climatic–topographic settings. More spatial coher-
ence is expected where stations are jointly influenced by a common circulation regime and
have relatively homogeneous surface–atmosphere coupling, whereas fragmented patterns
and outliers can occur in regions with strong terrain gradients and locally modulated
winds/radiation. Together, the EOF modes and local spatial autocorrelation suggest that

https://doi.org/10.3390/atmos17010073

https://doi.org/10.3390/atmos17010073


Atmosphere 2026, 17, 73 21 of 26

PE variability is shaped by the interaction between large-scale circulation regimes and
regional land–atmosphere processes, rather than being purely random in space.

4.4. Meteorological Context of the 2018 PE Increase

A pronounced increase in PE is observed in 2018 in the national annual series
(Figure 2b). To interpret this event, we quantified 2018 anomalies relative to the 2002–2017
baseline using station observations (Table S4; Figure S2). Nationally, PE shows a posi-
tive anomaly of +0.877, coinciding with markedly warmer conditions (Tair: +3.388) and
substantially reduced precipitation (P: −59.404), indicating a warmer and drier back-
ground that favors enhanced evaporative demand. Wind speed exhibits a modest positive
anomaly (WS: +0.120), whereas relative humidity changes are negligible at the national
scale (RH: +0.004). Sunshine duration anomalies display strong spatial heterogeneity across
climate zones (Figure S2), suggesting region-dependent radiative forcing during 2018. Over-
all, the 2018 PE surge is most coherently explained by the combined effects of anomalous
warming and widespread precipitation deficits, with additional regional modulation by
wind and radiation anomalies, consistent with the RF-identified dominant drivers.

From a large-scale perspective, the 2018 anomaly occurred against a backdrop of
prominent ocean–atmosphere variability. The year followed a weak La Niña in boreal
winter 2017/18 and transitioned toward ENSO-neutral conditions, with indications of
El Niño development later in 2018. In addition, the Indian Ocean Dipole (IOD) became
above-average during late 2018. These modes can modulate East Asian circulation and
moisture transport—via changes in monsoon–westerly contrasts, jet positioning, and
regional pressure-gradient forcing—thereby providing a physically plausible pathway
to the widespread precipitation deficits and anomalous warming reflected in our station-
based anomalies (Table S4; Figure S2). We emphasize that this provides climatic context
rather than a formal attribution; quantifying the linkage between PE variability (and the
leading EOF modes) and standard climate indices is a valuable direction for future work.

4.5. Random Forest Model Performance

The RF model shows moderate predictive skill for monthly PE under a strict station-
level independent test stratified by climate zone (R2 = 0.493; MSE = 3.159; RMSE = 1.777).
This level of skill is consistent with previous evidence that machine-learning approaches
can outperform traditional regression methods for evaporation-related prediction tasks
(e.g., Yaseen et al. [54]). Importantly, RF also outperforms linear baselines evaluated under
the same splitting protocol (multiple linear regression: R2 = 0.429, RMSE = 1.886; ridge
regression: R2 = 0.429, RMSE = 1.887), indicating that nonlinear relationships among
meteorological drivers contribute meaningfully to monthly PE variability. While the model
captures a substantial fraction of the observed variability, discrepancies at high PE values
suggest challenges in representing extremes or threshold behavior using monthly predictors
alone—a limitation also noted by Wang et al. [55]. These deviations may reflect nonlinear
or threshold-driven processes that require additional environmental inputs (e.g., radiation
components beyond sunshine duration, aerosol/cloud effects, land-surface conditions,
or urbanization proxies) or more advanced learning architectures to further improve
robustness under extreme conditions. This limitation is further examined through our
sensitivity experiment incorporating within-month extremes (WS95 and T95), which yields
modest skill gains while preserving the dominant driver structure (Section 3.8).

Urbanization may influence PE indirectly by modifying local near-surface meteoro-
logical conditions, including reduced wind speed due to increased roughness and altered
station exposure, and increased air temperature due to the urban heat island effect. Because
our primary RF attribution is based on observed meteorological predictors, part of the
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long-term variability in wind speed and temperature may embed urbanization-related
signals. The NTL sensitivity analysis provides an explicit quantitative check on this po-
tential confounding influence and indicates that, while urbanization contributes modest
incremental information, the dominant attribution results (temperature, humidity, and
sunshine duration as leading drivers) remain robust within the evaluated subset.

4.6. Limitations and Future Directions

Although this study integrates trend detection, multi-scale decomposition, spatial
statistics, and machine-learning attribution, several limitations should be noted. First,
pan evaporation (PE) reflects atmospheric evaporative demand measured by a standard-
ized pan and does not fully represent actual evapotranspiration or land-surface water
constraints. Future work should integrate additional land-surface and ecohydrological
variables (e.g., soil moisture, vegetation indices, land surface temperature, and actual evap-
otranspiration products) to better link PE variability with surface energy–water balance
processes and to improve physical interpretability across heterogeneous landscapes.

Second, disentangling urbanization effects remains challenging because a consistent
urban–rural classification and station-matched urbanization indicators are not available for
all sites. Nevertheless, we conducted an NTL-based sensitivity analysis for the subset of
stations with valid nighttime-lights coverage, which indicates that urbanization proxies
provide modest incremental explanatory information while the dominant meteorological
driver structure remains robust. This is consistent with evidence that urban stations may
exhibit altered evaporative conditions due to urban heat island effects and modified surface
energy balance (e.g., Fan et al. [15]). Future work will refine anthropogenic attribution by
combining multiple urbanization datasets (e.g., impervious surface fraction, population
density, and urban–rural classification) and by explicitly testing their interactions with
wind, humidity, and radiation-related controls.

Third, our primary analyses use monthly aggregation to emphasize interannual–
decadal variability and to ensure temporal completeness across the national station net-
work. Monthly aggregation, however, can damp short-duration extremes and may under-
represent nonlinear daily responses of PE to heatwaves or strong wind events. To partially
address this, we performed a sensitivity experiment using within-month extremes metrics
derived from daily observations (WS95 and T95) for a completeness subset, showing mod-
est skill gains without altering the dominant driver structure. Future work will extend daily
resolution analyses to better characterize sub-seasonal variability, compound extremes, and
event-based drivers of anomalous years.

Finally, our spatial diagnostics are based on station observations rather than a con-
tinuous gridded field; uneven station density may influence the apparent spatial detail
of EOF modes and local spatial autocorrelation patterns. Future work could combine sta-
tion records with spatially continuous gridded products (e.g., reanalysis or satellite-based
datasets) to improve spatial representativeness and to support more explicit circulation-
and land-surface-based interpretations of the observed spatial structures. Extending the
analysis beyond 2018 and integrating future climate projections would also allow a more
comprehensive assessment of evaporation dynamics under changing climate conditions.

5. Conclusions
This study provides a comprehensive assessment of the spatiotemporal variability

of pan evaporation (PE) across China from 2002 to 2018 by integrating trend analysis,
multi-scale decomposition, spatial statistics, and machine learning methods. The results
reveal pronounced regional heterogeneity: northern temperate arid and semi-arid regions
experienced a persistent decline in PE, while southern and coastal regions exhibited stronger
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interannual variability and stable seasonal cycles. These contrasting patterns highlight the
differing regional responses of evaporative demand to ongoing climatic shifts.

Zonal comparisons further demonstrate that PE varies systematically across China’s
seven climate regions. Higher PE levels occur in mid-temperate arid and semi-humid
zones, whereas subtropical and tropical humid zones exhibit lower values. These consistent
spatial differences underscore the critical role of regional climate regimes in modulating
evaporation patterns.

The Random Forest model captured a substantial fraction of monthly PE variabil-
ity under a strict station-level independent test stratified by climate zone (R2 = 0.493,
RMSE = 1.777), and consistently outperformed linear baselines (R2 ≈ 0.429), supporting its
suitability for nonlinear attribution and prediction of PE across diverse climatic environments.

Several limitations should be noted. PE alone cannot fully represent actual evapo-
transpiration, and additional variables—such as soil moisture, vegetation indices, and
land-surface characteristics—should be incorporated in future research. Urbanization
effects were not explicitly considered and warrant further investigation, especially given
their growing influence on local evaporation dynamics.

This study enhances understanding of how PE responds to climatic and regional
controls in China and provides a framework for improving evaporation prediction. The
findings can support water resource management, agricultural planning, and climate
adaptation strategies tailored to region-specific environmental and hydrological conditions.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/atmos17010073/s1, Figure S1: Permutation importance (mean ± SD)
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