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Abstract

Accurate comparison of water-surface evaporation observations from different devices is
essential for integrating long-term hydrological records. This study analyzed two years
of synchronous daily observations from five co-located evaporation devices in Duyun,
Guizhou, China: D20, E601, and three evaporation ponds with surface areas of 1, 5, and
20 m2 (P1, P5, and P20). Evaporation differences, conversion coefficients, correlations, and
statistical variability were evaluated at annual, seasonal, monthly, and daily scales. The
main findings were as follows: (1) among the three similarly constructed ponds, annual
evaporation decreased from 946 mm for P1 to 896 mm for P5 and 874 mm for P20, whereas
the annual totals measured by D20 and E601 were 842 and 861 mm, respectively; (2) the
relationship among the three ponds varied within the year, reversing in July and August
and becoming non-monotonic in May and June; (3) pairwise correlations were generally
strongest in summer and weakest in winter, indicating pronounced seasonal variation in
inter-device relationships; and (4) because D20 was installed above ground whereas E601
and the three ponds were buried, differences among all five devices reflected combined
scale- and design-related effects, while comparisons among the three ponds primarily
represented surface-area-related effects. These findings provide a site-specific basis for
harmonizing evaporation records and improving their application in hydrological and
water-balance studies.

Keywords: water surface evaporation; monitoring devices; scale effect; intra-annual dynamics

1. Introduction
Evaporation from open water surfaces is a fundamental process in the exchange of

water and energy between the Earth’s surface and the atmosphere and plays an important
role in the terrestrial hydrological cycle and climate system [1,2]. Accurate measurement
of water-surface evaporation is essential for water-resource management, agricultural
production, and ecosystem sustainability [3–5] and provides important information for
hydrological modeling and climate-change research [6–9].

Several approaches are currently used to observe or estimate evaporation. Standard
evaporation pans directly measure water loss from standardized containers and remain
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among the earliest and most widely used instruments in meteorological and hydrologi-
cal observation networks [10,11]. Field-based methods, including eddy covariance and
soil-moisture monitoring techniques such as time-domain reflectometry, estimate surface
water losses from energy fluxes or changes in soil-water storage [12,13]. Remote-sensing
approaches use satellite- or unmanned-aerial-vehicle-based observations, together with
energy-balance models or vegetation indices, to estimate evaporation or evapotranspiration
at regional scales [14–17]. Despite rapid advances in these techniques, standard evaporation
pans remain indispensable because of their operational simplicity, relatively low cost, ease
of maintenance, and ability to provide continuous long-term records [18,19].

A persistent challenge in pan evaporation observations is the diversity of instruments
adopted by different countries and regions. In the United States, the Class A evaporation
pan, with a diameter of 1.21 m and a depth of 0.25 m, is widely used in meteorological and
agricultural observations [20]. In Australia, the Sunken Pan is embedded in the ground to
reduce excessive sidewall heating and better approximate the thermal conditions of natural
water bodies, particularly in arid environments [21]. In parts of Europe, the smaller Symons
pan, with a diameter of approximately 0.2 m, facilitates spatially distributed observations
but is relatively sensitive to variations in wind and radiation [22]. In China, two standard
instruments—the D20 and E601 pans—have been extensively operated by meteorological
and hydrological agencies [23,24]. The D20 pan has a diameter of 20 cm and is installed
70 cm above the ground, whereas the E601 pan has a diameter of approximately 1.2 m
and is buried below ground. Owing to its larger water volume, greater thermal storage
capacity, and buried installation, the E601 pan is less sensitive to short-term meteorological
fluctuations and is generally considered more representative of natural water-surface
evaporation [25]. The coexistence of devices with markedly different dimensions and
installation configurations has therefore prompted extensive research on their observational
differences and conversion relationships [26–29].

Previous studies have mainly examined conversion coefficients, meteorological con-
trols, and practical applications involving one or two types of evaporation devices. Sabzi-
parvar et al. [18] used Class A pan observations to derive coefficients applicable under
different climatic conditions. Shen et al. [24] developed a PenPan-D20-based framework to
attribute changes in pan evaporation to multiple meteorological drivers. Qian et al. [26]
applied machine-learning models to predict and convert pan evaporation records from
multiple stations in southern China. Li et al. [27] investigated the transition from D20 to
E601 pans in the Yangtze River Basin and reported conversion coefficients ranging from
0.55 to 0.80. Li et al. [28] identified seasonal variations in the conversion coefficient between
D20 and E601B pans and found net radiation to be an important influencing factor. These
studies have improved the continuity, correction, and application of evaporation records
obtained using different instruments.

Nevertheless, important gaps remain. Most previous studies have compared only one
or two devices, particularly D20 and E601, and therefore cannot determine how evaporation
varies across a broader range of surface areas. In addition, many conversion relationships
have been derived from data collected at different locations or during non-overlapping
periods, making it difficult to separate device effects from spatial and temporal variations in
meteorological conditions. Differences among devices also cannot be attributed to surface
area alone because pan size commonly varies together with water depth, geometry, installa-
tion height, thermal storage, and exposure to the surrounding ground and atmosphere. The
observed discrepancies therefore reflect combined scale- and design-related effects [29,30].
Moreover, annual or seasonal conversion coefficients may conceal monthly changes caused
by seasonal variations in radiation, air temperature, humidity, and wind speed [31]. These
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limitations highlight the need for synchronous, co-located observations involving multiple
devices with a wide range of sizes and structural configurations.

To address these gaps, we established a co-located monitoring experiment at a standard
meteorological station in the karst region of Guizhou, China. This region is characterized
by thin soils, high permeability, and rapid subsurface drainage, where surface evaporation
plays a particularly critical role in the regional water balance and local water resource
management. Five evaporation devices were operated simultaneously over a two-year
period: two nationally used standard pans, D20 and E601, and three evaporation ponds
with depths of 3 m and surface areas of 1, 5, and 20 m2, hereafter referred to as P1, P5,
and P20, respectively. Because the three ponds share the same water depth, material,
and installation configuration, their comparison primarily reflects differences associated
with water-surface area. In contrast, comparisons involving D20 and E601 represent the
combined effects of size, geometry, water depth, and installation design, corresponding to
the practical challenge of integrating observations from different monitoring systems. Using
these synchronous observations, this study quantified evaporation differences among the
five devices at daily, monthly, seasonal, and annual scales and evaluated their conversion
coefficients, pairwise correlations, and statistical variability. The originality of this study
lies in the co-located and synchronous comparison of five devices spanning a wide range
of water-surface areas, the distinction between surface-area-related differences among
the three similarly constructed ponds and the combined scale- and design-related effects
involving the standard pans, and the identification of intra-annual variations that may be
obscured by annual aggregation. The findings provide a site-specific basis for harmonizing
evaporation records and improving their application in hydrological modeling, reservoir
water-balance assessment, and water-resource management.

2. Data and Methods
2.1. Evaporation Facilities Setting and Regional Overview
2.1.1. Evaporation Monitoring Equipment Layout

This study selects the E601 evaporation pan as the reference instrument, along with
four other evaporation monitoring devices: a small pan D20 and three other evaporation
pond with water depth of 3 m and surface area of 1 m2, 5 m2, and 20 m2 (denoted as P1, P5
and P20) to monitor daily evaporation data. The specifications of these devices are provided
in Table 1. The evaporation pans are deployed at a standard meteorological monitoring
site, with their essential characteristics and installation details shown in Figure 1. The
E601, and the three evaporation ponds are installed below ground level, surrounded by
grass cover, and the water-holding material is plastic. The installation of the D20 pan at a
height of 70 cm above ground complies with the national standard Ground Meteorological
Observation Specification [32]. In contrast, the E601, P1, P5, and P20 pans are installed
using a buried method to better simulate the conditions of natural water bodies [33]. The
differences in installation methods, depths, etc. belong to the “design effect”, which are
confounding factors that cannot be completely excluded in this study, but their influences
will be fully considered. No specific permits were required for this study, as the field site
is a designated meteorological observation station operated by Bureau of Hydrology and
Water Resources of Qiannan Autonomous Prefecture of Guizhou Province, and all data
collection was conducted under their institutional research framework.
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Table 1. Specifications of different evaporation equipment.

Monitor Devices Diameter (m) Area (m2) Installation Method Water Depth (cm) Material

E601 0.618 0.3 Embedding method 60 Plastic
D20 0.2 0.0314 Suspension type 20 Plastic
P1 1.128 1 Embedding method 300 Plastic
P5 2.523 5 Embedding method 300 Plastic

P20 5.046 20 Embedding method 300 Plastic

  
(a) D20 (b) E601 (c) P1 

(d) P5 (e) P20 

Figure 1. Illustration of five evaporation detection devices.

2.1.2. Overview of Test Area

The study area is situated in Duyun City, located in the central-southern part of
Guizhou Province, as shown in Figure 2. This region lies on the sloping transition zone
between the Yunnan-Guizhou Plateau and the Guangxi Hills, characterized by a terrain that
is higher in the north and lower in the south. The climate is diverse, with notable regional
and vertical variations, reflecting the typical climate characteristics and variation patterns
of plateau mountainous areas [34]. Affected by the East Asian monsoon region, the study
area receives abundant heat, with an average annual precipitation of 1300 mm. The rainy
season, from April to September, accounts for over 75% of the total annual precipitation [35].
The region experiences significant seasonal temperature fluctuations, exhibiting the typical
high-altitude weather characteristics with large diurnal temperature differences [36].

The region offers several distinctive advantages. (1) Climatic representativeness.
The region exhibits a pronounced seasonal alternation between hot, humid summers
and cool, relatively dry winters, providing an ideal natural setting for investigating the
seasonal dynamics of evaporation scale effects. (2) Karst hydrological significance. The
area is characterized by typical karst terrain, with thin soils, high permeability, and rapid
subsurface drainage. In such environments, surface evaporation plays a particularly critical
role in the regional water balance and local water resource management. (3) Operational
feasibility. The site hosts a national meteorological and hydrological station equipped with
standard E601 and D20 evaporation pans, enabling co-located multi-device monitoring
without introducing spatial heterogeneity in environmental conditions. Collectively, these
factors make this region uniquely suitable for this research.
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Figure 2. Study area diagram (Base map layer was sourced from National Platform for Common
GeoSpatial Information Services (https://www.tianditu.gov.cn/) and modified for scientific presentation).

2.2. Data Acquisition and Processing
2.2.1. Measurement Protocol and Quality Control

Daily evaporation was measured once per day at 8:00 AM local time using a standard
hook gauge with a reading accuracy of ±0.1 mm. This measurement represents the total
water loss accumulated over the preceding 24 h period (since the previous day’s reading at
the same time). The 8:00 AM observation time was chosen to avoid the thermally unstable
periods around midday and sunset, thereby ensuring consistent and comparable daily
readings following the standard protocols for pan evaporation observations. To maintain
consistent conditions, water levels in all pans were replenished daily to their designated
marks after reading. Rainfall events were recorded. If precipitation occurred between
readings, the corresponding daily data were discarded to eliminate the direct input effect.
A rigorous leakage check was performed weekly for all buried pans. Any data points with
suspected leakage or overflow were flagged and excluded from the final analysis, resulting
in a valid dataset of over 95% coverage for each device.

2.2.2. Time Scale Aggregation

The research data were obtained by collecting two years of daily evaporation data
from five evaporation monitoring devices: D20, E601, P1, P5, and P20. These data were
statistically analyzed at annual, seasonal, monthly, and daily scales. Based on this analysis,
the E601 evaporation data were used as the reference to examine the correlation and
consistency among the different evaporation devices. The seasons were defined as follows:
spring from March to May, summer from June to August, fall from September to November,
and winter from December to February.
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2.2.3. Statistical Analysis Method

The statistics used in this study are mean, maximum, minimum, extreme value, and
standard deviation. The formulas are given below.

X =
1
n

n

∑
i=1

Xi (1)

Xmax = max(X1, X2, . . . , Xn) (2)

Xmin = min(X1, X2, . . . , Xn) (3)

σ =

√√√√ 1
n

n

∑
i=1

(Xi − X)
2

(4)

In these equations, σ represents the standard deviation, X is the mean, and Xi is the
i-th data value. The mean is the arithmetic average of all data values, the maximum value
is the largest value in the dataset, the minimum value is the smallest value, and the range
(extremes) is the difference between the maximum and minimum values in the dataset.
The standard deviation measures the degree of deviation of the data from the mean [37].

2.2.4. Reduction Coefficient

The conversion coefficient can usually be calculated by the following formula:

K =
EE601

Ei
(5)

where K is the conversion coefficient, Ei is the evaporation monitored in device i, and EE601

refers to the reference evaporation observed by E601 [38].

2.2.5. Correlation Coefficient

In the equation, Xo,i represents the observed value, Xm,i denotes the corresponding
model-predicted value, Xo,i is the mean of the observed values, and Xm,i is the mean of the
predicted values. The Pearson correlation coefficient is widely used to quantify the degree
of linear association between two variables, with values ranging from −1 to 1 [39].

r =
∑n

i=1 (Xo,i − Xo)(Xm,i − Xm)√
∑n

i=1 (Xo,i − Xo)
2
√

∑n
i=1 (Xm,i − Xm)

2
(6)

Monthly correlation coefficients were calculated using daily observations within each
calendar month, pooled across the two years (typically 56–62 daily data pairs per month:
2 years × 28–31 days). No overlapping windows were used; each month was treated as an
independent window. We emphasize that these monthly patterns describe intra-annual
variability observed within the two-year study period and should not be interpreted as
long-term temporal trends.

2.2.6. Paired t-Test

A paired t-test was applied to the mean values of the variability indicators (CV, IQR,
STD) to assess whether systematic differences in dispersion existed between the devices.
The commonly used formulas are as follows:

(1) Hypothesis Testing

Null Hypothesis H0: There is no significant difference between the means of the two
paired samples, i.e., µd = 0.
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https://doi.org/10.3390/w18131611


Water 2026, 18, 1611 7 of 28

Alternative Hypothesis H1: There is a significant difference between the means of the
two paired samples, i.e., µd ̸= 0.

(2) Calculation of the Mean and Standard Deviation of the Differences

For each data pair, calculate the difference, and then compute the mean and standard
deviation of these differences. The formulas are as follows:

di = X1i − X2i (7)

d =
1
n∑n

i=1 di (8)

sd =

√
1

n − 1∑n
i=1 (di − d)

2
(9)

Here, di represents the difference for each data pair, X1i and X2i are the two paired
samples, d is the mean of the differences, and sd is the standard deviation of the differences.

(3) t-statistic

The t-statistic is used to test whether there is a significant difference between the
means of the two paired samples. The formula is as follows:

t =
d

sd/
√

n
(10)

In the formula, n represents the number of paired samples.
The degrees of freedom are given by df = n − 1. The calculated t-value is then used

to look up the corresponding p-value in the t-distribution table based on the degrees of
freedom. This p-value is compared with the significance level to determine whether to
reject the null hypothesis. Specifically, if the p-value is less than the significance level, the
null hypothesis is rejected, indicating that there is a significant difference between the
means of the two paired samples [40].

2.2.7. Correlation Coefficient Trend Analysis

(1) Estimation of the Trend Slope for z′

Fisher’s z transformation: Given a correlation coefficient r, the corresponding z value
is calculated as:

z′ = 0.5 ln(
1 + r
1 − r

) (11)

Trend slope: To assess the temporal evolution of the correlation coefficient, a linear
regression is applied to the z values over time. The regression model is expressed as:

z′(t) = β0 + β1t+ ∈ (12)

where β1 denotes the trend slope, representing the rate of change in the Fisher-transformed
correlation (z) per unit time. This parameter quantifies the long-term tendency of the
correlation coefficient in the transformed z domain.

(2) Calculation of the p-Value

The p-value is derived from the regression model using the t statistic, which evaluates
whether the estimated slope differs significantly from zero. The t statistic is given by:

t =
β1

SE(β1)
(13)
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where SE(β1) is the standard error of the slope estimate. The corresponding p-value can
then be obtained from the t distribution table [41]. For the paired t-test, the significance
level was set at α = 0.05. The normality of the difference distributions was assessed using
the Shapiro–Wilk test. When the normality assumption was violated (p < 0.05), the non-
parametric Wilcoxon signed-rank test was applied as a confirmatory analysis. To address
the multiple comparison problem arising from 10 device pairs (5 devices × 4 seasons ×
3 variability indicators = 120 tests), the Benjamini–Hochberg false discovery rate (FDR)
correction was applied at q = 0.05.

The physical interpretation of pan evaporation in this study is grounded in the combi-
nation equation originally proposed by Penman (1948) [42], which partitioned evaporation
into radiative and aerodynamic components. The subsequent Penman–Monteith formu-
lation [43] further extended this framework by incorporating surface resistance terms,
forming the theoretical basis for the energy-balance interpretation adopted in our discus-
sion of seasonal scale-effect reversals.

3. Results
3.1. Multi-Scale Comparison of Evaporation
3.1.1. Annual Evaporation

The annual total evaporation amounts observed for five typical devices are shown in
Figure 3. The results indicate that the evaporation amounts from the three evaporation
ponds are higher than those of the national standard devices, E601 and D20. A comparison
of the evaporation amounts from the three evaporation ponds reveals that evaporation
decreases as the surface area of the evaporation pond increases, with values of 946 mm,
896 mm, and 874 mm for the P1, P5, and P20 evaporation ponds, respectively. The annual
evaporation for E601 is slightly higher than for D20, with corresponding values of 861 mm
and 842 mm.

Figure 3. Annual total evaporation (mm) measured by the five devices (D20, E601, P1, P5, and
P20). The error bars represent the inter-annual standard deviation calculated from the two-year
study period.

Using E601, the most widely used device in China, as a reference, the conversion
coefficients (K) for D20, P1, P5, and P20 are 1.02, 0.91, 0.96, and 0.99, respectively. This
indicates that the annual total evaporation amounts for E601, D20, and P20 are similar,
with deviations less than 2%. However, the relative deviation in the evaporation amount
between E601 and the 1 m2 evaporation pond reaches nearly 10%.

https://doi.org/10.3390/w18131611

https://doi.org/10.3390/w18131611


Water 2026, 18, 1611 9 of 28

To assess inter-annual stability, Figure 4 presents the annual evaporation for each
device in the two years separately. The ranking of the devices remained consistent between
years: P1 exhibited the highest evaporation (950 mm in both years), followed by E601,
D20, P5, and P20. Among the three ponds, the monotonic decrease in evaporation with
increasing surface area (P1 > P5 > P20) was stable across both years. In contrast, D20 and
E601 showed greater inter-annual variability, suggesting that their elevated or shallow con-
figurations may be more sensitive to meteorological fluctuations. Despite these differences,
the overall pattern was consistent between the two years, supporting the robustness of our
main findings.

Figure 4. Annual total evaporation (mm) for each device in (a) (2022-2023) and (b) (2023-2024).

3.1.2. Seasonal Evaporation

A comparison of the total water surface evaporation amounts measured by the five
evaporation monitoring devices in different seasons is shown in Figure 5. The results
indicate that the differences in evaporation amounts between the facilities exhibit distinct
seasonal characteristics. In spring, the evaporation amounts of D20, E601, and P1 are
relatively close, with deviations within 1%, while the evaporation amounts of P5 and P20
are significantly lower. In summer, the evaporation measurements of the five devices are
generally consistent, with D20 and P20 showing slightly higher evaporation amounts than
the other three devices. In fall and winter, the evaporation amounts follow a similar pattern
to the annual totals, with the order being P1 > P5 > P20 > E601 > D20. It can be seen that,
although the evaporation amounts are relatively high in spring and summer, the differences
in annual total evaporation are mainly determined by the variations in fall and winter, as
the coefficients of variation in are 0.07 and 0.14, respectively, while considerably smaller in
spring and summer (0.04 and 0.01).

https://doi.org/10.3390/w18131611
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Figure 5. Seasonal total evaporation (mm) measured by the five devices. Error bars represent the
standard deviation (SD) of the monthly values within each season.

Further analysis reveals that during the summer, the largest evaporation amounts
are observed in the large-area evaporation pond P20 and the manually observed D20. In
fall and winter, however, evaporation decreases significantly with the increasing size of
the evaporation ponds. Notably, in winter, the evaporation amount for P1 exceeds that
of E601 by at least 20%, while the observations for the large-area evaporation pond P20
are nearly identical to those of E601. This reflects significant differences in the water–
thermal mechanisms, aerodynamic conditions, and other factors between these evaporation
facilities across different seasons, which will be discussed further in the following sections.

3.1.3. Monthly Evaporation

(1) Coefficient of variance among devices

A further analysis of the monthly evaporation differences among the five evaporation
devices reveals distinct periodic patterns. The differences among these devices are much
smaller from April to September compared to the other six months, with average coefficients
of variation (CV) of 0.037 and 0.12, respectively—more than three times larger in the latter
period. December exhibits the largest differences, with a standard deviation of 19.13 and a
CV of 0.17. The next highest differences are observed in November, January, and February,
with CV values exceeding 0.1. In contrast, the CV for evaporation differences among
devices is 0.03 in April, June, July, and August.

(2) Monthly quantitative relationship

Further analysis of the evaporation amount differences among the devices reveals
three primary patterns, described as follows.

As shown in Figure 6, the monthly evaporation amounts from the three evaporation
ponds exhibit clear seasonal differences, divided into three phases. The most prominent
phase occurs from September to April of the following year, during which evaporation
decreases with increasing surface area, i.e., P1 > P5 > P20. The second typical phase occurs
in July and August, showing the opposite trend. The third phase, spanning May and June,
shows that the medium-sized pond (P5) displays the lowest evaporation, with P20 being
second lowest and P1 being the highest.

https://doi.org/10.3390/w18131611
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Figure 6. Total evaporation (mm) measured by the five devices. Error bars represent the standard
deviation (SD) of the monthly values within each season.

The two small evaporation devices, E601 and D20, exhibit similar characteristics to
the three evaporation ponds, also following a three-phase pattern. The main phase occurs
from September to February of the following year, where E601’s evaporation is higher
than that of D20. The second phase, from March to May, shows that D20 and E601 have
similar evaporation amounts, with the conversion coefficients (K) ranging from 1.00 to 1.03
(Table 2). The third phase, from June to August, shows that the evaporation from E601 is
slightly higher than that of D20.

When comparing the measurements of the evaporation ponds and small evaporation
devices together, four distinct patterns are observed. Pattern 1, observed from October
to December, shows the characteristics of a higher evaporation in the three ponds while
lower in the small evaporation devices, and the evaporation substantially decreases with
surface area of the three ponds. Pattern 2, observed in July and August, shows the evap-
oration increase with the expansion of the surface area. Pattern 3 happens during April
to June, shows a larger evaporation in D20 and E601, and P5 exhibits the least evapora-
tion (P1 > P20 > P5). Pattern 4 occurs in January, February, March, and September and
represents a mixed pattern. During these months, P1 consistently records the highest
evaporation among the five devices, while the evaporation from E601 and P5 are similar to
each other, and D20 and P20 also show similar values—the latter being noteworthy given
their substantial difference in surface area.

Table 2. Conversion coefficients (K, mean ± SD) among five evaporation monitoring devices at
different time scales, with E601 as the reference. The K values for each period were calculated from
daily paired observations. STD and CV refer to the variability of the daily evaporation measurements
themselves across devices.

Scale Sub Scale E601 (mm)
K (-) STD CV

E601/D20 E601/P1 E601/P5 E601/P20 (mm) (-)

Annual Annual 861.1 1.02 ± 0.05 0.91 ± 0.04 0.96 ± 0.05 0.99 ± 0.04 39.72 0.04

Seasonal

Spring 188.4 1.01 ± 0.04 1.00 ± 0.05 1.07 ± 0.06 1.09 ± 0.05 7.35 0.04

Summer 301.9 0.99 ± 0.03 0.98 ± 0.03 0.98 ± 0.04 0.96 ± 0.03 4.27 0.01

Fall 241.35 1.03 ± 0.07 0.86 ± 0.06 0.90 ± 0.07 0.94 ± 0.06 19.26 0.07

Winter 132.3 1.09 ± 0.09 0.77 ± 0.08 0.92 ± 0.10 1.01 ± 0.08 19.49 0.14
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Table 2. Cont.

Scale Sub Scale E601 (mm)
K (-) STD CV

E601/D20 E601/P1 E601/P5 E601/P20 (mm) (-)

Monthly

Jan 91.1 1.17 ± 0.11 0.83 ± 0.07 0.98 ± 0.09 1.07 ± 0.08 11.97 0.13

Feb 78.2 1.06 ± 0.10 0.83 ± 0.06 0.99 ± 0.07 1.11 ± 0.09 9.31 0.12

Mar 108.8 1.00 ± 0.05 0.96 ± 0.05 0.99 ± 0.04 1.12 ± 0.06 6.14 0.06

Apr 137.4 1.00 ± 0.04 1.00 ± 0.04 1.04 ± 0.05 1.07 ± 0.05 4.11 0.03

May 130.6 1.03 ± 0.06 1.04 ± 0.06 1.19 ± 0.08 1.09 ± 0.06 8.14 0.06

Jun 145.8 0.99 ± 0.04 1.05 ± 0.05 1.09 ± 0.06 1.06 ± 0.05 5.68 0.04

Jul 228.7 0.98 ± 0.03 0.97 ± 0.04 0.95 ± 0.04 0.93 ± 0.04 6.42 0.03

Aug 221.9 1.00 ± 0.04 0.96 ± 0.04 0.96 ± 0.04 0.94 ± 0.04 6.26 0.03

Sep 192.9 1.02 ± 0.05 0.95 ± 0.05 0.97 ± 0.05 1.01 ± 0.05 6.07 0.03

Oct 176.6 1.01 ± 0.08 0.82 ± 0.07 0.86 ± 0.08 0.89 ± 0.07 17.43 0.09

Nov 114.1 1.07 ± 0.10 0.78 ± 0.09 0.84 ± 0.09 0.92 ± 0.08 15.75 0.13

Dec 95.1 1.05 ± 0.12 0.69 ± 0.10 0.82 ± 0.11 0.89 ± 0.09 19.13 0.17

Notes: The standard deviations of the conversion coefficients, calculated from daily K value distributions, are
shown as “±” values in Table 2. The corresponding 95% confidence intervals are provided in Supplementary
Table S1.

3.2. Variability of Monitoring Results
3.2.1. The Overall Difference

A paired t-test is conducted to analyze the overall difference of the three fluctuation
indices for the observation data between any two devices; the results are shown in Table 3.
It can be observed that the volatility indices (CV, IQR, STD) of E601 are significantly higher
than that of D20, and the T statistics for the CV, IQR, and STD indicators all exceed the
highly significant level of 0.01. The three fluctuation indices for D20 also exhibit values
lower than P5, with results reaching the significant level of 0.01. Additionally, its IQR
and STD are significantly lower than those of P1, although the CV did not reach the 0.05
significance level.

Table 3. Results of paired test for three indicators.

Indicator Device
Tstat H p-Value

D20 P1 P5 P20 D20 P1 P5 P20 D20 P1 P5 P20

CV

E601 5.23 ** 3.88 ** 0.48 0.31 1 1 0 0 0.0003 0.0026 0.64 0.77

D20 - −0.24 −3.92
** −1.63 - 0 1 0 - 0.82 0.0024 0.13

P1 - - −3.70
** −1.64 - - 1 0 - - 0.0035 0.13

P5 - - - 0.11 - - - 0 - - - 0.92

IQR

E601 6.61 ** 0.42 0.00 1.10 1 0 0 0 0.00 0.68 1.00 0.29

D20 - −2.45
* −2.63 * −1.77 - 1 1 0 - 0.03 0.02 0.10

P1 - - −0.74 0.78 - - 0 0 - - 0.48 0.45
P5 - - - 1.33 - - - 0 - - - 0.21

STD

E601 7.19 ** 0.79 −0.19 1.05 1 0 0 0 0.000018 0.45 0.85 0.32

D20 - −3.89
**

−4.60
** −2.32 * - 1 1 1 - 0.0025 0.0008 0.04

P1 - - −3.09 * 0.94 - - 1 0 - - 0.01 0.37
P5 - - - 2.09 - - - 0 - - - 0.06

Notes: Significance level: α = 0.05. Statistical significance was assessed using two-tailed paired t-tests (df = 11
for all comparisons). * indicates significance at p < 0.05 after Benjamini–Hochberg FDR correction (q = 0.05);
** indicates significance at p < 0.01 after FDR correction. T-statistics are shown; negative t-values indicate that the
first device in the pair has lower variability than the second. H = 1 indicates rejection of the null hypothesis at
q = 0.05 after FDR correction.
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Comparisons between the three evaporation ponds show that the volatility indices of
P1 are lower than that of P5, with paired test statistics for all three indicators being negative.
Both the CV and STD reach significant levels, while the t-statistic for the IQR is −0.76.
Meanwhile, the volatility indices of P5 are higher than that of P20, with positive t-statistics
for all indicators, but none of them reached the 0.05 significance level. The closest is STD,
with a t-statistic of 2.09, just below the critical value of 2.10. Thus, based on the statistical
differences among the three evaporation ponds, it can be concluded that P5 exhibited the
highest average volatility indices, indicating that the daily evaporation at P5 showed the
greatest degree of dispersion among the three evaporation pans, followed by P20, while P1
displayed the lowest volatility.

A comprehensive analysis of the variability in the monitoring results of the five devices
reveals that E601 has the highest volatility indices, with its statistics being positive relative
to all other devices. D20 exhibits the lowest volatility, with its statistics negative relative to
all other device observations. The middle range is as follows: P5 > P1 > P20. Accordingly,
the overall volatility level followed the order: E601 > P5 > P1 > P20 > D20, based on
pairwise tests of the mean values of each volatility metric.

Prior to performing the paired t-tests, the normality of difference distributions was
examined using the Shapiro–Wilk test. For the majority of device pairs (78 out of 120, or
65%), the normality assumption was satisfied (p > 0.05). For the remaining pairs where nor-
mality was violated, Wilcoxon signed-rank tests confirmed the same significance patterns
as the paired t-tests, indicating that the t-test results are robust to minor deviations from
normality. The results reported in Table 3 are based on paired t-tests with FDR-corrected
significance levels

3.2.2. Dynamic Differences of Variability

(1) Seasonal characteristics

The variations of three data based on three indicators of IQR, STD, and CV throughout
the year are depicted in Figures 7 and 8. It is evident that all three variables exhibit a
distinct annual periodicity, but there are clear differences among them. Both IQR and STD
show an M-shaped double-period pattern, with the first period spanning from February to
September, and the second period extending from September to February of the following
year. In contrast, CV displays a V-shaped single-period pattern (from February to January),
with a notable abnormal spike in May, followed by a steady decline until reaching the
minimum in September, after which it gradually increases again.

(2) Differences between variables

The variability indicators of evaporation obtained from different monitoring devices
exhibit significant variations across different seasons. Among them, three indicators show
consistency between the two small-scale evaporation monitoring devices, with the higher
value in E601 than those of D20, as shown in Figure 6.

For the three evaporation ponds of different sizes, the coefficient of variation (CV) of
evaporation data in different months exhibits two distinct patterns. From September to Jan-
uary, the coefficient of variation increases with the water surface area. From March to July,
P5 shows the highest variation, followed by P1, with P20 exhibiting the smallest variation.
February and August serve as transition months, with the variation characteristics falling
between the two patterns. As for IQR and STD, no obvious regularity is observed in the
differences among the three evaporation ponds, indicating significant randomness.
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Figure 7. Monthly variability of E601 (black) and D20 (blue) over two years, shown as (a) Evaporation,
(b) STD, (c) CV, and (d) IQR.

Figure 8. Monthly variability of P1 (black), P5 (blue), and P20 (yellow) shown as (a) Evaporation,
(b) STD, (c) CV, and (d) IQR.

3.3. Correlation Analysis
3.3.1. Comparison Among Monitoring Devices

(1) Seasonal evaporation
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The correlation coefficients of evaporation data observed by any two facilities in
different seasons are analyzed and visualized in a heatmap, as shown in Figure 9. The
results reveal significant differences in the correlation based on large and small evaporation
devices, which also exhibit strong seasonal variations. The linear correlation between
the small-area evaporation device D20 and E601 is particularly strong, with maximum
correlation observed in all four seasons. For medium and large evaporation devices, such
as P1, P5, and P20, strong linear correlations are also evident, and the correlation improves
as the evaporation pond area increases. When analyzing pairs of different-sized devices,
the correlation coefficient significantly decreases, and the larger the area difference, the
greater the reduction in correlation. Regarding seasonal characteristics, the correlations
are generally highest in summer, followed by fall and spring, with the lowest in winter.
In summer, the correlation coefficient ranges from a minimum of 0.829 (D20 vs. P20) to
a maximum of 0.948, whereas in winter, it drops to a minimum of 0.693 and peaks at
only 0.885.

Figure 9. Correlation heatmaps (Pearson’s r) between device pairs for (a) Spring, (b) Summer,
(c) Autumn, (d) Winter. Values in cells = r. As indicated in the figure legend (lower left), correlations
with r ≥ 0.7 are significant at p < 0.05, and correlations with r ≥ 0.9 are significant at p < 0.01.
Spearman’s rank correlations were also computed and yielded consistent results (see Supplementary
Table S2). Values in parentheses indicate the 95% bootstrap confidence intervals (1000 resamples).

(2) Monthly evaporation

Further analysis of the daily evaporation amounts observed by any two devices for
each month, as shown in Figure 10, reveals overall patterns consistent with the seasonal
analysis, while also highlighting two distinct differences. On one hand, the correlation
between measurements from different evaporation devices fluctuates more significantly on
a monthly scale, with a broader range of variation. For instance, the correlation between
D20 and the three evaporation ponds is as low as 0.58, notably lower than the seasonal
correlation of 0.693. On the other hand, the maximum correlation coefficient between P20
and P5 monitoring data can reach as high as 0.986. Although the overall correlations among
all device pairs are highest during summer and autumn, there is a notable exception: in
August, September, and November, the correlations between the two small pans (E601,
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D20) and the three large ponds (P1, P5, P20) decrease substantially, dropping from values
above 0.8 to a range between 0.6 and 0.8.

Figure 10. Monthly correlation heatmaps (Pearson’s r) for all 5 device pairs (Jan–Dec). Each r based
on daily data. Color scale: blue (r = 0.6) to red (r = 1.0). Spearman’s rank correlations were also
computed and yielded consistent results (see Supplementary Table S3). Values in parentheses indicate
the 95% bootstrap confidence intervals (1000 resamples).
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3.3.2. Monthly Correlation Dynamics

The monthly patterns of correlation coefficients between different evaporation facilities
are analyzed, as shown in Figure 10. It is evident that the evaporation data exhibit different
seasonal characteristics between small-scale evaporation devices, evaporation ponds, and
between small-scale devices and ponds, as described below. These patterns reflect intra-
annual variability observed during the two-year study period.

(1) Between E601 and D20

The correlation coefficients of the observation data from the small evaporation devices
E601 and D20 exhibit a distinct periodic pattern, with consistently high values from Febru-
ary to October, and a significant decrease from November to January, as shown in Table 4.
The average correlation coefficients for these two periods are 0.922 and 0.82, respectively,
with the former being 11.1% higher than the latter.

Table 4. Time mode of R between different evaporation monitoring systems.

Monitoring System Period Mean
High R Low R High R Low R

E601 vs. D20 Feb–Oct Nov–Jan 0.922 0.82
E601 vs. P1 Feb–Jul Aug–Jan 0.93 0.83
E601 vs. P5 Feb–Jul Aug–Jan 0.90 0.75
D20 vs. P1 Feb–Jul and Oct Aug–Jan except Oct 0.90 0.75
D20 vs. P5 Feb–Jul and Oct Aug–Jan except Oct 0.88 0.69

(2) Among evaporation ponds

The correlation coefficients among the observation values of the three evaporation
ponds with different surface areas are shown in Figure 11h–j. The monthly correlation
patterns do not exhibit a distinct seasonal periodicity for the pond-to-pond comparisons;
rather, they show a gradual increase from January to December (Figure 11h–j), reflecting
a within-year pattern rather than a long-term trend. The minimum value is generally
observed in February, while the maximum occurs in November. We performed linear
regression on the correlation coefficient series after Fisher’s z-transformation, and the
results are presented in Table 5. The estimated slopes of z′ were 0.034, 0.076, and 0.068 for
P1–P5, P1–P20, and P5–P20, respectively, with corresponding p-values of 0.189, 0.018, and
0.064. These results indicate that the correlations between P1 and P20, as well as between
P5 and P20, exhibited a statistically significant increasing trend over time.

Table 5. Linear trend for temporal patterns of R among different evaporation monitoring systems.

Monitoring System Slope of z′ p-Value

P1 vs. P5 0.034 0.189
P1 vs. P20 0.076 0.018
P5 vs. P20 0.068 0.064

E601 vs. P20 0.010 0.671
D20 vs. P20 0.015 0.463
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Figure 11. Annual pattern of correlation coefficient between evaporation data of each two devices.

(3) Between small-scale evaporation devices and evaporation ponds

The correlation coefficients of monthly monitoring data between the two small-scale
evaporation devices and the three evaporation ponds are shown in Figure 11b–g. The
results show that the correlation between E601, D20, and the evaporation ponds P1 and P5
shows clear seasonal variation, while the correlation with P20 exhibits a gradual increasing
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trend. However, this periodicity differs from the correlation between the two small-scale
devices, E601 and D20. E601 shows consistently high correlation from February to June,
followed by a relatively low correlation from July to January. D20 follows a similar pattern,
with an exception in November, where the correlation is notably high. In terms of trend,
the rate of increase between E601 and P20 is relatively low; whereas for D20 and P20, the
rate of increase rises to 0.015, with a p-value of 0.463. It is important to note that the corre-
lation coefficients for both devices are relatively low in August and September, reflecting
significant differences in the thermodynamic properties between the evaporation facilities.

To examine whether geometric similarity affects the synchrony of evaporation among
different devices, the surface-area difference index Da =

∣∣ln(Ai/Aj
)
| and the correspond-

ing daily correlation coefficients (r) were calculated for all device pairs (Table 6).

Table 6. Pairwise relationships between geometric similarity and daily evaporation correlation for
different evaporation devices.

Device Pair Da r

E601–D20 2.253 0.94031
E601–P1 1.204 0.9125
E601–P5 2.813 0.89354
E601–P20 4.605 0.8319
D20–P1 3.46 0.88588
D20–P5 5.07 0.88202

D20–P20 6.456 0.84354
P1–P5 1.609 0.95392

P1–P20 2.996 0.88869
P5–P20 1.386 0.91462

The results show that pairwise correlations generally decrease with increasing Da.
Among the three evaporation ponds with identical structural configuration (P1, P5, and
P20), correlation coefficients decrease from 0.95392 (P1–P5) to 0.91462 (P5–P20) and 0.88869
(P1–P20), indicating a clear dependence of evaporation synchrony on surface-area similarity
under controlled design conditions.

4. Discussion
4.1. Physical Mechanisms of Evaporation Difference at Multi-Scale

The study reveals that the annual evaporation pattern (P1 > P5 > P20) is consistent
with the well-recognized scale effect [44,45], while the seasonal reversals are less frequently
reported. However, the mechanistic interpretation below is constrained by the lack of
direct measurements of water temperature and near-surface wind profiles. The following
discussion therefore distinguishes between observed patterns and inferences based on
physical principles.

For the three evaporation ponds with different surface areas, the monthly evaporation
rates exhibit significant differences during the cold season (September to April), transition
season (May to June), and hot season (July to August). The key characteristic of the cold
season is that evaporation decreases as the surface area increases. A plausible explanation
is that smaller evaporation ponds, with their larger specific surface areas, may receive
more heat from the ground during the night, which would tend to sustain evaporation [46].
In the dry hot season, this trend reverses. On one hand, the water absorbs more solar
radiation than the vegetated turf, and the intense radiation and higher air temperature may
cause the surface water temperature to be significantly higher than the ground temperature.
This would make larger devices, with their larger surface area and thermal inertia, more
likely to accumulate heat during day and night, thus potentially maintaining higher water
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temperatures [47]. On the other hand, it is reasonable to infer that the resistance of the
evaporation pond’s sidewalls to wind speed decreases with increasing water surface
area, which would further enhance evaporation [48,49]. During the transition season, the
observed evaporation pattern (P1 > P20 > P5) may result from the distinct and differently
weighted influences of wind speed and ground temperature on the three evaporation
devices. P1 has the highest evaporation rate and the lowest surface wind speed, which
may indicate that heat exchange in this period is primarily driven by ground temperature.
Further analysis shows that P20 receives the lowest heat supply from the ground, and its
evaporation rate exceeds that of P5, suggesting that the impact of wind speed is significantly
stronger during this period. In contrast, P5 may exhibit weaker combined effects of ground
temperature and wind speed during the night, due to the nonlinear effects of the sidewalls
on wind speed [50]. Both small-scale evaporation devices also exhibit similar seasonal
reversal characteristics. Previous studies have shown that the conversion coefficient range
of small-scale evaporation pans, such as D20 and E601, on an annual scale is between
0.55 and 0.80, emphasizing that radiation or air temperature is the main driving force of
evaporation from small-scale pans [51]. In this study, the conversion coefficient range
between the small-scale evaporation devices is between 0.85 and 1.05, which is higher
than the values reported in previous studies. In addition, the study suggests that besides
radiation, air temperature, and wind speed, factors such as thermal inertia, sidewall effects,
installation position, and material also significantly affect the evaporation rate of small-scale
evaporation pans.

The evaporation dynamics of the P20 exhibit partial similarity to natural lakes dis-
cussed in Han and Guo [44], particularly regarding thermal inertia. However, its limited
fetch likely restricts the full development of advective processes and boundary-layer effects
characteristic of larger water bodies, as noted in studies like Workie et al. [52]. This distinc-
tion highlights the scale-dependent transition from pan-to lake-like evaporation physics.

A comparison between the small-scale evaporation pans and the three evaporation
ponds reveals two key aspects for further discussion. First, from April to June, the evapora-
tion rate of the small-scale evaporation pans, E601 and D20, is higher than that of the three
evaporation ponds. This suggests that during this period, E601 may experience stronger
ground temperature heat supply, while D20’s higher evaporation rate is primarily due to
more intense atmospheric heat exchange, likely because of its metal material with higher
thermal conductivity [53]. Second, in some months of the cold season, the observation
values of the small-scale evaporation pans are nearly identical to those of certain evap-
oration ponds, such as D20 with P20 and E601 with P5. However, the reasons for these
similarities may differ. The similarity between D20 and P20 may be partly attributable to
stronger heat exchange from air temperature for D20, while P20’s evaporation appears to
be more strongly influenced by wind speed. For E601 and P5, the similarity could arise
because of greater potential ground temperature heat supply for E601, while P5 receives
less ground heat supply, but its evaporation rate may be enhanced by wind speed. The
interpretation of observed evaporation differences, such as those during April–June and
the cold season, therefore requires integrating the scale effect with the design effect arising
from installation methods.

4.2. The Differences of Correlation Among the Data

This study, through a multi-time-scale systematic analysis, explores the dynamic
differentiation characteristics of the linear correlation between the observed values of
evaporation devices at different scales and their potential dominant physical mechanisms.

(1) Differences Between Devices
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The study shows that the correlation between data from different evaporation facilities
varies significantly, with the correlation being better when the shape and area differences
between devices are smaller. The overall correlation coefficients between the three evapora-
tion ponds and between E601 and D20 are high (average 0.90), with P1 and P5 showing the
highest overall correlation (average 0.92). The correlation between E601 and the evapora-
tion ponds is better, significantly higher than that between D20 and the ponds. It should be
noted that inter-device correlation tends to increase with geometric similarity, suggesting a
dependence of evaporation synchrony on surface-area consistency [54]. This appears to be
associated with the combined influence of water–thermal processes, wind speed driving
factors, and other variables that collectively determine evaporation dynamics [55–57]. The
heat conduction equation indicates that the transfer of heat from high to low-temperature
objects is a nonlinear process [58], and the impact of near-ground sidewalls on wind speed
is also understood to be nonlinear [59]. Therefore, when there are significant structural and
size differences between evaporation facilities, the observed values may not strictly follow
a linearly scaled relationship, but rather tend toward a nonlinear one; conversely, when the
differences are minimal, the relationship can be approximated as linear.

(2) Seasonal Characteristics

The study reveals that the linear strength of the evaporation relationship is not only
significantly constrained by the device scale (area) but also exhibits strong seasonal and
time-scale dependence. During the summer, correlation coefficients for all device combina-
tions peak, typically exceeding 0.85. This suggests that under high temperature and strong
solar radiation conditions, the dominant driving forces governing evaporation become
more consistent across differently scaled devices [60], which would leading to a more
uniform evaporation process and a stronger linear relationship among measurements. The
high consistency observed across all devices during summer can be understood within a
broader context. Under energy-sufficient conditions characterized by high temperature and
solar radiation, the primary drivers of evaporation converge, leading to a homogenization
of the process across different scales [61]. This dominant energy forcing overwhelms the
distinctive effects of pan size and design, which likely results in the strong linear correla-
tions observed. In spring and fall, the correlation is somewhat lower, with r values mostly
ranging from 0.75 to 0.95, which may reflect slight disturbances in the consistency of the
evaporation process due to increased meteorological variability in transitional seasons. In
winter (December to February), a significant decline in correlation is observed, especially
for large devices (20 m2), where the correlation with other devices drops dramatically.
For example, the correlation between the 20 m2 device and D20 drops from 0.842 in fall
to 0.693 in winter, a decrease of 17.7%. This decline may be closely related to the tran-
sition of the dominant heat source from solar radiation to soil heat flux during the cold
season [62], amplified differences in thermodynamic responses between devices, and the
enhanced nonlinearity in latent heat distribution processes [63], which would lead to severe
differentiation in evaporation dynamics across device scales.

Further analysis of the monthly daily evaporation correlations shows that for small-
scale evaporation pans, the correlation is high from February to October and low from
November to February. For the three evaporation ponds, the correlation increases with
fluctuations from January to December. The correlation between small-scale evaporation
pans and evaporation ponds P1 and P5 is high from February to July and in October, with
lower correlations in the other months. The correlation between P20 and both E601 and
D20 decreases, and its seasonal characteristics are not as pronounced. A possible reason is
that, during the radiation-dominated warm season, medium to large water bodies, sharing
similar heat accumulation and release mechanisms [64], exhibit synchronized evaporation
processes, while smaller devices, which respond more quickly and are more susceptible
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to instantaneous meteorological disturbances, show some degree of divergence in their
dynamics [65–67].

4.3. Variability Levels and Driving Factors

(1) Driving factors identification

The results indicate that the data variability of the five evaporation monitoring devices
is highest for E601 and lowest for D20, with both showing statistical significance. The
three evaporation ponds fall in between, with the order being P5 > P1 > P20. For the
three evaporation ponds, the patterns suggest that, in the water-heat processes associated
with land and water evaporation, the dominant factors for P1 and P20 are relatively
simple, namely temperature and wind speed, respectively. In contrast, P5 exhibits more
complex seasonal characteristics in the dominant factors of both processes, leading to
higher variability. D20, due to its significantly higher sidewalls and smaller surface area,
experiences minimal impact from air movement [68], and its evaporation is primarily
determined by heat balance, resulting in the lowest variability. E601, which appears to be
affected by a combination of solar radiation, ground temperature, and wind speed, shows
higher variability in its monitoring results, with significance at the 0.01 level. This may be
partly attributable to E601’s shallower water depth [69], which is considerably lower than
the 3 m depth of the evaporation ponds, potentially making it more responsive to radiative
forcing [70]. Its water surface, which is higher than the surrounding environment, may
experience higher wind speeds, as wind speed increases nonlinearly with height near the
ground [71].

(2) Season patterns

In this study, all three statistical indicators exhibit clear annual periodicity. IQR and
STD, as measures of the absolute fluctuation amplitude of daily evaporation, show a
typical bimodal structure (M-shape) in their annual variation, with peaks occurring in
spring (March to May) and fall (September to November), and troughs in summer (July
to August) and deep winter (January). These phenomena are likely due to the significant
fluctuations in meteorological elements (radiation, temperature, humidity, wind speed)
during the transitional seasons of spring and fall [72]. In spring, increased radiation
is accompanied by frequent cold air activities, and the significant diurnal and interdaily
meteorological variations in karst regions [73] may enhance evaporation fluctuations. In fall,
while radiation decreases, wind speed increases, and cold fronts cause abrupt temperature
changes. These factors may intensify the absolute fluctuations in daily evaporation. During
summer, high temperatures and intense radiation dominate [55], which would lead to a
stable energy supply with minimal interdaily meteorological fluctuations. The thermal
inertia of larger evaporation ponds further buffers disturbances [74], thus reducing absolute
fluctuations to their lowest level for the year. In deep winter, with the weakest radiation and
stable low temperatures [75], the meteorological conditions are uniform, likely resulting in
small absolute fluctuations.

The relative fluctuation indicator (CV) exhibits an annual periodicity opposite to that of
IQR and STD, showing a W-shaped pattern. During the warm season, CV reaches its lowest
point, while in the cold season, it forms two peaks, in early winter (November to December)
and late winter (February), with a notable anomalous spike in May. This phenomenon can
be explained by the fact that the average daily evaporation is at its highest level during
the warm season. Although there is some fluctuation in daily evaporation, the high mean
significantly dampens relative fluctuations, resulting in the lowest CV for the year. The
smallest absolute fluctuations in summer further reinforce the low CV value. In the cold
season (early winter, November to December, and late winter, February), the average daily
evaporation decreases significantly, but when combined with higher absolute fluctuations,
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CV reaches its annual peak. In May, which marks the transition from spring to summer,
average daily evaporation begins to rise significantly, but meteorological conditions may
still be unstable, leading to a temporary increase in the daily evaporation fluctuations
relative to the mean. This aligns with the observed increase in the inter-facility differences
(e.g., CV = 0.06 in May) and the potential transitional changes in correlations. The observed
differences in variability levels, as quantified by the variability indicators, may be attributed
to the differential sensitivity of each device to governing physical processes.

4.4. Study Limitations and Extrapolability

The findings of this study are based on observations from the specific karst moun-
tainous environment of Guizhou Province. While the fundamental physical mechanisms
driving seasonal scale-effect reversals—such as the shifting dominance of ground tempera-
ture versus radiative and aerodynamic factors—are likely applicable to other seasonally
variable climates, the specific manifestations (e.g., timing and intensity of reversals) may
differ under distinct regional conditions. Comparative analysis with studies from arid,
coastal, plain, and cold regions [76–80] suggests that our quantitative results are most
representative of humid subtropical montane areas with marked seasonality and a key
limitation is the relatively short observation period of two years, which limits the general-
ization of our findings to long-term climate trends. Extension of this monitoring program
is ongoing. In addition, a recognized limitation is the lack of direct water temperature and
turbulence measurements, which would strengthen the mechanistic interpretation of heat
storage and advection effects in larger ponds. Furthermore, the lack of heat flux measure-
ments precludes a full energy balance assessment, and our empirical conversion factors
await comparison with physically-based reference evapotranspiration methods, such as
the FAO-56 Penman-Monteith model [81] and the ASCE standardized equation [82], and
independent validation from other sites or periods. Despite these limitations, our findings
have direct implications for the regional water cycle in karst catchments like Guizhou: the
seasonal reversals imply that using a fixed annual conversion factor would misestimate
open-water evaporation losses during certain periods, which is particularly consequential
where evaporation dominates the water output. Refining evaporation estimates based on
our device-specific seasonal coefficients can therefore improve water-budget closure in
similar karst environments. In terms of practical applicability at the catchment level, the
conversion coefficients and seasonal patterns identified in this study can be used to harmo-
nize evaporation estimates from different monitoring devices within the study region. For
example, when historical or operational records are available from only one device type
(e.g., D20 or E601), our device-specific seasonal K values provide a basis for estimating the
evaporation that would have been measured by another device (e.g., P1 or P20). This is
particularly relevant for water-budget calculations in data-sparse karst catchments, where
evaporation often represents a major output flux, yet direct observations are limited to
standard pans rather than site-representative water bodies. Local water management
agencies can therefore apply these coefficients to improve the consistency of evaporation
inputs in hydrological models and reservoir operation schedules. A better analysis of the
regularity and universality of water surface evaporation needs to be further analyzed by
the physical mechanism model, and we will continue to carry out in the follow-up work.

5. Conclusions
This study, through co-located monitoring of five evaporation devices (D20, E601, P1,

P5, and P20) over a two-year period in a karst region of China, systematically examines
the seasonal dynamics of inter-device evaporation differences. Three main conclusions
are drawn.
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(1) A pure scale effect is evident among the three identically installed pans (P1, P5,
and P20). Annual evaporation decreases monotonically with increasing surface area
(946 → 896 → 874 mm). However, this monotonic relationship is not temporally sta-
ble: it dominates during the cold season (October–April), reverses during the warm
season (July–August), when larger pans exhibit comparable or even higher evapo-
ration than smaller ones, and shows a transitional, non-monotonic pattern during
May–June. These seasonal variations are consistent with shifts in the relative domi-
nance of ground heat flux, solar radiation, and wind-driven effects.

(2) Inter-device correlations are strongly dependent on both scale and season. Corre-
lations are highest between devices of similar geometry and surface area (r > 0.90
between E601 and D20; r > 0.92 among pans), and weakest between dissimilar devices,
particularly in winter (r < 0.70 for D20 vs. P20). Correlation coefficients peak in sum-
mer (all r > 0.85) and decrease markedly in winter, reflecting seasonal convergence
and divergence in dominant physical controls. This nonlinear behavior highlights the
limitation of applying a single annual conversion coefficient without accounting for
seasonal variability.

(3) Data variability is device-dependent and reflects differential sensitivity to environ-
mental forcing. The E601 pan exhibits the highest statistical dispersion, consistent
with its shallow water depth and greater sensitivity to radiation. In contrast, the D20
pan shows the lowest variability, attributed to its elevated installation that reduces
the influence of ground heat flux and wind. Among the three identical pans, P5 dis-
plays the most complex variability pattern, indicating transitional behavior between
thermally and aerodynamically dominated regimes.

The results effectively address the seasonal characteristics of scale effects in evapo-
ration observations and reveal that the nonlinear evolution of data correlations and data
variability reflect the sensitivity of the evaporation process. These findings can support the
correction of evaporation data, scale conversion in hydrological models, and optimization
of monitoring equipment.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/w18131611/s1. Table S1. 95% confidence intervals for the con-
version coefficients; Table S2. Spearman’s rank correlation coefficients (ρ) for all device pairs across
seasons, with 95% bootstrap confidence intervals (1000 resamples) shown in parentheses. Pearson r is
shown for reference; Table S3. Spearman’s rank correlation coefficients (ρ) for all device pairs across
months, with 95% bootstrap confidence intervals (1000 resamples) shown in parentheses. Pearson r is
shown for reference.
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