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Abstract

The Palmer drought severity index (PDSI), standardized precipitation index
(SPI), and standardized precipitation evapotranspiration index (SPEI) are used
worldwide for drought assessment and monitoring. However, substantial dif-
ferences exist in the performance for agricultural drought among these indices
and among regions. Here, we performed statistical assessments to compare the
strengths of different drought indices for agricultural drought in the North China
Plain. Small differences were detected in the comparative performances of SPI
and SPEI that were smaller at the long-term scale than those at the short-term
scale. The correlation between SPI/SPEI and PDSI considerably increased from
1- to 12-month lags, and a slight decreasing trend was exhibited during 12- and
24-month lags, indicating a 12-month scale in the PDSI, whereas the SPI was
strongly correlated with the SPEI at 1- to 24-month lags. Interestingly, the
correlation between the trend of temperature and the mean absolute error and
its correlation coefficient both suggested stronger relationships between SPI and
the SPEI in areas of rapid climate warming. In addition, the yield-drought cor-
relations tended to be higher for the SPI and SPEI than that for the PDSI at
the station scale, whereas small differences were detected between the SPI and
SPEI in the performance on agricultural systems. However, large differences in
the influence of drought conditions on the yields of winter wheat and summer
maize were evident among various indices during the crop-growing season. Our
findings suggested that multi-indices in drought monitoring are needed in order
to acquire robust conclusions.
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Abstract: The Palmer Drought Severity Index (PDSI), Standardized Precip-
itation Index (SPI), and Standardized Precipitation Evapotranspiration Index
(SPEI) are used worldwide for drought assessment and monitoring. However,
substantial differences exist in the performance for agricultural drought among
these indices and among regions. Here, we performed statistical assessments
to compare the strengths of different drought indices for agricultural drought
in the North China Plain. Small differences were detected in the comparative
performances of SPI and SPEI that were smaller at the long-term scale than
those at the short-term scale. The correlation between SPI/SPEI and PDSI
considerably increased from 1- to 12-month lags, and a slight decreasing trend
was exhibited during 12- and 24-month lags, indicating a 12-month scale in the
PDSI, whereas the SPI was strongly correlated with the SPEI at 1- to 24-month
lags.

Interestingly, the correlation between the trend of temperature and the mean ab-
solute error and its correlation coefficient both suggested stronger relationships
between SPI and SPEI in areas of rapid climate warming. In addition, the yield-
drought correlations tended to be higher for the SPI and SPEI than that for
the PDSI at the station scale, whereas small differences were detected between
the SPI and SPEI in the performance on agricultural systems. However, large
differences in the influence of drought conditions on the yields of winter wheat
and summer maize were evident among various indices during the crop-growing
season. Our findings suggested that multi-indices in drought monitoring are
needed in order to acquire robust conclusions.

Keywords: agricultural drought; Palmer drought severity index; standardized
precipitation index; standardized precipitation evapotranspiration index; North
China Plain

1 Introduction

Drought, one of the most severe and frequently occurring natural hazards with
diverse geographical and temporal distributions, imposes substantial damages
and challenges to ecosystems and human society (Hao and Singh, 2015; Jiang
et al., 2015). Drought may affect a wide variety of sectors such as economic,
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agricultural, ecological, and environmental processes worldwide (Du et al., 2013).
The large spatial coverage and long-duration characteristics make drought one
of the most widespread and costliest natural disasters (Potopovéa et al., 2015).

Generally, drought is initially caused by deficiencies in precipitation for a partic-
ular period in association with global climatic circulation patterns (Nichol and
Abbas, 2015). Meanwhile, regional drought can cause global impacts such as
fluctuation in global food prices induced by drought (Wegren, 2011). These is-
sues highlight the importance of agricultural drought monitoring (AghaKouchak
et al., 2015). Therefore, timely and accurate monitoring of drought severity is an
important means for water management and drought mitigation efforts (Mishra
and Singh, 2010; Mu et al., 2013). As reported by Wilhite and Glantz (1985),
droughts are classified into four categories: meteorological, agricultural, hydro-
logical, and socioeconomic drought. Meteorological drought is a precipitation
deficit caused by atmospheric evaporation; agricultural drought is related to
soil moisture deficits; hydrological drought is related to deficits in surface and
subsurface water; and socioeconomic drought refers to the influence of meteoro-
logical drought on the socioeconomic system (Hao et al., 2015).

Drought is considered to be the most complex of all natural hazards (Dai, 2011).
Temporal-spatial identification is difficult owing to the challenges in identify-
ing the moments of beginning and ending of a drought and in quantifying its
magnitude, duration, and spatial extent (Vicente-Serrano et al., 2012). Thus,
numerous indices have been developed as universally accepted tools used to
quantify drought impact (Heim, 2002). Several indices are widely used for
regional- to global-scale drought assessment and monitoring. For example, the
Palmer Drought Severity Index (PDSI) derived from precipitation and temper-
ature has been widely used for drought monitoring and assessment (Palmer,
1965; Alley, 1984). This index is based on the demand and supply of the water
balance model to measure both wetness (positive values) and dryness (negative
values) (Wells et al., 2004). However, a major limitation of PDSI is its fixed time
scales and incomparable parameters across different areas (Alley, 1984). The
Standardized Precipitation Index (SPI) (McKee et al., 1993) is recommended by
the World Meteorological Organization as a standard drought monitoring index
for meteorological drought monitoring and analysis. The principle of the SPI is
based on conversion of the precipitation data to probabilities by using gamma
distribution, the results of which are then used to determine the intensity, du-
ration, and frequency of drought at given time scale. The common advantage
of the SPI is its multi-temporal character. Such a feature is essential for assess-
ing drought impacts owing to its flexibility and ease in operation in practical
drought monitoring. However, the main criticism of the SPI is that its calcula-
tion is based on only precipitation data. The recently developed Standardized
Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 2010)
has been claimed to outperform the two previous indices (Vicente-Serrano et
al., 2012). Both the sensitivity of the PDSI to changes in evaporation demand
caused by temperature and simplicity of calculation and the multi-temporal
nature of the SPI are considered in the SPEI framework.
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It should be noted that the aforementioned drought indices have likely led to
differences in values and change patterns caused mainly by dataset availability
and resolution, particularly at relatively small scales (Dai, 2013). As a result,
high uncertainty may exist in selecting a single drought index for a specific pur-
pose (Vicente-Serrano et al., 2012). Therefore, it is essential to choose solid
and objective criteria for selecting a drought index to be used for a specific
task. Recently, great efforts have been made to meet the need for more accu-
rate evaluations for better decision making in drought mitigation and the use
of various objective indices. However, very few studies have performed robust
statistical assessments by comparing the strengths of various drought indices
for agricultural drought. Vicente-Serrano et al. (2012) provided a global assess-
ment of the performance of different drought indices for monitoring drought
impacts on several hydrological, agricultural, and ecological response variables.
Zhai et al. (2010) investigated the spatial variation and trends in PDSI and SPI
and their relationship to streamflow in 10 large regions of China. Potop (2011)
compared different indices to assess drought impacts on corn yield in Moldova.
Mavromatis (2010) evaluated several drought indices for their abilities to mon-
itor soil moisture. Yang et al. (2017) determined the regional applicability of
seven meteorological drought indices in China. Additionally, other studies have
compared drought indices to assess the responses of vegetation activity, tree-ring
characteristics, and fire frequency (Kempes et al., 2008; Quiring and Ganesh,
2010; Drobyshev et al., 2012).

To our knowledge, few studies have compared the performances of PDSI, SPI,
and SPEI on agricultural drought in the North China Plain (NCP). It should
be noted that the NCP is a major grain production area and thus plays a key
role in food security. Such a comparison is necessary to obtain solid and ob-
jective criteria for selecting drought indices to be used for a specific purpose.
Therefore, the primary purpose of this study is to analyze the performance of
the aforementioned widely used drought indices for agricultural drought in the
NCP. To achieve this objective, several steps are performed. First, we analyze
the consistency among the three indices, and we calculate their correlation coef-
ficients. Next, we discuss the influence of ongoing warming on the relationship
between the SPI and SPEI. Finally, we calculate the correlation coefficient of
each drought index and the crop yield of both winter wheat and summer maize.

2.1 Study Area

The NCP, formed mainly by the Yellow, Huaihe, Haihe, and Luanhe rivers, is
the second largest plain in China (Fig. 1 [Figure 1: see original paper|). Owing
to its flat terrain and fertile soil, the NCP is the main production area of food
crops, with winter wheat and summer maize rotation as the main cropping pat-
tern (Hu et al., 2010). The cultivated land area in the NCP accounts for 27.9%
of the total arable land in China. The climate of the NCP is warm temperate
semi-humid continental monsoon, and the precipitation is between 400 and 600
mm, occurring mainly in summer. Significant inter-annual and intra-annual

chinarxiv.org/items/chinaxiv-201807.00037 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00037

ChinaRxiv [$X]

variations of precipitation also exist, resulting in frequent drought and flooding
in this region. With an occurrence of 9 times in 10 years (Hu, 2013), drought
severely affects agricultural production and is the most prominent natural haz-
ard in this region.

2.2 Datasets

Meteorological data from 60 meteorological stations in the NCP during 1980-
2013, consisting of daily mean temperature, daily maximum temperature, daily
minimum temperature, relative humidity, sunshine hours, wind speed, and pre-
cipitation, were collected from the China Meteorological Data Sharing Service
System (http://data.cma.gov.cn/). In addition, soil data, such as soil water
content, were derived from the Institute of Soil Science, Chinese Academy of
Sciences. We used precipitation data to obtain SPI, and other climate data vari-
ables to calculate PET based on the PM model. Then, we calculated SPEI on
the basis of precipitation and PET (Vicente-Serrano et al., 2010). We obtained
PDSI on the basis of all climate and soil datasets (Palmer, 1965).

To determine the performances of the various drought indices for agricultural
drought, we used crop yield data to reflect the strengths of the indices in moni-
toring agricultural drought. Crop yield data of winter wheat and summer maize
from 12 agricultural meteorological stations were collected from the China me-
teorological data network (http://data.cma.gov.cn) covering the period 2000-
2013. Only stations that recorded both meteorological and yield datasets with
a minimum time series of 10 years were selected in this study. Based on these
criteria, we extracted 12 stations over the NCP for assessing the performance of
drought indices on winter wheat yield variability, and we only selected 5 stations
for summer maize. It should be noted that the scarcity of datasets highlights
the challenges involved in developing this type of research.

2.3 Methods

Pearson’ s correlation analysis was employed to examine the correlation among
drought indices as well as their relationships with crop yield. The correlation
coefficients from 1- to 24-month lags of the SPI and SPEI were calculated to
reflect the different responses of crop yield to drought events. In the analysis,
the crop yield data were detrended by using the Z-score method to eliminate
the influence of non-climatic factors, such as improved technologies for crop
production and field management (Mavromatis, 2007). Moreover, to compare
the results of the different crops, we further standardized the time series records
of the winter wheat and summer maize yields. The drought indices time series
of SPI, SPEI, and PDSI were also detrended in the correlation analysis in order
to focus analysis on correlation in inter-annual variability.

To investigate the influence of climate warming on the differences between the
SPI and SPEI, we first calculated the trend of temperature (TEM) for all me-
teorological stations during 1981-2014. Then, the mean absolute error (MAE)
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between the SPI and SPEI was also calculated. Finally, we performed corre-
lations between the TEM and MAE, and between the TEM and correlation
coefficients (CC) of the SPT and SPEI. Additionally, in order to investigate the
performance of different drought indices for agricultural drought, the variation
in crop yield as an indicator of drought influence, and we correlated the de-
trended crop yield and the PDSI, as well as 1- to 24-month SPI and SPEI. It
should be noted that we separated the crops of winter wheat and summer maize
in the processing analysis to compare the possible differences of drought indices
on different crops.

3.1 Comparisons of SPI, SPEI, and PDSI

To compare the performances of various drought indices on drought events, we
analyzed the monthly time series of the SPI, SPEI with 1-, 3-, 6-, and 12-month
lags, and PDSI for all stations during 1981-2014 (Fig. 2 [Figure 2: see original
paper]). The root mean square error (RMSE) of the differences between SPT and
SPEI decreased as time scale increased, indicating that SPI and SPEI at long-
term scale reflect long-term water deficit conditions in a certain region that is
free of the influence of short-term climate variability. Conversely, the short-term
drought indices revealed a near-term water deficit condition and were more apt
to be affected by weather such as temperature increases or precipitation deficits.
In addition, the differences among the PDSI, SPI, and SPEI were compared
only for the 12-month lag because the PDSI has a fixed scale of 9-12 months
(Jiang et al., 2015). Although all drought indices were able to detect the main
drought events in the NCP during the recent 30 years, certain differences were
identified in drought intensity derived by the PDSI and SPI as well as those by
the PDSI and SPEI (Fig. 2). For example, the drought events in 2002 and 2014
were more clearly detected by the PDSI than the other two drought indices. It
should be noted that although the SPI and SPEI have smaller differences and
more flexible time scales than the PDSI, the principle of SPEI is more clear and
robust because it combines both principles of SPI and PDSI.

3.2 Correlation Analysis Between Paired Drought Indices

Figure 3 [Figure 3: see original paper| shows the Pearson’ s correlations be-
tween the detrended PDSI and 1- to 24-month detrended SPI and SPEI during
1981-2014 for all stations. The correlation between SPI and PDSI increased
considerably from lags of 1 month to 12 months, and a slight decreasing trend
was exhibited during 12- and 24-month lags (Fig. 3a). These results suggest
that the PDSI can effectively reflect the conditions of a 12-month water deficit.
The same pattern was also detected in the correlation between the SPEI and
PDSI (Fig. 3b). The SPI was strongly correlated with the SPEI at lags of 1 to
24 months, with a mean correlation coefficient above 0.90 for all available sta-
tions in the NCP. It should be noted that the error bar in Figure 3c, expressed
in terms of standard deviation, gradually decreased from 1- to 12-month lags,
which further demonstrates the result shown in Figure 2b.
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3.3 Responses of SPI and SPEI to Climate Warming

A negative correlation was detected between the TEM and MAE, indicating a
stronger correlation between them in areas of rapid climate warming; and the
determination coefficient (R?) was 0.203 (Fig. 4a [Figure 4: see original paper]).
This phenomenon was also identified in the correlation between the TEM and
CC, with an R? of 0.182 (Fig. 4b). To compare the detailed differences in differ-
ent areas, we conducted the same experiment in Hebei, Henan, and Shandong
provinces (Fig. 1). The R? values of the TEM and MAE were 0.298 and 0.274
in Hebei and Henan provinces, respectively, whereas those of the TEM and CC
for these two provinces were 0.228 and 0.315, respectively. It should be noted
that this phenomenon was not obvious in Shandong Province (data not shown).
Our findings are in contrast to previous conclusions in which the SPI exhibited
increasing differences with the SPEI when the temporal trends of temperature
were conspicuous (Vicente-Serrano et al., 2010; Jiang et al., 2015). This re-
sult occurred likely because the precipitation deficit is the dominant factor to
cause drought in the NCP, and the temperature has a limited contribution to
drought evolution. Moreover, the contribution of temperature in areas of rapid
climate warming is smaller than that in inconspicuous warming regions. How-
ever, a better-designed experiment would allow the acquisition of more robust
conclusions.

3.4 Correlation Analysis Among Drought Indices and Crop
Yield

At the regional scale, large differences were detected between the results from
PDSI and those from multi-scale SPI and SPEI. In terms of winter wheat, small
differences were identified from January to May at 9- to 12-month lags, as
well as from October to December at 4- to 6-month lags. In addition, the
correlation coefficients from SPEI and SPI were lower than that from PDSI from
October to December at the middle and long-term scales. For summer maize,
the correlation between the detrended summer maize yield and detrended PDSI
was highly consistent with the results from SPI and SPEI in July at the 2-month
lag and in August at the 3-month lag, respectively. Moreover, the correlation
coefficients of SPI and SPEI derived from the 1-month lag in June, 4-month lag
in September, and 5-month lag in October were all higher than that for PDSI
(Fig. 5 [Figure 5: see original paper]).

Station scale analysis of the correlation between the detrended crop yield and
detrended drought indices was also performed for the 12 agricultural meteoro-
logical stations with minimum data records of 10 years. It is worth noting that
the boxplots of the SPI and SPEI were retrieved by the maximum correlation
coefficient from 1- to 24-month lags. In contrast to the results from the regional
scale, we found that the yield-drought correlations tended to be higher for the
SPI and SPEI than for the PDSI at the station scale, whereas small differences
between the SPI and SPEI in their performance on agricultural drought were
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detected. In addition, large differences in the influence of drought conditions on
winter wheat and summer maize yields were evident among different months.
During the winter wheat growing season, the correlation coefficients (CCs) ob-
tained from the SPI and SPEI were mainly around 0.6 from October to April
and around 0.5 in May before sharply decreasing to around 0.3 in June. This
result occurred because winter wheat almost completed its growth cycle in June
and did not have a great demand for moisture. The same pattern was detected
by the CCs obtained from the PDSI and winter wheat yield such that the CCs
from January to May were higher than those in other months, with the highest
in April. This result is consistent with the key growth stages for winter wheat
according to the phenological calendar (Fig. 6 [Figure 6: see original paper]). In
terms of summer maize growing season, the CCs between summer maize yield
and the SPI and SPEI decreased continuously from June to October, whereas
the greatest CCs between summer maize yield and the PDSI were observed in
July (Fig. 7 [Figure 7: see original paper]).

It should be noted that although significant influences of the demand of atmo-
spheric evaporation have been widely reported (Vicente-Serrano et al., 2012),
the results of the current study highlighted the differences in analyzed system
and spatial location. Additionally, the magnitudes of the correlations among
crop yield and drought indices clearly showed that the SPI and SPEI are most
capable of monitoring the agricultural drought conditions in the NCP. However,
our findings do not imply that the PDSI is not useful for some purposes; this
index is still used worldwide to assess drought conditions in agricultural and
hydrological applications.

4 Conclusions

In this study, we performed statistical assessments to compare the strengths of
different drought indices including SPEI, SPI, and PDSI for agricultural drought
in the North China Plain. Our results indicated that small differences were de-
tected in the comparative performances of the SPI and SPEI that were smaller
at the long-term scale than those at the short-term scale. The correlation be-
tween the SPI and PDSI increased considerably from 1- to 12-month lags, and a
slight decreasing trend was exhibited during 12- and 24-month lags, indicating
a 12-month scale in the PDSI, whereas the SPI was strongly correlated with the
SPEI at 1- to 24-month lags. Our results also suggested stronger relationships
between the SPI and SPEI in areas of rapid climate warming. More importantly,
the yield-drought correlations tended to be higher for the SPI and SPEI than
that for the PDSI at the station scale, whereas small differences were detected
between the SPI and SPEI in the performance on agricultural systems. How-
ever, large differences in the influence of drought conditions on the yields of
winter wheat and summer maize were evident among the various indices during
the crop-growing season. Our findings suggested that multi-indices in drought
monitoring are needed in order to acquire robust conclusions.

Acknowledgements: This work was supported by the Fundamental Research

chinarxiv.org/items/chinaxiv-201807.00037 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00037

ChinaRxiv [$X]

Funds for the Central Universities (GK201703049) and the Major Project of
High Resolution Earth Observation System, China.

References

AghaKouchak A, Farahmand A, Melton F S, et al. 2015. Remote sensing of
drought: progress, challenges and opportunities. Reviews of Geophysics, 53(2):
452-480.

Alley W M. 1984. The Palmer drought severity index: limitations and assump-
tions. Journal of Climate and Applied Meteorology, 23(7): 1100-1109.

Dai A G. 2011. Drought under global warming: a review. Wiley Interdisci-
plinary Reviews: Climate Change, 2(1): 45-65.

Dai A G. 2013. Increasing drought under global warming in observations and
models. Nature Climate Change, 3(1): 52-58.

Drobyshev I, Niklasson M, Linderholm H W. 2012. Forest fire activity in Sweden:
climatic controls and geographical patterns in 20th century. Agricultural and
Forest Meteorology, 154-155: 174-186.

Du L T, Tian Q J, Yu T, et al. 2013. A comprehensive drought monitoring
method integrating MODIS and TRMM data. International Journal of Applied
Earth Observation and Geoinformation, 23: 245-253.

Hao C, Zhang J H, Yao F M. 2015. Combination of multi-sensor remote sensing
data for drought monitoring over Southwest China. International Journal of
Applied Earth Observation and Geoinformation, 35: 270-283.

Hao Z C, Singh V P. 2015. Drought characterization from a multivariate per-
spective: a review. Journal of Hydrology, 527: 590-607.

Heim R R Jr. 2002. A review of twentieth-century drought indices used in the
United States. Bulletin of the American Meteorological Society, 83(8): 1149-
1166.

Hu S, Mo X G, Lin Z H, et al. 2010. Emergy assessment of a wheat-maize
rotation system with different water assignments in the North China Plain. En-
vironmental Management, 46(4): 643-657.

Hu Y N. 2013. Drought risk assessment of winter wheat and summer maize
rotation planting region in North China Plain. PhD Dissertation. Beijing:
Chinese Academy of Agricultural Sciences. (in Chinese)

Jiang R G, Xie J C, He H L, et al. 2015. Use of four drought indices for evaluating
drought characteristics under climate change in Shaanxi, China: 1951-2012.
Natural Hazards, 75(3): 2885-2903.

Kempes C P, Myers O B, Breshears D D, et al. 2008. Comparing response of
Pinus edulis tree-ring growth to five alternate moisture indices using historic
meteorological data. Journal of Arid Environments, 72(4): 350-357.

chinarxiv.org/items/chinaxiv-201807.00037 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00037

ChinaRxiv [$X]

Mavromatis T. 2007. Drought index evaluation for assessing future wheat pro-
duction in Greece. International Journal of Climatology, 27(7): 911-924.

Mavromatis T. 2010. Use of drought indices in climate change impact assess-
ment studies: an application to Greece. International Journal of Climatology,
30(9): 1336-1348, doi: 10.1002/joc.1976.

McKee T B, Doesken N J, Kleist J. 1993. The relationship of drought frequency
and duration to time scales. In: Proceedings of the 8th Conference on Applied
Climatology. Anaheim, CA: American Meteorological Society.

Mishra A K, Singh V P. 2010. A review of drought concepts. Journal of Hy-
drology, 391(1-2): 202-216.

Mu Q Z, Zhao M S, Kimball J S, et al. 2013. A remotely sensed global terrestrial
drought severity index. Bulletin of the American Meteorological Society, 94(1):
83-98.

Nichol J E, Abbas S. 2015. Integration of remote sensing datasets for local scale
assessment and prediction of drought. Science of the Total Environment, 505:
503-507.

Palmer W C. 1965. Meteorological Drought. Washington: US Department of
Commerce, Weather Bureau.

Potop V. 2011. Evolution of drought severity and its impact on corn in the
Republic of Moldova. Theoretical and Applied Climatology, 105(3-4): 469-483.

Potopové V, Stépanek P, Mozny M, et al. 2015. Performance of the standardised
precipitation evapotranspiration index at various lags for agricultural drought

risk assessment in the Czech Republic. Agricultural and Forest Meteorology,
202: 161-172.

Quiring S M, Ganesh S. 2010. Evaluating the utility of the Vegetation Condition
Index (VCI) for monitoring meteorological drought in Texas. Agricultural and
Forest Meteorology, 150(3): 330-339.

Vicente-Serrano S M, Begueria S, Lépez-Moreno J I. 2010. A multiscalar
drought index sensitive to global warming: the standardized precipitation
evapotranspiration index. Journal of Climate, 23(7): 1696-1718.

Vicente-Serrano S M, Begueria S, Lorenzo-Lacruz J, et al. 2012. Performance of
drought indices for ecological, agricultural, and hydrological applications. Earth
Interactions, 16(10): 1-27.

Wegren S K. 2011. Food security and Russia’ s 2010 drought. Eurasian Geog-
raphy and Economics, 52(1): 140-156.

Wells N, Goddard S, Hayes M J. 2004. A self-calibrating Palmer drought severity
index. Journal of Climate, 17(12): 2335-2351.

Wilhite D A, Glantz M H. 1985. Understanding the drought phenomenon: the
role of definitions. Water International, 10(3): 111-120.

chinarxiv.org/items/chinaxiv-201807.00037 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00037

ChinaRxiv [$X]

Yang Q, Li M X, Zheng Z Y, et al. 2017. Regional applicability of seven mete-
orological drought indices in China. Science China Earth Sciences, 60(4): 745-
760.

Zhai J Q, Su B D, Krysanova V, et al. 2010. Spatial variation and trend in
PDSI and SPI indices and their relation to streamflow in 10 large regions of
China. Journal of Climate, 23(3): 649-663.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-201807.00037 Machine Translation


https://chinarxiv.org/items/chinaxiv-201807.00037

	Performance of different drought indices for agriculture drought in the North China Plain Postprint
	Abstract
	Full Text
	Performance of Different Drought Indices for Agricultural Drought in the North China Plain
	1 Introduction
	2.1 Study Area
	2.2 Datasets
	2.3 Methods
	3.1 Comparisons of SPI, SPEI, and PDSI
	3.2 Correlation Analysis Between Paired Drought Indices
	3.3 Responses of SPI and SPEI to Climate Warming
	3.4 Correlation Analysis Among Drought Indices and Crop Yield
	4 Conclusions
	References


