A DETAILED LIST OF RESPONSES
TO THE EDITOR

We greatly appreciate your careful reading of the manuscript, insightful comments, and
valuable suggestions. Your thoughtful review has enhanced our paper considerably.
The manuscript has been revised thoroughly according to your comments and those of
the individual reviewers, with our point-by-point responses detailed below.

(1) When preparing the response, the authors should be careful to address the reviewers
comments. | recommend to take particular care about the question regarding
uncertainty quantification of the drought indicators. This is of particular importance
given the fact that there is a low station density in western half of the dataset (especially
Qinghai-Tibetan Plateau and Xinjiang).

Response: Many thanks for your comments. Two reviewers both mentioned the
problem of quantification of uncertainty: one suggests making each index generate an
uncertainty graph, and the other suggests we discuss whether uncertainty is caused by
the sparseness of sites or by interpolation methods. We have responded to these two
reviewers in detail. Let’s summarize here: (1) We used standard deviation alone to
quantify the uncertainty of the drought index in different data sources (Figure S4). In
Figure S4, we found that the region with greatest uncertainty was mainly the
northwestern region, with its low density of meteorological stations. (2) The accuracy
of different interpolation methods was more consistent in regions with uniform
distribution and high density of meteorological stations. This has been demonstrated in
previous work by our team (Han et al., 2023) In areas with sparse stations, the ADW
method is slightly better than other methods due to its consideration of distance and
angular weighting (Han et al., 2023). Refer to Question 6 from Reviewer #1 and
Question 4 from Reviewer #2 for our specific responses, and for the selection of the

ADW method, refer to Question 2 from Reviewer #1.

(2) 1 also have a question about the comparison to CRU on a 0.5x0.5 degree grid. It

seems that the figures displaying this have some interpolation/ smoothing indicating a



higher resolution than stated in the manuscript, which should be either removed or
clearly explained.

Response: Many thanks for your comments. For visualization, we had used the python
method plot.contourf, which does have a smoothing and beautifying effect when

drawing, and we have now redrawn all the figures to show the original spatial resolution.

References:

Han, J., Miao, C., Gou, J., Zheng, H., Zhang, Q., and Guo, X.: A new daily gridded
precipitation dataset for the Chinese mainland based on gauge observations,
Earth Syst Sci Data, 15, https://doi.org/10.5194/essd-15-3147-2023, 2023.

For your convenience, to make the review of our revisions easier, we have marked all

responses and related revisions in light blue.



A DETAILED LIST OF RESPONSES
TO REVIEWER #1
We greatly appreciate your careful reading of the manuscript, insightful comments, and
valuable suggestions. Your thoughtful review has enhanced our paper considerably.
The manuscript has been revised thoroughly according to your comments, with our

point-by-point responses detailed below.

(1) Section 2.2: It is suggested to elaborate missing data handling, as it is one of the
tricky part of the observational data while considering several meteorological
parameters.

Response: Many thanks for your comments. The meteorological station data we used
was from the China Meteorological Administration (CMA; http://data.cma.cn/), from
1961 to 2022. These data have missing values at different time periods, and we did not
fill in the time series for the missing values, because any filling method will introduce
errors.

To avoid potential human errors in filling in missing data in the time series, we
exclusively perform spatial interpolation on the observational data, using only the
available data.

Here, we provide an example using temperature data. Only stations available each day
are used for interpolation, despite daily variation. In Fig. R1, red dots indicate stations
with increased data compared to the previous decade, showing a growing number of
stations available for spatial interpolation over time. In Section 2.2 (Lines 152-153) we

added the following: “For missing values, we did not fill in the time series, but used

only stations with available data for spatial interpolation each day.”
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Fig. R1. Spatial distribution of average temperature (Tmean) monitoring stations over
time. Black dots represent stations that existed in the previous time period, while red

dots indicate stations newly added compared to the earlier time frame.

(2) Why angular distance-weighted interpolation (ADW) is considered for the higher-
resolution gridding? Is it better than optimum interpolation method and state-of-the-art
objective analysis techniques? Considering variability of meteorological parameters
taken in this study, does ADW reasonable for all parameters?

Response: Many thanks for your comments. There are indeed many spatial
interpolation methods. Our team's previous work has proved that the ADW method is
the most suitable for precipitation interpolation (Han et al., 2023). The advantage of
ADW is that it takes into account both the distance and angular relationships between
stations, making it more robust in areas where data points are sparsely or irregularly
distributed. This dual weighting system allows for more accurate interpolation in
complex geographical settings, providing more reliable results for high-resolution
gridding. Second, to maintain the consistency of the interpolation method, we apply the
ADW method to all variables and consider the correlation decay distance (CDD) for

each variable. ADW with CDD provides a key benefit that other methods may not



emphasize as directly: the gradual reduction of correlation with increasing distance
between stations. By explicitly modeling the decay of correlation between station pairs
(e.g., as illustrated for all variables in Fig. R2-R7), CDD ensures that distant stations
contribute less to the interpolation, while nearby, highly correlated stations are given
more weight. This distance-weighting characteristic is critical in regions with uneven
station distributions, where ADW can mitigate the influence of distant stations that may
not reflect local conditions accurately. In Section 2.2 (Lines 148-152) we added the

following: “Before calculating the drought index, we interpolated the basic

meteorological variables (Tmax, Tmin, Tmean, Wind, Ssd, Rh; see Figure 2) and

considered the correlation decay distance (CDD) for each variable, and in the

interpolation process we adopted angular distance-weighted interpolation (ADW),
which considers angular weight in addition to the distance weight function, making it

more robust to outliers. ADW with CDD provides a key benefit that other methods may

not emphasize as directly: the gradual decrease of correlation with increasing distance

between stations.”

Compared to the optimal interpolation (OI) method, ADW offers a simpler
computational process suited for fast processing of large-scale data, making it ideal for
real-time applications. ADW is particularly effective in regions with complex terrain,
such as China, where it can handle spatial heterogeneity and provide smoother
transitions across varying geographic and climatic conditions. Studies show that ADW
more accurately captures spatial variations and reduces interpolation error in
meteorological data. For instance, Chen et al. (2024) generated a high-accuracy raster
dataset of China’s extreme temperature indices (1961-2020) using ADW, verifying its

strong applicability in China.
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Fig. R2. Estimation of correlation decay distance (CDD = 99) for daily mean
temperature (Tmean) series for all stations in the interpolated domain. Black points
show the distance—correlation pair for each station. The red line is the exponential curve
fitted to the data by ordinary least squares. The blue dashed line marks where

correlation equals 1/e.
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Fig. R3. Estimation of correlation decay distance (CDD = 136) for daily min
temperature (Tmin) series for all stations in the interpolated domain. Black points show
the distance—correlation pair for each station. The red line is the exponential curve fitted
to the data by ordinary least squares. The blue dashed line marks where correlation

equals 1/e.
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Fig. R4. Estimation of correlation decay distance (CDD = 272) for daily max
temperature (Tmax) series for all stations in the interpolated domain. Black points show
the distance—correlation pair for each station. The red line is the exponential curve fitted
to the data by ordinary least squares. The blue dashed line marks where correlation

equals 1/e.

o
(4]
1

Correlation coefficient

0.04

0 1000 2000 3000 4000 5000
Distance (km)



Fig. R5. Estimation of correlation decay distance (CDD~361) for daily wind speed
(Wind) series for all stations in the interpolated domain. Black points show the
distance—correlation pair for each station. The red line is the exponential curve fitted to
the data by ordinary least squares. The blue dashed line marks where correlation equals

1/e.
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Fig. R6. Estimation of correlation decay distance (CDD =~ 480) for daily sunshine
duration (Ssd) series for all stations in the interpolated domain. Black points show the
distance—correlation pair for each station. The red line is the exponential curve fitted to
the data by ordinary least squares. The blue dashed line marks where correlation equals

1/e.
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Fig. R7. Estimation of correlation decay distance (CDD = 420) for daily average
relative humidity (Rh) series for all stations in the interpolated domain. Black points
show the distance—correlation pair for each station. The red line is the exponential curve
fitted to the data by ordinary least squares. The blue dashed line marks where

correlation equals 1/e.

(3) Why authors have not considered multivariate drought indices including
precipitation and soil moisture? An example of such long-term global datasets can be
found at https://doi.org/10.1088/1748-9326/7/4/044037

Response: Many thanks for your comments. Considering that different drought indices
can characterize different types of drought, and that there are so many drought indices
to date, in this work we focus only on meteorological drought, which is a precursor to
other types of drought. Accurate analysis of meteorological droughts is essential for
predicting and understanding the development of other droughts, such as agricultural
and hydrological droughts. By first conducting in-depth research on meteorological

drought, we can lay the foundation for subsequent research on multiple drought types,



and improve the accuracy of overall drought monitoring and early warnings.
Considering a multivariate drought index could indeed allow more comprehensive
drought analysis; however, other data (such as soil moisture data) are difficult to obtain,
and there are shortcomings in data quality and spatiotemporal coverage. Therefore, we
plan to gradually introduce and integrate multiple-drought-type data in future studies to
achieve more comprehensive drought assessment.

Additionally, as noted in the work of Aghakouchak and Nakhjiri (2012), the
integration of GPCP and satellite data facilitates robust monitoring of past and near-
real-time meteorological drought conditions through SPI calculation; however, their
approach focuses solely on precipitation. Our study, on the other hand, calculates
multiple indices that require a broader range of meteorological variables. For example,
the calculation of potential evapotranspiration (PET), as used in the SPEI, requires
variables such as precipitation, temperature, sunshine duration, and wind speed.
Moreover, most satellite products lack key variables such as relative humidity and
sunshine duration, which is why we rely on high-quality interpolated meteorological

data for our drought index calculations.

(4) Yangtze River basin may be highlighted in any one figure for the convenience of
the global readers.

Response: Many thanks for your comments. CHM_Drought covers the entire country
from 1961 to 2022. For demonstration, in Section 4.1 of the paper, we take the summer
of 2022 in the Yangtze River Basin as an example to examine the monitoring
capabilities of each drought index. In the original, we used national data and did not
show the scope of the Yangtze River basin, so we revised the manuscript to include the
Yangtze River basin boundary to aid international readers. Among them, SPI, SPEI,
and EDDI have multi-scale characteristics, so we show SPI, SPEI, and EDDI at a three-
month scale (June, July, August; JJA) in Figure 3, while PDSI_China, SC-PDSI, and
VPD represent mean summer (JJA) values. In addition, since the drought in the Yangtze
River Basin this summer was prolonged, persisting into autumn, different time scales

of the drought index could be used to monitor the initial hot spot of the drought and the



drought conditions caused after a long accumulation time. Similarly, the boundary of
the Yangtze River Basin was also included in Figure 4. In Section 4.1 (Lines 285-287)

we added the following: “A severe drought occurred in the south of China in the

summer of 2022, mainly concentrated in the Yangtze River basin. To show the

performance of the CHM Drought dataset in monitoring drought, we use the summer

(June, July, August; JJA) of 2022 in the Yangtze River Basin as an example to examine

the monitoring capabilities of drought indices.”

(b) SPEI-3 (c) EDDI-3

30 -15 0.0
(d) PDSI_China

-30 -15 00 15 30 30 -15 00 15 3.0 000 375 7.50 11.25 15.00

Figure 3: Spatial distribution of summer (June, July, August; JJA) drought
characteristics in the Yangtze River Basin, China. Here, (a), (b), and (c) depict the three-
month scale spatial distribution of drought indices, while (d), (e), and (f) present the

average summer (JJA) values for these indices.



(a) SPI-2W (b) SPI-1 (c) SPI-3 (d) SPI-6

T oEEy @ CEE @y ey EEn ey
-3.0-1500 15 30 -3.0-1500 1.5 30 -3.0-1500 15 30 -3.0-15 00 1.5 3.0
(e) SPEI-2W (f) SPEI-1 (g) SPEI-3 (h) SPEI-6

-3.0-15 00 1.5 30 -30-1500 15 3.0 -3.0-15 0.0 1.5 3.0 -3.0-1.5 0.0 1.5 3.0
(i) EDDI-2W (1) EDDI-1 (k) EDDI-3 (1) EDDI-6

Figure 4. Spatial distribution of three drought indices (SPI, SPEI, and EDDI) in the
Yangtze River Basin, China, across multiple timescales (2-week, 1-month, 3-month,
and 6-month), using August 2022 as an example. (a—d) SP1-2W shows the 2-week scale
SPI, SPI-1 shows the 1-month scale SPI, SP1-3 shows the 3-month scale SPI, and SPI-
6 shows the 6-month scale SPI. The scales of SPEI and EDDI follow the same naming

pattern.

(5) How empirical constant of expression 8 was determined. It needs to be elaborated.
Response: Many thanks for your comments. We used the modified calculation method
for China-specific PDSI provided by the China National Standard for Meteorological
Drought Classification (Standard No. GB/T 20481-2017; hereafter referred to as GB/T)
(Zhong et al., 2019) for the calculation of PDSI_China, which includes the empirical
constant in Expression 8.

Comparisons done for 9 stations in 7 states by Palmer. (1965) indicated different

Y D, K] values, and the average value of Y. D, K; for these 9 stations (i.e., 17.67) was



taken as the numerator and the ZEJK{ for a given region was taken as the

denominator. GB/T sets a in expression 8 to 16.84 instead of 17.67 according to the
results of An et al. (1985). Specifically, An et al. (1985) selected the relevant data from
12 meteorological stations (Beijing, Qingdao, Xian, Xuzhou, Hohhot, Taiyuan,
Hanzhong, Jiamusi, Shenyang, Hankou, Wuzhou, and Kunming) to revise the Palmer
drought degree model in the process of revising the weight factors. For the detailed
formula, please refer to the supplementary document.
a
K; = WK{ (8)

(6) What is the role of land use/ land cover on drought indices? Is it possible to introduce
any new index considering land use/land cover change?
Response: Many thanks for your comments. Although land use and land cover (LULC)
significantly impacts drought, particularly in agricultural and hydrological contexts, our
focus is on meteorological variables such as precipitation and temperature. On the other
hand, because our high-resolution drought index is based on observational data,
meteorological data already reflect land-atmosphere interactions, including LULC
changes. Thus, the effect of LULC is inherent, although not explicitly isolated in this
study.

Our current priority is to develop the CHM_Drought dataset, focused on high-
resolution meteorological drought indices across mainland China from 1961 to 2022.

Integrating LULC changes for a more comprehensive drought index is a valuable goal

for future research.

(6) It is suggested to prepare an uncertainty map for each drought index. It would be
vital for end users.

Response: Many thanks for your comments. We quantified the uncertainty of each
indexusing standard deviation (Figure S4). Among the 6 drought indices involved in
the study, the CRU data lacked relative humidity variables when calculating VPD

index, which could not be calculated. Therefore, standard deviation was calculated for



all indices except the VPD index (Figure S4). In Section 4.2 (Lines 363-365) we

added the following: “In addition, we quantified the uncertainties of SPI, SPEI and

EDDI at different time scales (Figure S4). We used standard deviation to quantify the

results, which were similar to those in Figures S1-S3. The results all showed that the

highest uncertainties were mainly found in areas with few stations.”
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Figure S4: Spatial distribution of the standard deviations of the SPI, SPEI, and EDDI
drought indices across three data sources (CRU, CHM, and CNO5.1) at various time
scales (1-, 3-, 6-, and 12-month). Here, (a-c) show the 1-month scale, (d-f) show the 3-

month scale, (g-i) show the 6-month scale, and (j-1) show the 12-month scale.
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For your convenience, to make the review of our revisions easier, we have marked all

responses and related revisions in light blue.
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A DETAILED LIST OF RESPONSES
TO REVIEWER #2
We greatly appreciate your careful reading of the manuscript, insightful comments, and
valuable suggestions. Your thoughtful review has enhanced our paper considerably.
The manuscript has been revised thoroughly according to your comments, with our

point-by-point responses detailed below.

(1) Many datasets are used in this study, while their description in this section is unclear.
It would be better to provide a clear classification of these data sources and distinguish
between the meteorological data from CMA, CHM, and CNO05.1, as all the three datasets
seem to originate from gauge observations in China. Further, the CRU dataset is based on
global gauge observations with fewer gauges in China. The authors would clarify why these
datasets are included in the consistency test.

Response: Many thanks for your comments. In this study, we used multiple datasets.
To clarify their usage, in Section 2.1 (Lines 117-127) we added the following:

“We used several datasets, including the daily meteorological station data (Figure

1) from the China Meteorological Administration (CMA; http://data.cma.cn/), gridded

precipitation data from CHM PRE (Han et al., 2023:; https://data.tpdc.ac.cn/zh-
hans/data/e5¢c335d9-cbb9-48a6-ba35-d67dd614bb8c), and data from both CRU

(https://crudata.uea.ac.uk/cru/data/hrg/) and CNO05.1 (a gridded daily observation

dataset over mainland China; https://ccrc.iap.ac.cn/resource/detail?id=228). First, we

applied meteorological station data from the CMA to interpolate basic meteorological

variables from 1961 to 2022 with spatial resolution of 0.1< including maximum

temperature (Tmax), minimum temperature (Tmin), mean temperature (Tmean),

average wind speed (Wind), sunshine duration (Ssd), and average relative humidity

(Rh). We directly used CHM PRE and the interpolated meteorological data to compute

CHM Drought. The CNO05.1 and CRU datasets were collected to evaluate

CHM Drought, with CRU data covering Precapitation (Pre), Tmax, Tmin, Tmean,

Wind, and Ssd, and CNO05.1 data covering Pre, Tmax, Tmin, Tmean, Wind, Rh, and



https://crudata.uea.ac.uk/cru/data/hrg/

Ssd. Notably, CNO05.1’s Ssd data spans 1961 to 2018, while other variables span 1961

t0 2022.”

Additionally, CRU was chosen for the consistency test because it is among the
most widely used global datasets. Although CRU’s station coverage within China is
limited, it remains a standard in international climate research, and it is widely applied
in global-scale meteorological and drought analysis. Including CRU allows us to
validate the consistency of CHM_Drought under global standards. Moreover, using
CRU enables a diversity assessment across different data sources; as a comprehensive
source of global meteorological station data, CRU provides a different observational
structure than domestic Chinese stations. By incorporating CRU data for comparison,
we can examine CHM Drought’s performance across varied data sources and
observational distributions, further evaluating its consistency and adaptability in

conditions of sparse or uneven data distribution.

(2) FAO-56 Penman-Monteith equation is designed to define the reference crop ET
(ETO) using a hypothetical reference crop with an assumed height of 0.12 m. Here,
the authors used this equation to calculate PET rather than ETO. I suggest they

provide an explanation of PET and ETO and clarify the calculations used for each.

Response: Many thanks for your comments. In our study, EDDI and SPEI were
calculated based on ETo and PET, respectively, and this choice was mainly based on
the choice of the developers of the EDDI index and the SPEI index. Specifically,
Hobbins et al. (2016) developed EDDI to focus on atmospheric evaporation
requirements to characterize drying potential. Reference crop evapotranspiration (ETO),
based on hypothetical reference crop conditions (height of 0.12 m), is designed to
reflect the physical atmospheric demand independent of surface water availability. The
physical basis of ETO eliminates the need for remote sensing data to estimate
atmospheric evaporative demand, allowing it to consistently capture the intensity of

atmospheric 'thirst' for moisture and effectively indicate vegetation water stress. This



makes EDDI a reliable metric for monitoring atmospheric drying potential, particularly
under rapid or sustained drought conditions.

Unlike EDDI, the standardized precipitation evapotranspiration index (SPEI)
developed by Vicente-Serrano et al. (2010) considers not only atmospheric demand but
also surface water availability. Potential evapotranspiration (PET) is generally applied
under conditions of adequate water supply, representing the maximum potential for
evapotranspiration. SPEI uses PET to assess the balance between precipitation and
evaporative demand, enabling it to capture water imbalances associated with drought.
PET reflects the influence of broader climatic variables on water supply and demand,
making it well-suited for SPEI's comprehensive evaluation of water balance.

In summary, EDDI uses ETo to focus on changes in atmospheric evaporative
demand, independent of water supply constraints, allowing for a rapid indication of
drying potential. In contrast, SPEI uses PET to capture the dynamic balance between
precipitation and evaporative demand, providing a more comprehensive depiction of

water imbalances associated with drought.

(3) why was August 2022 chosen as the node of the 2022 severe drought in the Yangtze
River basin? In fact, this drought lasted from summer to autumn. The cumulative water
shortage in the months following August may be worse.

Response: Many thanks for your comments. The August we described in Section 4.1
is not precise; we intended to describe the summer of 2022. The three-month drought
index values for August actually represent the cumulative drought conditions for June,
July, and August (JJA, summer). Accordingly, we have revised the chart and updated
the chart notes (see Figure 3 and 4). For drought indices without multi-scale features
(PDSI_China, SC-PDSI and VPD), we show the mean values in the summer of 2022 in
Figure 3. In Section 4.1 (Lines 285-287) we added the following: “A severe drought

occurred in the south of China in the summer of 2022, mainly concentrated in the

Yangtze River basin. To show the performance of the CHM Drought dataset in

monitoring drought, we use the summer (June, July, August; JJA) of 2022 in the

Yangtze River Basin as an example to examine the monitoring capabilities of drought




indices. For SPI, SPEI, and EDDI we selected a 3-month scale (seasonal scale; Jin et
al., 2020), as shown in Figure 3.”

On the other hand, although this drought extended from summer into autumn, with
cumulative water shortages potentially becoming more severe at some grid points after
August, summer represents a crucial turning point in the 2022 Yangtze River Basin
drought event. It marks the peak in water deficit and atmospheric evaporative demand.
Additionally, due to data processing and presentation constraints, we selected summer

as the sample node.
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Figure 3: Spatial distribution of summer (June, July, August; JJA) drought
characteristics in the Yangtze River Basin, China. Here, (a), (b), and (c) depict the three-
month scale spatial distribution of drought indices, while (d), (e), and (f) present the

average summer (JJA) values for these indices.
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Figure 4. Spatial distribution of three drought indices (SPI, SPEI, and EDDI) in the
Yangtze River Basin, China, across multiple timescales (2-week, 1-month, 3-month,
and 6-month), using August 2022 as an example. (a—d) SPI-2W indicates the 2-week
scale SPI, SPI-1 indicates the 1-month scale SP1, SPI-3 indicates the 3-month scale SPI,
and SPI1-6 indicates the 6-month scale SPI. The scales of SPEI and EDDI follow the

same naming pattern.

(4) the low consistency between CHM_Drought with CN05.1_Drought is attributed to
the poor performance of sparse sites. Does this imply that the data processing method
(e.g., interpolation method) affects the accuracy of the production of drought datasets?
Response: Many thanks for your comments. Our team's previous research (Han et al.,
2023) compared different interpolation methods in precipitation interpolation and
found that ADW was the most suitable for precipitation interpolation. Meanwhile, it
was found that different interpolation methods had higher accuracy in areas with

uniform distribution and dense meteorological stations, and the differences between



them were small. On the contrary, in areas with sparse sites, all interpolation methods
have large biases, including ADW. In addition, we use standard deviation to quantify
the consistency of the drought index (see Figure S4), and we find that the regions with
poor consistency are mainly those with sparse sites, so we find that sparseness of sites

is the main cause of poor consistency.

(a) Std (SP1-01) (b) Std (SPEI-01) (c) Std (EDDI-01)
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Figure S4: Spatial distribution of the standard deviations of the SPI, SPEI, and EDDI
drought indices across three data sources (CRU, CHM, and CNO5.1) at various time
scales (1-, 3-, 6-, and 12-month). Where (a-c) show the 1-month scale, (d-f) show the

3-month scale, (g-i) show the 6-month scale, and (j-1) show the 12-month scale.

(5) While the correlation between VPD and NDVI is discussed, NDV1 is influenced by
various factors beyond VPD, and NDVI data itself may contain uncertainties. It is
unclear why the correlation between VPD and NDVI can be used for the consistency
assessment of VPD

Response: Many thanks for your comments. According to your suggestion, we have
moved the correlation results for VPD and NDVI to the supplementary file. Although
NDV!I is affected by multiple factors such as precipitation, soil moisture, and land use,
we retain the correlation chart between NDVI and VVPD because previous studies have
shown that VPD's impact on land productivity change in China is second only to soil
moisture (Cheng et al., 2022), and the effect of high VVPD is greater than that of high
soil moisture in promoting vegetation productivity (Tu et al., 2024). Therefore, we
believe that the correlation between NDVI and VPD serves as an additional metric to
evaluate the data. In Section 4.4 (Lines 398-401) we added the following: “Studies have

shown that VPD’s impact on land productivity change in China is second only to soil

moisture (Cheng et al., 2022), and the effect of high VVPD is greater than that of high

soil moisture in promoting vegetation productivity (Tu et al., 2024). Therefore, we

believe that the correlation between NDVI and VVPD (Figure S7) serves as an additional

metric to evaluate the data.”

In addition, the correlation between VPD and NDVI can help verify whether VPD
is reflecting the drought response of vegetation. This approach is not strictly a
conformance assessment, but rather a complementary validation to examine the

correlation between VPD and vegetation water status.

(6) Some in-text citations are not listed in the Reference section, the authors should check

it out.



Response: Many thanks for your comments. We checked the references carefully and

made revisions.
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responses and related revisions in light blue.



