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A B S T R A C T

Monitoring of droughts is the first step into human adaptation and related management of drought hazards.
Therefore, drought index is critical in drought monitoring practice. However, the standing drought indices in-
clude no information about agricultural irrigation. In this case, based on the Palmer Drought Severity Index
(PDSI) and the Self-Calibrating Palmer Drought Severity Index (sc-PDSI), here we proposed the Modified Palmer
Drought Severity Index (MPDSI) by considering agricultural irrigation such as irrigation quotas and soil water
deficits. We compared changes of droughts monitored by MPDSI and other drought indices considered in this
study, and found that MPDSI can well monitor drought conditions in irrigated regions. In this sense, MPDSI can
monitor the actual drought conditions under human influences such as irrigation. Besides, we also found that
MPDSI can well lessen overestimation of drought conditions by PDSI in terms of drought duration and drought
intensity. Therefore, we can conclude that MPDSI can be accepted in drought monitoring practice across China.
It should be noted here that the idea behind development of MPDSI and also the MDPSI proposed in this study
can be well referenced in drought monitoring in other regions of the globe.

1. Introduction

Drought is of stochastic nature exerting damaging impacts on
human society and eco-environment. Therefore, drought is often con-
sidered as one of the costliest natural hazards of the world (Coumou
and Rahmstorf, 2012; Mishra and Singh, 2010; Salinger et al., 2000;
Wilhite, 2000; Wilhite, 2016; Zargar et al., 2011; Zhang et al., 2018).
Drought-induced global economic losses were estimated to be as high as
6 to 8 billion US dollars each year, being far more than other meteor-
ological disasters (Wilhite, 2000). In recent decades, growing popula-
tion and expansion of agricultural, energy and industrial sectors drive
the demand for water resources and even water scarcity has been oc-
curring almost annually in many regions of the globe (Vörösmarty
et al., 2000; Mishra and Singh, 2010; Sternberg, 2011). Furthermore,
the well-evidenced global warming potentially triggers accelerated
hydrological cycle (Allen and Ingram, 2002), and hence increased

occurrences of climate extremes and subsequently increased frequency
and intensity of floods and droughts can be expected in many regions of
the globe (Alexander et al., 2006; Li et al., 2015; Hu et al., 2018).
Sustainable development goals (SDGs) were proposed in 2015 and
comprised of 17 goals and 169 targets. Droughts directly threaten food
security and further affect water degradation, ecological crisis and
poverty and so on (Pradhan et al., 2017). Therefore, how to deepen
human knowledge of droughts and to enhance human adaptation to
droughts are crucial for sustainable development of human society in a
warming environment (Battisti and Naylor, 2009; He et al., 2017).

Monitoring of droughts is the first step into human adaptation and
related management of drought hazards. Therefore, there stand nu-
merous indices for drought monitoring (e.g. Zargar et al., 2011; Sun
et al., 2017a). Early development of drought indices mostly focused on
satellite images and remote sensing data such as precipitation in the
Standardized Precipitation Index (SPI) (McKee et al., 1993) which was
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widely used in drought monitoring practice (Bonaccorso et al., 2003;
Moreira et al., 2008). However, SPI index excludes impacts from tem-
perature variations and hence Tsakiris et al. (2007) proposed Re-
connaissance Drought Index (RDI) which combined hydrological and
meteorological variables. In addition, Vicente-Serrano et al. (2010)
proposed the Standardized Precipitation Evapotranspiration Index
(SPEI) which included evapotranspiration (ET) into drought monitoring
practice.

These aforementioned drought indices were developed based on in
situ observed meteorological data. Recent decades witnessed more and
more drought indices based on remotely sensed data such as NDVI
(Normalized Difference Vegetation Index) (Rouse Jr et al., 1973), VCI
(Vegetation Condition Index) (Kogan, 1990), TCI (Temperature Con-
dition Index) (Kogan, 1995), VHI (Vegetation Health Index) (Kogan,
2001) and VTCI (Vegetation Temperature Condition Index) (Wang
et al., 2001). The representative drought indices based on these re-
motely sensed data include CWSI (Crop Water Stress Index) (Jackson
et al., 1988), TVDI (Temperature Vegetation Drought Index) (Wang
et al., 2004), MPDI (Modified Perpendicular Drought Index) (Ghulam
et al., 2007), MMSDI (Modified Multivariate Standardized Drought
Index) (Zhang et al., 2018) and IRSDI (Integrated Remote Sensing
Drought Monitoring Index) (Sun et al., 2017b). These drought indices
have been widely used in agricultural drought monitoring. However,
drought monitoring performance of these aforementioned drought in-
dices heavily depends on quality of the remotely sensed data. Satellite
images and remotely sensed data were used in monitoring drought in-
directly by quantifying the relationship between variables obtained
from remotely sensed data, such as vegetation, land surface tempera-
ture, soil moisture and so on. The NASA released MODIS products
through the internet for free, which are commonly used for drought
monitoring. However, it also has the disadvantage of insufficient
sample size because the data began to be recorded around 2000.While,
the remotely sensed data-based drought indices can well monitor
droughts in a timely way over a large space scale.

Palmer (1965) developed the PDSI (Palmer Drought Severity Index)
based on water balance theory considering precipitation, soil moisture,
runoff and potential ET. This drought index involves clear physical
mechanism and hence can be used to monitor long-term evolution of
droughts. Thus, this drought index has been widely used in drought
monitoring practice (Diaz, 1983; Dai et al., 2004; Dai, 2011a, 2011b,
2013; Sheffield and Wood, 2008; Sheffield et al., 2012). However, the
PDSI contains a range of empirical parameters which heavily depend on
regional geographical features. Therefore, the parameters should be
modulated based on regional geographical features and hence spatial
comparisons of PDSI-based droughts are not practically justified (Alley,
1984; Guttman et al., 1992; Karl, 1983, 1986). In this case, Wells et al.
(2004) proposed the sc-PDSI (Self-Calibrating Palmer Drought Severity
Index) with aim to enhance spatial comparisons of the PDSI-based
droughts. Mo and Chelliah (2006) proposed a modified high resolution
Palmer Drought Severity Index which was based on the 32-km North
American Regional Reanalysis data, the variables such as evaporation,
potential evapotranspiration, total soil moisture, soil moisture change,
and runoff can be obtained directly from the RR. Many deficiencies of
the original PDSI can be corrected and it can be used to monitor floods
and droughts as well. As for the disadvantage that PDSI has in calcu-
lation of water deficit/surplus conditions using a two-stage bucket
model, some studies used distributed hydrological models otherwise
(Xu et al., 2012). A physically based Palmer Drought Severity Index
(PB-PDSI) was developed by replacing the two-stage bucket water
balance model in the original PDSI with the distributed hydrological
model, and the results indicated that the impact of the vegetation cover
change on drought was also reflected appropriately by the PB-PDSI.
Another shortcoming of the Palmer Drought Severity Index (PDSI) is
that this index was limited by shortage of the long-term continuous soil
moisture data and the actual evapotranspiration. Yan et al. (2013)
modified the PDSI based on the Soil and Water Assessment Tool

(SWAT) and applied to Luanhe River basin, North China. Similarly, Liu
et al. (2015) also developed a new Palmer Drought Severity Index
(PDSI) variant by coupling Variable Infiltration Capacity (VIC) model
with the self-calibrating PDSI. Besides, Liu et al. (2017) generated a
variety of new sc-PDSI variants (denoted as SC-PDSIx) based on sc-PDSI
that enable the PDSI to reflect the drought at varying time scales, which
solved the shortcoming of fixed time scales. Then they evaluated the
performance of SC-PDSIx by a series of comparisons with Standardized
Precipitation Index (SPI), the results showed that the multi-scalar sc-
PDSI could monitor droughts at different time scales.

Each individual drought index has its own strength and weakness.
Therefore, there stand remarkable discrepancies in terms of drought
variations in a changing climate. Dai et al. (1998) and Dai (2011a),
based on PDSI, indicated amplification of droughts and showed con-
tinuously enhancing drought risks in a warming climate. Some case
studies also indicated intensified drought severity and expanded
drought-affected regions due to warming climate (e.g. Briffa et al.,
2009; Cai et al., 2009; Wang et al., 2010). However, Sheffield and
Wood, 2008; Sheffield et al., 2012) argued that little change was ob-
served in global drought over the past 60 years due to the fact that PDSI
is exaggeratedly sensitive to warming air temperature. Therefore, PDSI
tends to overestimate drought severity in a warming climate because of
simplified Thornthwaite algorithm in computation of ET (Sheffield
et al., 2012). Zhang et al. (2016) also evidenced significant impacts of
selection of Penman-Monteith and Thornthwaite algorithms on drought
monitoring results. While, Dai (2011b) indicated little impacts of se-
lection of Penman-Monteith and Thornthwaite algorithms on drought
monitoring results. Besides, drought monitoring performances of PDSI
and SPEI were compared and which one can better monitor the real-
world droughts is still open for debate (Dai, 2011b; Vicente-Serrano
et al., 2011). Therefore, right drought index is critical for monitoring
and evaluation of drought events and also human adaptation to drought
hazards.

PDSI is a drought index based on the supply-and-demand concept of
the water balance equation (Palmer, 1965). It can reflect the me-
chanism of drought and which also involves the observation of soil
moisture, it may be more suitable for monitoring agricultural drought
than other drought indices. Ma et al. (2014) compared the moisture
departure of PDSI with that of the standardized precipitation evapo-
transpiration index (SPEI, Vicente-Serrano et al., 2010) and found that
the water deficit/surplus conditions can be well reflected by PDSI in a
more reasonable way. With focus on limitations and flaws of standing
drought indices, this current study aims to improve PDSI, i.e. the
modified Palmer Drought Severity Index (MPDSI), by selection of the
Penman-Monteith equation and also by considering inclusion of irri-
gation into water balance model. Besides, the empirical parameters in
the MPDSI will be estimated and verified in an adaptive way based on
regional geographical features of the study regions. Comparisons were
done between MPDSI, SPI, SPEI, and sc-PDSI to justify drought mon-
itoring performance of the MPDSI developed in this study. In addition,
drought monitoring was done across China evidencing applicability of
the MPDSI in drought monitoring across China.

2. Data

Daily precipitation data covering a period of 1951–2014 from 2474
meteorological stations across China were obtained from the National
Climate Center (NCC) of China Meteorological Administration (CMA)
and were analyzed in this study. This dataset contains air temperature,
precipitation, relative humidity, wind velocity and land surface tem-
perature. Quality control of the meteorological data indicated that the
length of the data series of> 55 years can be found at 2016 stations,
and 402 stations have data with data series length of 30–54 years
(Fig. 1b, c and d). In addition, the starting time of the data series is 1960
at most stations, i.e. 2016 stations. In this case, the study time interval
of this study is 1960–2014. The missing data account for< 0.01% of
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the total data. The missing data were processed based on Zhang et al.
(2011). The missing values< 5 days were replaced by the average
precipitation of neighboring 10 days. Adequate consecutive days with
missing data were filled by the average of the same days of other three
nearest meteorological stations. Available Water Capacity (AWC) re-
flects the soil water volume that should be available to plants, which
reflects the ability of different types of soils to buffer plants during
periods of moisture deficiency. The data for AWC are based on the
Harmonized World Soil Database (HWSD) version 1.1 finished in March
2009 and were obtained from the data center of the Cold and Arid
Regions, Chinese Academy of Science (http://westdc.westgis.ac.cn/
data/tag/key/HWSD). Irrigation data were extracted from the pro-
vincial and county irrigation yearbook and the period covers
2010–2012 and the irrigation area was demonstrated in Fig. 1a.

3. Development of MPDSI

For the sake of the completeness of the computation procedure for
MPDSI, here we started with the computation of PDSI which was pro-
posed by Palmer (1965). The time scale of the PDSI is month and i
denotes different months such as January, February, …, December. The
letter without subscript denotes input variable for computation of PDSI.
The computation of PDSI follows three steps (Fig. 2). The water defi-
ciency, d, can be computed using water balance model.

3.1. Computation of water deficiency, d

Computation of PDSI for one specific month during one specific year
will start with computation of components of water balance model
based on precipitation, temperature and AWC. Then the water defi-
ciency, d, can be obtained based on the observed precipitation and the

precipitation under the Climatically Appropriate For Existing Condition
(CAFEC). The computation of d should be based on components of
water balance, i.e. ET, R (recharge of the real world soil moisture), RO
(runoff), L (loss of the real world soil moisture), and PE (potential
evaporation), PR (potential soil moisture recharge), PRO (potential
runoff) and PL (potential loss of soil moisture). PET was computed
based on the Thorthwaite equation (Thornthwaite, 1948). Other water
balance components were obtained using the Double-Layer Soil Model
(DLSM) based on real world precipitation and potential evapo-
transpiration.

DLSM subdivided the soil layer into two parts (Eq. (1)). Therefore,
the AWC was composed by two parts, i.e. the AWC of the surface soil
layer (AWCS), being about 1 in, that is 25.4 mm; and the AWC of the
underlying soil layer (AWCU), being about 9 in, that is 228.6mm:

= +AWC AWC AWCS U (1)

We assume that the initial soil moisture of the surface and the un-
derlying soil layer is respectively Ss and Su during the early month. The
soil moisture of the surface and the underlying soil layer during the first
month is respectively SS=AWCS, SU= AWCU. The Ss and Su of the
other months can be computed by the real world observed soil moisture
during the previous months. The largest PR the soil volume can hold is
the difference between the effective soil moisture and the real world
observed soil moisture (Eq. (2)):

= +PR AWC S S( )s u (2)

The PRO is the total soil moisture, i.e.:

= +PRO S Ss u (3)

Based on DLSM, when the precipitation is not enough for ET, the
soil moisture of the surface soil layer can complement water deficiency

Fig. 1. Study region, meteorological stations and meteorological data. Spatial distribution of irrigation regions (a), meteorological stations and related data series
length (b). Temporal distribution of the data length (c) and number of stations with different data lengths (d).
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by ET and the soil moisture of the underlying soil layer can partly sa-
tisfy ET. In this case, the PL can be obtained by the following equations:

= +PL PL PLs u (4)

=PL min PE S( , )s s (5)

=PL PE PL S PL S( )·
AWCu s

u
u u (6)

The ET, R, RO and L can be computed based on P and PET: given
PET≤P, ET= PET, L=0, R=0, RO= P− ET− PR; given PET > P,
ET= P+ L, RO=0, L= Ls+ Lu, R=min (PE− P,PR). Where:

=L min PE P S( , )s s (7)

=L PE P L S PL S( )·
AWCu s

u
u u (8)

Based on aforementioned water balance components, the other
water balance components can be obtained by:

=ET PEi (9)

=R PRi (10)

=RO PROi (11)

=L PLi (12)

where =i
ET
PE

i
i
, =i

R
PR

i
i
, =i

RO
PRO

i
i
, =i

L
PL

i
i
. i denotes months of a year,

Input Data Calculation of PET

Water Balance Model

Water Deficit Index (Z) PDSI

P T PETAWC

PET
ET R

RO L

=ET/PET =RO/PRO =R/PR =L/PL 

P(CAFEC) = α*PET + β*PR + γ*PRO + δ*PL 
d = P - P(CAFEC)

Z=d*K

Ud=Z+0.15

Uw=Z-0.15

PDSI

Thornthwaite

Divide soil into two layers

PRO

PR PL

Fig. 2. Computation procedure for PDSI (Palmer Drought Severity Index).
AWC: Available Water Capacity; P: Precipitation; T: Temperature; ET: Evapotranspiration; R: Recharge; RO: Runoff; L: Loss; PET: Potential Evapotranspiration; PR:
Potential Recharge; PRO: Potential Runoff; PL: Potential Loss; P(CAFEC): Precipitation in Climatically Appropriate For Existing Condition; D: Multi-year average of
water deficient value (d); K′/K: Weighting factor; Z: Water deficit index; Ud: Effective dryness; Uw: Effective wetness.
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i.e. i=1, 2, 3, …, 12; αi, βi, γi, and δi denote coefficients of the water
balance components related to ith month. Letter with straight line cap
denotes mean value related to a specific month; and ET , R , RO and L
denote respectively the ET, recharge of the soil moisture, runoff and
loss of soil moisture under the CAFEC. Then we computed the pre-
cipitation amount under the CAFEC for a specific month (Eq. (14)) and
also the water deficiency based on the real world observed precipitation
amount (Eq. (13)):

=d P P (13)

= + +P ET R RO L (14)

where d denotes the water deficiency, P denotes the actual precipitation
amount, P denotes the precipitation amount under the CAFEC (Cli-
matically Appropriate For Existing Condition).

3.2. Determination of Z values

The water deficiency, d, is used to measure the difference between
the actual precipitation amount during the current month and the P
with unit of inch or mm. However, the P value is different for different
region and different months. Therefore, the same d value may reflect
different humidity conditions given specific region and specific month,
e.g. similar water deficiency may imply different drought intensities for
arid and humid regions or rain and dry seasons respectively. In this
case, the modification factors, K, was introduced to quantify water
demand and requirement relations in a given region.

We compute water demand using + +PE RO R and water supply
using +P L . We modified the water deficiency, d, to the water defi-
ciency index, Z, to reflect in the right way the changes in wetness and
dryness:

= = + +
+

K PE RO R
P L

Water demand
Water supply (15)

=Z dK (16)

Z index indicates the deviation of actual wetness/dryness conditions
from the long term annual average water availability in a given region
during a given month. In arid regions, water demand is larger than
water supply and hence drought condition is higher sensitive to water
deficiency or water supply than other regions. Therefore, K > 1 and K
acts as an amplifier and emphasizes the importance of water avail-
ability, which however, does not benefit PDSI-based drought mon-
itoring over a larger scale region. K value should be modulated again
and again given drought monitoring in a specific region with specific
water availability and other specific geographical properties. Later on,
the K factor was further improved as shown by Eq. (17). Variable with a
short line above indicates the long term annual average of this variable
for a given month, i. Di denotes the long term annual average of the
absolute value of the water deficiency, di, during a given month, i.
Hence, the modulated K value for a given region in a given month is Ki′.
Comparisons done for 9 study regions indicated different D Ki i and
the average value of D Ki i of 9 study regions, i.e. 17.67, was taken as
the numerator and the D Kj j for a given region was taken as the de-
nominator. The K value was modulated again (Eq. (18)). The following
K value can be used for drought monitoring in the study regions by
Palmer only, but is not appropriate for drought monitoring in other
regions than the regions by Palmer.

=D
d

length of years
| |

i
all years i

(17)

=
+

+
+ +

+K
D

1.5log
2.8

0.5i

PE R RO
P L

i
10

i i i
i i

(18)

=
=

K
D K

K17.67
i

j j j
i

1
12

(19)

3.3. Impacts of antecedent water availability on drought conditions

Water deficiency can reflect drought intensity and drought duration
is also one of the factors of drought regimes (Lee et al., 2013; Reddy and
Ganguli, 2012). Considering impacts of antecedent water deficiency on
drought conditions, drought duration and Z values for each individual
drought event were computed to analyze impacts of antecedent water
deficiency on drought intensity (Eq. (20)). The PDSI for the early stage
of the drought regime can be computed by Eq. (21). The 0.897 and 1/3
are the empirical coefficients. Different equations can be obtained
based on historical drought record for a given region and the empirical
coefficients can be obtained correspondingly.

= +PDSI PDSI Z0.897 1
3i i i1 (20)

=PDSI Z1
3i i (21)

The PDSI should be determined based on the end time of a drought
event. Based on classification of drought grades, −0.5≤ PDSI≤ 0.5
means normal condition or the end of a drought event. Therefore, we
have:

= + <PDSI Z PDSI0.5 0.897 1
3

given 0.5i i i1 1 (22)

Taking PDSIi−1=−0.5 into Eq. (22) indicates that the Zi> −0.15
can bring end to a drought event. Therefore, the effective increase of
water can be defined as:

= +U Z 0.15w (23)

Similarly, the effective increase of aridity can be defined byUd as:

= + >PDSI Z PDSI0.5 0.897 1
3

given 0.5i i i1 1 (24)

=U Z 0.15d (25)

The probability that the current wet or dry conditions end can be
regarded as the percentage of the loss (gain) of the water volume to the
loss (gain) of the water volume that actually ends the wet or dry con-
ditions. However, it does not mean that the effective wetness and ef-
fective dryness can well replace the actual demand of water volume to
end the dry conditions because a long term wet period interrupted by a
dry month may also have negative impacts on effective wetness of this
period, i.e. Uw. Therefore the cumulative value of the effective wetness
or dryness was defined as:

If the antecedent consecutive dry condition ends, then:

= + <V V U U Vi i w w i1 1 (26)

=V U V0i w i 1 (27)

If the antecedent consecutive wet condition ends, then:

= + <V V U U Vi i d d i1 1 (28)

=V U V0i d i 1 (29)

And then the probability that the antecedent consecutive wet/dry
condition ends can be computed as:

=
+

P V
Z V

100%e
i

i i 1 (30)

Given Pe=100%, the backtracking will be started and then the
PDSI can be obtained. In the aforementioned analysis, three parameters
were set, i.e. the PDSI just before the start of a wet event, the PDSI just
before the start of a dry event and PDSI of the current month. The actual
PDSI can be selected from these three parameters based on computed
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Pe. Classification of PDSI can be referred to Table 1.

3.4. Computation of sc-PDSI

The entire computation procedure of PDSI contains numerous em-
pirical parameters and these parameters will be evaluated based on the
hydrothermal conditions of the study regions. Therefore, limitations of
the PDSI in regional drought monitoring are evident. Wells et al. (2004)
proposed self-calibrated PDSI, i.e. sc-PDSI. The basic idea of the sc-PDSI
is to decide the weighting factors and duration factors based on in situ
observed hydrometeorological variables. In the analysis procedure, the
self-calibrating of the empirical parameters can be done and hence the
sc-PDSI enhanced spatiotemporal comparison of the drought mon-
itoring results. More detailed algorithms and computation procedures
can be found in Wells et al. (2004).

3.5. Development of the MPDSI

It was well evidenced that selections of the algorithms for ET can
heavily influence the drought monitoring results by PDSI (e.g. Sheffield
and Wood, 2008; Sheffield et al., 2012). PDSI with ET by Thorthwaite
method is highly sensitive to temperature changes and so significant
drought amplification can be expected in a warming climate given PDSI
with ET by Thorthwaite method. Zhang et al. (2016) indicated higher
drought intensity using PDSI with Thornthwaite method than that using
PDSI with Penman-Monteith method. Therefore, it was assumed that
drought intensity tended to be overestimated using PDSI with
Thornthwaite method for computation of ET. In this case, we used
Penman-Monteith method in evaluation of ET.

The sc-PDSI addressed calibration of empirical parameters in
drought monitoring using PDSI for specific regions and this method has
been widely used in global drought monitoring practice (e.g. Sheffield
et al., 2012; van der Schrier et al., 2013; Osborn et al., 2016). However,
computation of the precipitation amount under the CAFEC in sc-PDSI
only includes ET, R, RO, and L, without considering impacts of irriga-
tion on drought conditions, and on agricultural drought in particular.
Northern China and northwestern China are the major agricultural
production producers and are also heavily impacted by droughts. Irri-
gation is critical to maintain the agricultural production in these re-
gions (Thomas, 2008). Therefore, irrigation and precipitation combine

to act as water supplier. This constitutes the major motivation to in-
clude irrigation into MPDSI in this current study.

In this study, we include irrigation, I, into the modified water bal-
ance model involving precipitation, moisture variations, runoff pro-
duction, loss of soil moisture, irrigation and evapotranspiration. At first,
we computed the potential irrigation and component of water balance,
θi, and then we estimated the modulated precipitation amount, P , and
water deficiency, d, under the CAFEC, i.e.:

= + +P ET R RO L I (31)

=d P P (32)

where =i
I

PI
i
i
, and =I PIi . The computation of the PR, PRO, and PL is

the same as those for PDSI. Computation of PET follows the Penman-
Monteith equation. The water balance analysis in this case will include
irrigation, i.e.:

Given PET≤P+ I,

=ET PET (33)

=L 0 (34)

=R 0 (35)

= +RO P I ET PR (36)

Given PET > P+ I,

= +ET P L (37)

=RO 0 (38)

= +L L Ls u (39)

=R min PE P I PR?( ) (40)

wherein Ls=min (PE− P− I, Ss); and =L PE P I L( )·u s
S

AWC
u ,

given PLu≤ Su. In this study, information pertaining to irrigation
management during 2010–2012 was obtained from 172 agrometeor-
ological stations, and the irrigation management information includes
irrigation timing, irrigation amount, and so on. Based on this dataset,
we decided irrigation frequency and the quota of irrigation, Iquota. We
decided whether the irrigation is done or not based on irrigation fre-
quency and irrigation threshold (the threshold soil moisture when ir-
rigation is necessary). The irrigation amount, I, is 0 given the actual soil
moisture is larger than the irrigation threshold or the irrigation times
are larger than the rated irrigation times. When the soil moisture is too
small to satisfy the water demand by normal plant growth, the irriga-
tion will be done and the irrigation amount is decided by:

=I min De I( , )quota (41)

where De denotes the soil moisture deficiency and can be computed as:

+ < < =AWC S S P PR P DeWhen ( ) , i. e. , then 0s u (42)

+ > >
= +

AWC S S P PR P
De AWC S S P

When ( ) , i. e. ,
then ( )

s u

s u (43)

Table 1
Classification of the Palmer Drought Severity Index (PDSI) value.

Value Classification Value Classification

>4.00 Extreme wet −0.99 to −0.50 Slight drought
3.00–3.99 Severe wet −1.99 to −1.00 Mild drought
2.00–2.99 Moderate wet −2.99 to −2.00 Moderate drought
1.00–1.99 Mild wet −3.99 to −3.00 Severe drought
0.50–0.99 Slight wet <−4.00 Extreme drought
−0.49–0.49 Normal

Fig. 3. Temporal variations of the SPI, SPEI, SCPDSI and MPDSI over China. SPI: Standardized Precipitation Index; SPEI: Standardized Precipitation
Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity Index; MPDSI: Modified Palmer Drought Severity Index.
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The relative soil moisture refers to the percentage of soil moisture
content to the field capacity (%). The field capacity refers to the soil
moisture content when the soil capillary water reaches the maximum,
expressed as percentage by weight. The soil moisture content refers to
the weight of water in the soil divided by the weight of the dry soil,
expressed as percentage by weight. Taking the winter wheat as an ex-
ample, the relative humidity threshold is 70% for the seedling stage,
tillering period, overwintering, and greening period is 70%. The re-
lative humidity is 80% for jointing and booting, filling time when more
water is required. The relative humidity threshold for maturity is re-
latively smaller, being 55%.

3.6. Copula-based identification of drought events

Drought processes are in slow evolution in both space and time
when compared to other extreme events such as flash floods. The entire
drought processes are usually interrupted by a range of intermittent
drought episodes with different drought intensities and drought dura-
tions. In this case, drought events defined by Run theory usually un-
derestimate drought intensities (Herbst et al., 1966). Therefore, the
joint functions by Copula can define drought events using different
drought properties and can better identify drought events when com-
pared to Run theory. Copula was proposed as a joint function which has
been widely used in hydrological drought (Shiau et al., 2010), me-
teorological drought (She and Xia, 2018), and heavy rain disasters
(Sarhadi et al., 2016). Shiau (2006) developed a two-dimensional joint
distribution function with drought duration and drought intensity as
variables. Mirabbasi et al. (2012) analyzed drought frequency during
1967–2007 using the Gumbel-copula function with the best fitting
performance. The Copula function has impressive performances in
modelling multivariate drought regimes. Therefore, we accepted two
drought features, i.e. drought duration and drought intensity, for fur-
ther analysis using Copula functions in monitoring of droughts by SPI,
SPEI, sc-PDSI and MPDSI (Figs. 5, 6, and Table 3).

Fig. 4. Density distribution, scatter plots and correlation coefficient for drought indices considered in this study based on observations at 2474 stations across China.
Insets along the diagonal direction shows the density distribution of the drought indices with x axis for drought indices and y axis for density of drought indices; the
lower left triangle shows scatter plots with x axes and y axes for drought indices considered in this study; the upper right triangle shows correlations between drought
indices considered in this study. * denotes the correlation is significant at 0.001 significance level. SPI: Standardized Precipitation Index; SPEI: Standardized
Precipitation Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity Index; MPDSI: Modified Palmer Drought Severity Index.

Table 2
Classification of the Standardized Precipitation Evapotranspiration Index (SPEI)
and Standardized Precipitation Index (SPI) values.

Value Classification Value Classification

≥2.00 Extreme wet −1.00 to −0.49 Mild drought
1.50–1.99 Severe wet −1.5 to −0.99 Moderate drought
1.00–1.49 Moderate wet −2.00 to −1.49 Severe drought
0.5–0.99 Mild wet <−2.00 Extreme drought
−0.5–0.49 Normal
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4. Results and discussions

We verified the drought monitoring performance of MPDSI pro-
posed in this study. Firstly, we compared drought monitoring results by
MPDSI and those by SPI, SPEI and sc-PDSI to show rationality of MPDSI
when compared to standing drought monitoring indices. Besides, the
advantages of the drought monitoring performance of MPDSI over the
standing drought monitoring indices considered in this study were
evaluated based on comparisons between the droughts monitored by
the drought indices and the observed or recorded drought events and
drought processes across China.

4.1. Comparison of monitored drought processes by drought indices and
correlations

Fig. 3 shows the temporal variations of monthly droughts during
1960–2014 by SPI, SPEI, sc-PDSI and MPDSI respectively. The dashed
line marked by 0 shows the normal condition. We found from Fig. 3 that
the drought processes by four drought indices follow the similar
changing pattern, which are consistent with the results of other re-
searches (Chen and Sun, 2015; Wang et al., 2015; Wang et al., 2017;
Yan et al., 2016; Zhang et al., 2016). Specifically, we found strong
consistency between SPI and SPEI, and between sc-PDSI and MPDSI.
Because these two groups of drought indices monitor different drought
types: SPI and SPEI are mainly for meteorological droughts, and sc-PDSI

and MPDSI mainly for agricultural drought. However, we can also ob-
serve similar fluctuations between SPI, SPEI, and sc-PDSI and MPDSI
due to causality between meteorological and agricultural droughts in
mechanisms. Besides, we found larger fluctuation magnitude in MPDSI
than in sc-PDSI changes before 1980, high agreement between MPDSI
and sc-PDSI changes during 1980–2000, but lower fluctuation magni-
tude in MPDSI than in sc-PDSI. This result implies less sensitivity of
MDPSI to temperature changes than sc-PDSI. Sheffield et al. (2012)
argued that PDSI tends to overestimated drought conditions in a
warming climate due to excessive sensitivity of PDSI to warming tem-
perature. Therefore, the MPDSI has the advantage over the sc-PDSI in
response to warming temperature. We can expect unbiased evaluation
of drought conditions in a warming climate using MPDSI.

Furthermore, we also quantitatively evaluated correlations between
drought conditions monitored by four drought indices considered in
this study (Fig. 4). The numbers listed in the upper right triangle of
graph matrix display correlation coefficients of the drought indices, and
the significance was tested at 0.001 significance level. The curves along
the diagonal of the graph matrix show the density distributions of each
drought index value and the lower left triangle of the graph matrix for
the marginal carpet.

Correlation coefficients between SPI and SPEI, sc-PDSI and MPDSI
are respectively 0.89 and 0.82, and the correlation coefficients are
statistically significant. While, correlation coefficients between SPI and
sc-PDSI, MPDSI are respectively 0.33 and 0.46, and are statistically

Fig. 5. Relations between duration and severity of the largest 10 drought events during 1960–2014 monitored by SPI (a), SPEI (b), SCPDSI (c) and MPDSI (d). SPI:
Standardized Precipitation Index; SPEI: Standardized Precipitation Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity Index; MPDSI:
Modified Palmer Drought Severity Index.
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significant at 0.001 significance level. This result indicates evident re-
lations between meteorological droughts and agricultural droughts.
Density distribution and carpet marginal plots indicate that values of
SPI and SPEI are between −2 and 2 with maximum density value of
around 0.4. However, values of sc-PDSI and MPDSI are between −4
and 4 with maximum density value of around 0.2. −2 and −4 corre-
sponds well to the marginal threshold of the SPI, SPEI, sc-PDSI and
MPDSI values (Tables 1 and 2). In this sense, MPDSI follows the clas-
sification categories of the sc-PDSI and is similar to sc-PDSI in physical
sense.

4.2. Drought monitoring performance of MDPSI

In terms of drought duration, the longest duration of the 10 most
serious drought events monitored by SPI and SPEI was 20months and
19months, respectively. However, the durations of these 10 drought
events are mostly 8–10months. (Fig. 5a and b). The longest durations of
droughts monitored by sc-PDSI and MPDSI are respectively 22months
and 30months, respectively. Meanwhile, durations of 8 out of 10
drought events monitored by sc-PDSI are mostly 15–20months (Fig. 5c
and Table 3). In addition, durations of droughts monitored by MPDSI
are in good agreement with those by SPI and SPEI. From the perspective
of drought duration, the durations of droughts monitored by sc-PDSI

are relatively longer than those by SPI, SPEI and MPDSI. This result
further corroborated the findings by Sheffield and Wood (2008);
Sheffield et al. (2012) that PDSI tends to overestimated drought con-
ditions. While, MPDSI proposed in this current study can well overcome
this deficiency and performs better in describing drought features with
respect to drought duration.

In terms of monitoring of drought intensity, different ranges of
drought intensity by different drought indices (Fig. 4, Tables 1, 2)
produced different drought intensities evaluated by SPI, SPEI and sc-
PDSI, MPDSI. However, similar drought intensities can be observed for
drought intensities by SPI, SPEI, and sc-PDSI and MPDSI respectively.
The cumulative drought intensity by SPI is between −20 and −40; and
the cumulative drought intensity by SPEI is about −15. The drought
intensity monitored by SPEI is lower than that by SPI because the SPEI
includes impacts of evapotranspiration on drought intensity, but not
precipitation only. When compared to drought intensity by sc-PDSI,
drought intensity monitored by MPDSI is lower than that by sc-PDSI.
While, the cumulative drought intensity by sc-PDSI ranges between
−82.62 and −154.86 and the drought duration ranges between 15 and
30 (Fig. 5 and Table 3); the cumulative drought intensity by MPDSI
ranges between −63.41 and −231.3 and the drought duration ranges
between 7 and 22 (Fig. 5 and Table 3). Therefore, modulations of
evapotranspiration and inclusion of impacts of irrigation, drought in-
tensities and drought durations are significantly modified to reflect the
actual drought conditions.

Fig. 6 illustrates spatial evolutions of the most severe 100 drought
events in terms of drought durations and drought intensity in recent
55 years across China. The size of the filled circles denotes the drought
duration of the period, and the color characterizes the intensity of
drought. Here the drought intensity refers to the accumulative drought
intensity. Fig. 6 tells the story that droughts monitored by SPI were
identified mainly in eastern China and the severe droughts in the
Yellow River basin and northeastern China. While, droughts monitored
by SPEI were identified mainly in northern China and specifically, the
Yellow River basin and the northwestern China are the regions domi-
nated by frequent severe droughts. The droughts monitored by sc-PDSI
were observed mainly in southern China. The Yangtze River Basin and
the Pearl River Basin are the regions dominated by frequent drought
hazards. Droughts monitored by SPI and SPEI are mainly meteor-
ological droughts and hence the spatial pattern of droughts by SPI and
SPEI is similar. Droughts monitored by MPDSI were found mainly in the
regions between the Yellow River and the Yangtze River and in the
northeastern China as well. However, pretty few droughts can be found
in the Xinjiang, northwestern China. It should be noted here that
croplands in the Xinjiang region and in the northern China as well are
well irrigated (Zhang et al., 2015). Irrigation can greatly alleviate ne-
gative impacts of droughts on agricultural production. In this current
study, irrigation was included in the development of MPDSI, and hence
the impacts of irrigation on drought intensity and drought duration
were well considered. This is why the irrigated regions were dominated
by few droughts. In this sense, MPDSI can better reflect actual drought
conditions when compared to standing drought indices and SPI, SPEI,
sc-PDSI in this study in particular.

Chen and Sun (2015) detected that droughts occurred more fre-
quently and were more severe in the early twenty-first century, which is
in good line with our findings about drought occurrences in the
northern basins, but is not in agreement with our findings about
drought occurrences in the southern river basins. It could be due to the
fact that the drought index such as SPEI is more sensitive to pre-
cipitation rather than temperature. In terms of the corresponding re-
lationship between precipitation, temperature and dry-wet change,
precipitation is the critical controlling factor of dry-wet change in a
region based on SPEI. Abundant rainfall in southern China will make
drought monitoring weaker than actual drought conditions, which is
obviously inappropriate. The results by Zhai et al. (2017) indicated that
areas with a significant trend in dryness can be found in a band

Table 3
Statistical features of the 10 worst droughts during 1960–2014.

Drought
index

Rank Start End Duration
(month)

Severity (cumulative
drought index)

SPI 1 2008.09 2010.04 20 −58.1141
2 2012.11 2014.03 17 −54.9758
3 2006.08 2007.07 12 −46.0758
4 2010.10 2011.07 10 −34.4566
5 2011.07 2012.05 11 −27.5851
6 2010.01 2010.08 8 −35.1577
7 2014.02 2014.11 10 −27.9006
8 2007.02 2007.11 10 −25.897
9 2011.04 2011.10 7 −29.6136
10 2014.01 2014.08 8 −26.9989

SPEI 1 1962.02 1963.08 19 −39.427
2 1960.06 1961.02 9 −18.0738
3 1961.09 1962.04 8 −18.3994
4 2013.02 2013.10 9 −16.7941
5 1965.05 1966.00 8 −16.3641
6 2010.01 2010.08 8 −16.2952
7 1970.11 1971.06 8 −16.0613
8 2007.04 2007.11 8 −15.1269
9 2013.11 2014.06 8 −14.3753
10 2008.12 2009.07 8 −14.231

SCPDSI 1 2010.03 2012.08 30 −154.86
2 2003.10 2005.09 24 −148.29
3 1960.12 1962.07 20 −108.55
4 1993.11 1995.04 18 −94.08
5 1966.11 1968.04 18 −88.94
6 2013.09 2014.12 16 −93.74
7 1995.12 1997.05 18 −85.53
8 2002.12 2004.04 17 −87.22
9 1997.05 1998.08 16 −88.46
10 1979.05 1980.07 15 −82.62

MPDSI 1 2011.07 2013.04 22 −231.3
2 2000.07 2001.08 14 −129.6
3 2006.07 2007.07 13 −138.03
4 2007.06 2008.05 12 −135.88
5 2010.06 2011.06 13 −128.7
6 2011.08 2012.06 11 −101.44
7 2004.09 2005.06 10 −94.15
8 2009.07 2010.03 9 −97.7
9 2010.06 2011.01 8 −70.6
10 2011.01 2011.07 7 −63.41

SPI: Standardized Precipitation Index; SPEI: Standardized Precipitation
Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity
Index; MPDSI: Modified Palmer Drought Severity Index.
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reaching in a direction from the southwest to the northeast of China,
while areas with significant trends in wetness are especially detected in
the northern river basins in recent decades. They monitored droughts
based on SPI, which also has the shortcoming of being too sensitive to
precipitation. But in their study, the relationships between the intensity
and the area of droughts for a specific duration were analyzed by the
intensity-area-duration method, which means that the determination of
drought events not only depends on drought intensity, but also on
drought duration and drought-affected area. It can overcome the defi-
ciency of identifying drought events only through indices and reflect
the actual distribution of drought events in a right way. The drought
distribution proposed by Zhai et al. (2017) is obviously different from
the spatial distribution of the severest 100 drought events identified by
SCPDSI (Fig. 6c), which is to some extent in line with the findings about
spatial distribution of the severest 100 drought events identified by
MPDSI (Fig. 6d). It may be due to the fact that sc-PDSI is exaggeratedly
sensitive to warming air temperature (Sheffield and Wood, 2008;
Sheffield et al., 2012), while MDPSI is less sensitive to temperature
changes than sc-PDSI (Fig. 3). In general, the results by Chen and Sun
(2015) and Zhai et al. (2017) implied that MPDSI can be more rea-
sonable to reflect the real droughts than other alternative drought in-
dices.

4.3. Drought monitoring performance of MPDSI by observed droughts

Fig. 7 demonstrates the spatial pattern of the cumulative value of
the drought indices across China. The filled red circles denote the center
of the drought-affected regions, showing spatial evolutions of the

drought regimes. In the summer of 2009, severe drought occurred in
southwestern China, which continued in the following autumn and
winter seasons, resulting in widespread water shortage. Zhang et al.
(2013) suggested that the precipitation deficiency in 2009 was due to
the emergence of the El Niño phenomenon, resulting in a large range of
deficit precipitation in the southwestern China, especially higher than
50% of precipitation deficiency occurred during September 2009 to
March 2010. Less precipitation and sustained high temperatures were
the main driving factors behind these heavy droughts (Lu et al., 2011;
Zhang et al., 2012; Yang et al., 2012). During October 2010 to February
2011, the northern China and also the main winter wheat supplier was
dominated by severe droughts. During January–May 2011, drought
center moved to the middle and lower Yangtze River basin. Thereafter,
the drought was relieved on the arrival of the rainy season. In the fol-
lowing May–October, 2011, precipitation deficiency was observed in
the southwestern China and was followed by severe droughts. We can
find from Fig. 7 that SPEI and MPDSI can well describe spatial evolution
of droughts.

Fig. 8 shows spatial distribution and spatial evolution of droughts
monitored by SPI, SPEI, sc-PDSI, and MPDSI during September 2009 to
April 2010. It can be seen from Fig. 8 that droughts occurred over
majority of regions across China during September and October, 2009.
While, intensity of droughts monitored by sc-PDSI and MPDSI is sig-
nificantly higher than that by SPI and SPEI. However, in the following
months, the droughts monitored by different drought indices are in
evident differences. Based on drought monitoring results by SPI and
SPEI, light droughts or moderate droughts occurred over sporadic re-
gions during November–December, 2009, and March–April 2010,

Fig. 6. Spatial distribution of the severest 100 drought events during 1960–2014 with respect to drought severity and drought duration. SPI: Standardized
Precipitation Index; SPEI: Standardized Precipitation Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity Index; MPDSI: Modified Palmer
Drought Severity Index.
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which is consistent with the results by Zhao et al. (2017). These results
are obviously inconsistent with the observed drought conditions. While,
the drought conditions monitored by sc-PDSI and MPDSI are in good
line with the observed drought conditions. Comparison of droughts
monitored by sc-PDSI and MPDSI indicated similar regions dominated
by droughts and the drought intensity was identical also. However,
during November 2009 to April 2010, smaller regions with droughts
monitored by MPDSI can be identified than sc-PDSI. Intensity of the
droughts monitored by MPDSI is significantly larger than that by sc-
PDSI. Observations of drought conditions indicated that the period from
autumn 2009 to April 2010 witnessed 50% less precipitation than the
same period of the previous years over southwestern China. Over Oc-
tober 2009, the droughts appeared and then expanded to the entire
Yun'nan Province during November 2009. In December 2009, the
droughts began to occur over Guizhou and Guangxi and started to ex-
tend to neighboring provinces. In February 2010, the droughts across
the southwestern China started to intensify. It can be seen from Fig. 8
that droughts monitored by sc-PDSI reached its peak drought intensity
in November 2009, and then intensified droughts were not identified
based on sc-PDSI results from December 2009 to January of the sub-
sequent year, which is inconsistent with the observed drought pro-
cesses. However, drought monitoring results by the MPDSI tell another
different story that intensified droughts were successfully monitored
from December to April 2009 although the overall drought-affected
regions were not changed significantly. Specifically, the MPDSI suc-
cessfully monitored drought-affected regions such as the Yunnan and
Guizhou provinces. All these results by MPDSI are in good agreement
with the observed drought conditions.

5. Conclusions

Development of application of the right drought indices is the first
step for appropriate drought monitoring practice. PDSI has been widely
used in drought monitoring at global and regional scales. However, it
was argued that PDSI tends to overestimate the drought conditions in
terms of intensity and duration. In this current study, we proposed the
improved version of PDSI, i.e. MPDSI, by using Penman-Monteith
model for estimation of the potential evapotranspiration. Moreover, we
included the irrigation into the water balance analysis and also con-
sidered the self-corrected K value to improve the PDSI index.

Although much work has been done to characterize the drought as
much precision as possible, there are still some scientific issues to be
answered in the ongoing investigations. Firstly, in terms of time scale,
the drought indices calculated in this study are all at monthly scales
which benefit the comparisons amongst drought indices. While the
drought indices at weekly scale can describe the evolution process of
droughts in a more specific and explicit way, and also realize calcu-
lating irrigation quota corresponding to different crop growth stages.

In addition, the growth stage of crops mostly lasts for ten days,
while the time scales of drought indices are monthly. For the sake of
calculation, we subdivided the entire growing period into several time
intervals and roughly corresponding to different months according to
the water demand in different growth stages. The calculation of the
irrigation water amount is done for each month.

Thirdly, MPDSI is limited by the sample size of the irrigation data.
Irrigation data is the most important factor constrainting the applica-
tion of MPDSI, such as irrigation time, irrigation threshold, irrigation
frequency and irrigation quota of different crops in different areas. The

Fig. 7. Temporal and spatial drought evolution during December 2010 to December 2011.
The filled red circles denote center of drought events and the arrows denote the movement routes and related directions of the drought center. SPI: Standardized
Precipitation Index; SPEI: Standardized Precipitation Evapotranspiration Index; SCPDSI: self-calibrated Palmer Drought Severity Index; MPDSI: Modified Palmer
Drought Severity Index. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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unification of time scale of the drought index and growth stages of
crops, as well as better irrigation data, is conducive to quantifying the
impact of irrigation on drought and enabling it more suitable for agri-
cultural observation of irrigated areas.

Generally, the aforementioned analyses can help to obtain the fol-
lowing interesting and important scientific conclusions:

(1) We proposed a new version of PDSI index using Penman-Monteith
model and including irrigation into water balance analysis.
Comparisons between SPI, SPEI, SCPDSI and MPDSI indicated dif-
ferent drought monitoring results due to different physical me-
chanisms of each individual drought index in describing drought
conditions. Besides, we further corroborated overestimation of
drought conditions by PDSI. While, the MPDSI proposed in this
study can well overcome this deficiency.

(2) Each drought index has its own strength and weakness in drought
monitoring practice. Drought duration/drought intensity by SPEI is
shorter/lower than that by SPI in that SPEI considers impacts of
evapotranspiration on drought conditions. From the perspective of
drought duration, the durations of droughts monitored by sc-PDSI
are relatively longer than those by SPI, SPEI and MPDSI. When
compared to drought intensity by sc-PDSI, drought intensity mon-
itored by MPDSI is lower than that by sc-PDSI. In this sense, the
MPDSI has advantages over PDSI and sc-PDSI in drought mon-
itoring.

(3) Verification and evaluation of drought monitoring performance of
the MDPSI indicated that droughts monitored by SPI were found
mainly in the Yellow River basin and the northeastern China.
Droughts monitored by SPEI were observed mainly in the northern
China and in the Yellow River basin, the Xinjiang region in parti-
cular. Drought monitoring results by the sc-PDSI indicated that
southern China is the regions with frequent droughts. Droughts
monitored by MPDSI were found mainly in the regions between the
Yellow River and the Yangtze River and in the northeastern China
as well. However, few droughts can be found in the Xinjiang,
northwestern China. Irrigation can greatly alleviate negative im-
pacts of droughts and hence the impacts of irrigation on drought
intensity and drought duration were well considered since that ir-
rigation was included in the development of MPDSI.

(4) To further explore the applicability of the MPDSI method in
drought monitoring across China, comparison was done on drought
monitoring performance of SPI, SPEI, SCPDSI and MPDSI when
compared to the observed drought processes during 2010–2011 and
2009–2010. The droughts monitored by MPDSI are consistent with
the actual drought observations in terms of drought-affected area
and spatial drought evolution. Therefore, we can conclude that
MPDSI can be accepted in drought monitoring practice across
China. Ongoing work will be focused on impacts of irrigation on
drought conditions at finer time scales such as weekly and even
daily time scales. Besides, different water requirements of crops
during different growing seasons should also be considered in de-
velopment of drought index. However, all these improvements
should rely on field observations of relations between irrigation and
crop growing processes.
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