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Assessing vegetation response to drought in the Laohahe
catchment, North China
Xiaofan Liu, Liliang Ren, Fei Yuan, Jing Xu and Wei Liu

ABSTRACT
In order to better understand the relationship between vegetation vigour and moisture availability, a
correlation analysis based on different vegetation types was conducted between time series of
monthly Normalized Difference Vegetation Index (NDVI) and Palmer Drought Severity Index (PDSI)
during the growing season from April to October within the Laohahe catchment. It was found that
NDVI had good correlation with PDSI, especially for shrub and grass. The correlation between NDVI
and PDSI varies signiﬁcantly from one month to another. The highest value of correlation coefﬁcients
appears in June when the vegetation is growing; lower correlations are noted at the end of growing
season for all vegetation types. The inﬂuence of meteorological drought on vegetation vigour is
stronger in the ﬁrst half of the growing season, before the vegetation reaches the peak greenness. In
order to take the seasonal effect into consideration, a regression model with seasonal dummy
variables was used to simulate the relationship between NDVI and PDSI. The results showed that the
NDVI–PDSI relationship is signiﬁcant (α ¼ 0.05) within the growing season, and that NDVI is an
effective indicator to monitor and detect droughts if seasonal timing is taken into account.
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INTRODUCTION
Drought is a complex natural hazard that causes economic,

index, which allows scientists to quantify climate anomalies

environmental and social consequences worldwide. Global

in terms of intensity, duration and spatial extent. In China,

economic loss caused by drought each year is up to 6–8 bil-

some widely used drought indices include the Palmer

lion US dollars, which is much more than other natural

Drought Severity Index (PDSI) (Palmer ), the surface

hazards (Wilhite ). In the agricultural sector, drought

humid index (Ma & Fu ), the Standardized Precipitation

is one of the dominant causes of crop loss in China.

Index (SPI) (Mckee et al. ) and the Water Deﬁcit Index

According to statistics, the mean annual area of drought

(WDI) (Moran et al. ).

was about 21.6 million hectares during the period

Palmer () developed the PDSI according to the

1949–1999, accounting for 60% of the total area of meteor-

concept that it is climatically appropriate for existing con-

ological disasters, and crop loss was about 10 billion

dition (CAFEC), which carried the drought index research

kilograms in each year (Yuan & Zhou ).

a step forward. The effects of water deﬁcit and duration on

It is difﬁcult to detect and monitor drought for three

drought severity are considered by the PDSI comprehen-

reasons: (1) it develops slowly, and the onset and end are

sively. The main items of water budget in the PDSI

indistinct; (2) it is not precisely and universally deﬁned;

include precipitation, evapotranspiration runoff and soil

and (3) its impact is non-structural and often spread over

water content, which can be calculated by the water bal-

very large areas (Wilhite ; Lei & Albert ). The com-

ance method or a hydrological model. In addition, the

plex drought phenomenon can be represented by a drought

inﬂuence of water deﬁcit in the prior period on drought
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in the later period is also considered by the PDSI. All of

periods of the vegetation growth cycle. It is necessary

these characteristics mean that the PDSI has explicit phys-

to take seasonality into account in the understanding of

ical meanings and spatial and temporal comparability.

vegetation vigour and drought index relationships. This

Since the theory, advantages and calculation method of

study therefore attempts to demonstrate a statistical

the PDSI were introduced by Fan & Zheng (), Chinese

method that considers the seasonal timing effects of

meteorologists have modiﬁed the PDSI model using local

moisture availability.

meteorological data in order to establish the meteorologi-

Drought has often threatened the subsistence environ-

cal drought model of China (An & Xing ; Liu et al.

ment in northern China, resulting in water resources

). Nowadays, the PDSI is widely used to represent

scarcity, environment degradation and desertiﬁcation. The

the genesis, severity, onset, end and duration of drought

objective of this paper is to assess the inﬂuence of drought

in China (Wei et al. ).

on vegetation vigour in northern China by analysis of

In addition to drought indices, satellite sensor data have

monthly AVHRR-NDVI and PDSI relationships. In order

been playing an increasingly important role in monitoring

to take the seasonal effect into consideration, a regression

drought-related vegetation conditions. The National Ocea-

model with seasonal dummy variables was used to simulate

nic and Atmospheric Administration (NOAA) Advanced

the relationship between the NDVI and PDSI for different

Very High Resolution Radiometer (AVHRR) is the most

vegetation types.

widely applied spaceborne sensor for investigating droughts.
The sensor has been orbiting the globe since the late 1970s
with ﬁve spectral channels (one in the visible, one in the

STUDY AREA AND DATA PREPARATION

near infrared, one in the mid-infrared and two in the thermal
range; Bayarjargal et al. ). The Normalized Difference

Study area

Vegetation Index (NDVI) derived from AVHRR data has
been widely used to monitor and evaluate terrestrial veg-

The Laohahe catchment is located in the semi-arid region

etation vigour.

of northern China and has a drainage area of 18,599 km2,

Because the NDVI is highly correlated to green-leaf

with
W

the

Xiaoheyan

hydrological

station

(42 260 N,
W

0

density and vigour, it is considered to be a proxy for the

119 34 E) at the catchment outlet (Figure 1). Elevation

status of above-ground biomass at the landscape level

within the catchment ranges from 444 to 1,836 m above

and is widely used in remote sensing of the terrestrial

mean sea level, with elevation declining from the south-

environment (Bannari et al. ; Lei & Albert ).

west towards the northeast. Forest, shrub, grass and

The close relationship between vegetation vigour and

croplands make up most of the vegetation cover in the

available soil moisture, especially in arid and semi-arid

Laohahe catchment. There are 52 rain gauges and four

areas,

has

meteorological stations in this basin (Figure 1) and the

been used to evaluate drought condition by directly

recorded data are available from 1960 to 2005. Average

comparing it to precipitation or drought indices (Tucker

annual maximum (minimum) temperature is 14 C (2 C)

; Gutman ).

ranging from 4 (16) in January to 29 (18) in July. The

means

that

the

AVHRR-derived

NDVI

W

W

Although a number of previous studies have indi-

average annual precipitation is approximately 451 mm,

cated a strong relationship between AVHRR-NDVI and

and the spatial and temporal distribution of precipitation

precipitation, air temperature or Standard Precipitation

is uneven. About 88% of the annual precipitation occurs

Index (SPI; Li et al. ; Lei & Albert ; Wang

during the months from May through September.

et al. ; Liu & Xu ), this relationship is far
more complex than what can be represented by simple

Data preparation

linear correlation between two variables. It has been
W

noted that the impact of water availability on vegetation

The digital elevation model (DEM) data within 40.9–42.9 N

changes

and 117.2–120 E at the spatial resolution of 30 × 30 s were

considerably

within

different
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Location of the Laohahe catchment and distribution of land cover, meteorological stations and rain gauge stations within the catchment.

obtained from the Global Land 1-km Base Elevation data-

METHODOLOGY

base. The river network and catchment boundary were
automatically generated by the digital elevation drainage

Computation of PDSI

network model (Martz & Garbrecht ).
The University of Maryland’s 1 km global land cover

Monthly PDSI values have been calculated for each grid

data were used to represent the vegetation cover over the

cell at a spatial resolution of 30 s over the Laohahe catch-

study area. The main vegetation types in the study area

ment using the meteorological data (see above) for the

include forest, shrub, grass and crop, the area percentages

period 1960–2005. PDSI is standardized for different

of which are 18.1, 5.6, 40.2 and 35.6%, respectively

regions and time periods, which is useful in common assess-

(Figure 1).

ment for a wide area with different climate. The basic

The NOAA-AVHRR NDVI dataset is available monthly
for the globe at an interval of 8 km, covering the period from

concepts and computation steps are as follows (Szep et al.
).

July 1981 to September 2001. The basin part of NDVI was

Step 1. Several methods can generally be used to calcu-

clipped using the basin boundary and transferred into the

late the potential evapotranspiration, a key variable of the

geography projection and the resolution of 30 s in Arc/

water balance and also of the PDSI computation procedure

Info software.

(Thornthwaite ; Liu et al. ). In this study, the

The required meteorological data include daily mean,

Penman–Monteith equation is applied:

maximum and minimum air temperature, air vapour
pressure, wind velocity, daylight duration and precipitation.
In this study, daily precipitation data were obtained from 52

ET0 ¼

0:408ΔðRn  GÞ þ γð900=ðT þ 273ÞÞU2 ðes  ea Þ
Δ þ γð1 þ 0:34U2 Þ

ð1Þ

rainfall gauge stations spread across the catchment, and
other meteorological data were obtained from four meteor-

where ET0 is the reference evapotranspiration (mm d1); Rn

ological stations around the catchment. Based on the

is the net radiation absorbed by land surface (MJ m2 d1);

DEM, the key meteorological variables were topographi-

G is the soil heat ﬂux (MJ m2 d1); T is daily mean tempera-

cally corrected with the empirical relationships extracted

ture ( C); es and ea are the saturation and actual vapour

from data for the entire Laohahe catchment (Ren et al.

pressures (kPa), respectively; U2 is the wind speed (m s1)

). All meteorological data were interpolated over the

at 2 m height; γ is the psychrometric constant (kPa C1);

W

W

whole study area using the inverse distance square method

and Δ is the ﬁrst-order derivative of saturation vapour

(Ashraf et al. ).

pressure with temperature (kPa C1).
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Step 2. After daily potential evapotranspiration has been

for the ith month. The equation indicates that PDSI

calculated using the Penman–Monteith equation, monthly

of a given month strongly depends on its value in the

potential evapotranspiration and monthly precipitation are

previous months and on the moisture anomaly of the

calculated using daily data. A simple water balance model

actual month.

was used to calculate the hydrological variables in the
PDSI model. The soil was divided into two arbitrary
layers: the upper layer was assumed to contain 40 mm of
available moisture at ﬁeld capacity and the lower layer
200 mm (Liu et al. ). The loss from the underlying
layer depends on the initial moisture content, as well as
on the computed potential evapotranspiration (PE) and
the available water capacity (AWC) of the soil system.
Runoff is assumed to occur if and only if both layers reach
their combined moisture capacity, AWC. In addition to
PE, three more potential terms were used and deﬁned as fol-

Time series of monthly NDVI and PDSI
Based on the grid cell at a spatial resolution of 30 s, the
monthly NDVI and PDSI of all grid cells in each vegetation
cover type within the study area were determined. The time
series of monthly NDVI and PDSI for each vegetation type
were calculated by averaging the values of the grid cells with
the same vegetation type. Only data acquired during the
growing season (April–October) were used for the analysis.

lows: potential recharge (PR) is the amount of moisture
required to bring the soil to its water-holding capacity;

Correlation and regression analysis

potential loss (PL) is the amount of moisture that could be
lost from the soil by evapotranspiration during a zero pre-

Pearson correlation and linear regression analyses were con-

cipitation period; and potential runoff (PRO) is deﬁned as

ducted for the NDVI versus PDSI. Because the relationship

the difference between precipitation and potential recharge.

between vegetation vigour and water availability varies

Step 3. Climatic coefﬁcients were estimated by simulating

within a growing season, each month was analyzed separ-

the water balance for the period of available weather records.

ately. The correlation coefﬁcients and their p-values were

Monthly climate coefﬁcients were computed as proportions

obtained. The p-value of the correlation coefﬁcient is the

between climatic averages of actual versus potential values

probability of rejecting the null hypothesis that there is no

of evaporation, recharge, runoff and loss, respectively.

correlation between two variables.

Step 4. Coefﬁcients were used to determine the amount

Because the linear relationships between NDVI and

of precipitation (I ) required for the CAFEC, i.e. ‘normal’

PDSI are signiﬁcantly different for different seasonal

weather during each individual month.

periods, seasonal dummy variables were employed in the

Step 5. The difference between the actual precipitation (P)

regression model (Doran ). In this study, the dummy

and CAFEC precipitation (I) is an indicator of water

variables were a set of six levels assigned to the 6 months

deﬁciency or surplus in that month, expressed as D ¼ P  I.

of the growing season and used to account for the effect of

These departures are converted into indices of moisture

the month on NDVI. The regression model containing sea-

anomaly as Z ¼ K × D, where K is a weighting factor, which

sonal dummy variables is expressed as:

also accounts for spatial variability of the departures D.
Step 6. In the ﬁnal step the Z-index time series are ana-

NDVI ¼ β 0 þ β 1 ðPDSIÞ þ β 2 D1 þ β 3 D2 þ β 4 D3

lyzed to develop criteria for the beginning and ending of

þ β 5 D4 þ β 6 D5 þ β 7 D6 þ β 8 D1 ðPDSIÞ þ β 9 D2 ðPDSIÞ

drought periods and an empirical formula for determining

þ β 10 D3 ðPDSIÞ þ β 11 D4 ðPDSIÞ þ β 12 D5 ðPDSIÞ

drought severity. In this study, the empirical formula

þ β 13 D6 ðPDSIÞ þ ε

is (Liu et al. ):

ð3Þ

where D1, D2,…, D6 are the dummy variables; β0, β1, …, β13
Xi ¼ 0:9331Xi1 þ Zi =125:99

ð2Þ

are the regression coefﬁcients, and ε is random error.
Table 1 lists the assigned binary values of dummy variables

where Zi is the moisture anomaly index and Xi is the PDSI
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of the growing season before the vegetation reaches the

Binary value of dummy variables

peak greenness, after which the inﬂuence of drought on veg-

Month

D1

D2

D3

D4

D5

D6

April

0

0

0

0

0

0

The correlation coefﬁcients between the NDVI and

May

1

0

0

0

0

0

PDSI for shrub and grass are higher during the growing

June

0

1

0

0

0

0

July

0

0

1

0

0

0

season, lowest for forest and moderate for crops. This ﬁnd-

August

0

0

0

1

0

0

September

0

0

0

0

1

0

October

0

0

0

0

0

1

etation vigour is quickly weakened.

ing indicates that the inﬂuence of drought on shrub and
grass is stronger while forest has lesser response to droughts
in the Laohahe catchment. The different inﬂuences of
drought on vegetation depend on two factors: (1) the plant
growing environment; and (2) vegetation characteristics.
The forest is mostly distributed in the upstream high

Useful variables were selected by eliminating non-sig-

elevation region within the Laohahe catchment, where pre-

niﬁcant variables with large p-values step by step (Lei &

cipitation is relatively abundant. Precipitation is not the

Albert ). The coefﬁcient of determination R 2 was used

dominant factor which restricts the growth of plant in

to measure goodness-of-ﬁt of the model, or closeness of

such region, thus the inﬂuence of drought on forest is less.

the relationship between the NDVI and PDSI. In the

The root depths of shrub and grass are shallow, and there-

study, α ¼ 0.05 was used as the cutoff for rejection of the

fore sensitive to precipitation. They are therefore more

null hypothesis for all the statistical tests.

responsive to droughts.
Seasonal timing of vegetation and moisture relationship

RESULTS AND DISCUSSION
The correlation analyses demonstrate that the relationship
Covariation of NDVI and PDSI time series

between the NDVI and PDSI varies markedly during the
growing season (Figure 2). The examples discussed above

The relationship between vegetation vigour and moisture

indicate that there is a stronger relationship in the ﬁrst

availability was clariﬁed by analyzing the covariation of

half of the growing season (April–August) than at the end

NDVI and PDSI time series with the scatter plots and

(September–October).

Pearson correlation analysis. Scatter plots and correlation

NDVI and PDSI for all vegetation types are shown in

The

correlations

between

the

coefﬁcients of the NDVI and PDSI for different vegetation

Figure 3. The seasonal vegetation growth characteristics,

types during the growing season months can be seen in

e.g. onset, peak and senescence, can be easily seen on

Figure 2.

these graphs. When comparing the correlation coefﬁcients

It can be noted that the correlation coefﬁcients vary by

with the NDVI phenological cycle, it is clear that

month and vegetation type. For example, in September and

vegetation response to moisture availability varies signiﬁ-

October there are no signiﬁcant correlations between the

cantly between months.

NDVI and PDSI, while signiﬁcant correlations are found

The seasonal patterns of NDVI for all vegetation types

for the other months in the growing season for every veg-

are unimodal, with the maximum values appearing in

etation type. Very high positive correlations between the

August. The highest signiﬁcant correlations between the

NDVI and PDSI for all vegetation types appear in June

NDVI and PDSI occur in June when the vegetation is grow-

when the vegetation is growing, but not in August when

ing, while lower correlations appear during senescence

the vegetation has reached the peak greenness. Lower corre-

(Figure 3). This analysis of the correlation between the

lations are noted at the end of growing season for all

NDVI and PDSI indicates that vegetation response to

vegetation types. This situation implies that the inﬂuence

drought depends on the plant growth stage. Salter &

of drought on vegetation vigour is stronger in the ﬁrst half

Goode () deﬁned the ‘moisture-sensitive period’ to
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Scatter plots and correlation coefﬁcients of the NDVI and PDSI for different vegetation types within the Laohahe catchment. Values in plots represent correlation coefﬁcients (R)
and p-values.

imply a particular period during the development of a plant

maximum beneﬁcial effect from the available water supply.

in which the plant is more sensitive to moisture condition.

During this period, drought has the greatest effect on redu-

In general, the moisture-sensitive period occurs during the

cing plant size and yield. Consequently, irrigation has the

development of reproductive organs, when plants obtain

greatest effect on increasing yield, and excess water has
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Seasonal change of correlation coefﬁcient of the NDVI and PDSI, with comparison with seasonal NDVI variations for all vegetation types. The NDVI curves were obtained by
averaging monthly values over all 21 years.

the smallest adverse effect on yield in the period (Lei &
Albert ). In this study, the highest correlations appear

Table 2

|

Regression analysis on the NDVI and PDSI for forest land in Laohahe catchment

Variable

Coefﬁcient

Standard error

t-value

p-value

ure-sensitive period for the vegetations in the Laohahe

Intercept

0.2266

0.009

25.292

<0.0001

catchment.

PDSI

0.0112

0.003

3.346

0.0011

D1

0.1845

0.013

14.563

<0.0001

D2

0.3304

0.013

26.079

<0.0001

D3

0.3955

0.013

31.224

<0.0001

D4

0.4121

0.013

32.53

<0.0001

D5

0.3613

0.013

28.513

<0.0001

D6

0.1555

0.013

12.268

<0.0001

D1 (PDSI)

0.0228

0.011

2.101

0.0374

D2 (PDSI)

0.0303

0.01

3.049

0.0027

in June when the vegetation is growing, which is the moist-

Relationship between NDVI and PDSI
The goodness-of-ﬁt of the NDVI and PDSI correlation was
tested and measured using analysis of variance and R 2
from the regression model with dummy variables (Equation
(3)). Tables 2–5 show the results of the regression models for
forest, shrub, grass and croplands, respectively. Based on the
regression models with dummy variables, the correlations

2

F9,137 ¼ 199.593, p-value < 0.001, R ¼ 0.929,

R2adj

¼ 0.924.

between the NDVI and PDSI for all vegetation types are
R 2 > 0.9.

The following regression functions representing the

The useful variables were retained in the model, after non-

linear relationship between the NDVI and PDSI for forest

signiﬁcant items were eliminated.

in each month of the growing season were obtained by

very signiﬁcant,

with

p-value

<0.001 and
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Regression analysis on the NDVI and PDSI for cropland in Laohahe catchment

Variable

Coefﬁcient

Standard error

t-value

p-value

Variable

Standard error

t-value

p-value

Intercept

0.1503

0.008

18.718

<0.0001

Intercept

0.1812

0.008

22.969

0.0000

PDSI

0.0099

0.004

2.734

0.0071

D1

0.0571

0.011

5.026

<0.0001

PDSI

0.0184

0.003

5.937

0.0000

D1

0.1014

0.011

9.085

0.0000

D2

0.1422

0.011

12.521

D3

0.2952

0.011

25.997

<0.0001

D2

0.2203

0.011

19.742

0.0000

<0.0001

D3

0.3465

0.011

31.057

0.0000

D4

0.3485

0.011

D5

0.2901

0.011

30.699

<0.0001

D4

0.3798

0.011

34.044

0.0000

25.548

<0.0001

D5

0.3193

0.011

28.61

0.0000

<0.0001

Coefﬁcient

D6

0.1149

0.011

10.117

D6

0.1297

0.011

11.576

0.0000

D1 (PDSI)

0.0235

0.009

2.67

0.0085

D1 (PDSI)

0.0196

0.009

2.201

0.0293

D2 (PDSI)

0.0297

0.008

3.527

0.0006

D2 (PDSI)

0.0243

0.008

2.896

0.0044

D3 (PDSI)

0.0173

0.006

2.692

0.0079

D6 (PDSI)

0.0151

0.007

-2.224

0.0277

D4 (PDSI)

0.0173

0.006

2.662

0.0087

2

F11,135 ¼ 159.37, p-value < 0.001, R ¼ 0.928,

Table 4

|

R2adj

F10,136 ¼ 202.819, p-value < 0.001, R 2 ¼ 0.937, R2adj ¼ 0.933.

¼ 0.923.

Regression analysis on the NDVI and PDSI for grassland in Laohahe catchment

Variable

Coefﬁcient

Standard error

t-value

p-value

Intercept

0.1632

0.008

20.612

<0.0001

PDSI

0.0095

0.004

2.552

0.0118

D1

0.0755

0.011

6.736

<0.0001

D2

0.1734

0.011

15.481

<0.0001

D3

0.3116

0.011

27.827

<0.0001

D4

0.3572

0.011

31.899

<0.0001

D5

0.298

0.011

26.606

<0.0001

D6

0.1214

0.011

10.833

<0.0001

D1 (PDSI)

0.0279

0.009

3.118

0.0022

D2 (PDSI)

0.0331

0.009

3.881

0.0002

D3 (PDSI)

0.0154

0.007

2.367

0.0193

D4 (PDSI)

0.0154

0.007

2.313

0.0221

July NDVI ¼ 0:6221 þ 0:0112ðPDSIÞ

ð4dÞ

August NDVI ¼ 0:638 þ 0:0112ðPDSIÞ

ð4eÞ

September NDVI ¼ 0:5879 þ 0:0112ðPDSIÞ

ð4fÞ

October NDVI ¼ 0:3821 þ 0:0112ðPDSIÞ

ð4gÞ

The following regression functions representing the
linear relationship between the NDVI and PDSI for shrubland in each month of the growing season were obtained
by inserting the estimated coefﬁcients (Table 3) and the
values of dummy variables into Equation (3):
April NDVI ¼ 0:1503 þ 0:0099ðPDSIÞ

ð5aÞ

May NDVI ¼ 0:2074 þ 0:0334ðPDSIÞ

ð5bÞ

June NDVI ¼ 0:2925 þ 0:0396ðPDSIÞ

ð5cÞ

F11,135 ¼ 165.64, p-value < 0.001, R 2 ¼ 0.931, R2adj ¼ 0.925.

inserting the estimated coefﬁcients (Table 2) and the values
of dummy variables into Equation (3):
April NDVI ¼ 0:2266 þ 0:0112ðPDSIÞ

ð4aÞ

July NDVI ¼ 0:4455 þ 0:0272ðPDSIÞ

ð5dÞ

May NDVI ¼ 0:4111 þ 0:034ðPDSIÞ

ð4bÞ

August NDVI ¼ 0:4988 þ 0:0272ðPDSIÞ

ð5eÞ

June NDVI ¼ 0:557 þ 0:0415ðPDSIÞ

ð4cÞ

September NDVI ¼ 0:4404 þ 0:0099ðPDSIÞ

ð5fÞ
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October NDVI ¼ 0:2652 þ 0:0099ðPDSIÞ

ð5gÞ

The following regression functions representing the

Hydrology Research

|

43.1-2

|

2012

May NDVI ¼ 0:2826 þ 0:038ðPDSIÞ

ð7bÞ

June NDVI ¼ 0:4015 þ 0:0427ðPDSIÞ

ð7cÞ

July NDVI ¼ 0:5277 þ 0:0184ðPDSIÞ

ð7dÞ

August NDVI ¼ 0:561 þ 0:0184ðPDSIÞ

ð7eÞ

linear relationship between the NDVI and PDSI for
grassland

in

each

month

of

the

growing

season

were obtained by inserting the estimated coefﬁcients
(Table 4) and the values of dummy variables into
Equation (3):
April NDVI ¼ 0:1632 þ 0:0095ðPDSIÞ

ð6aÞ

September NDVI ¼ 0:5005 þ 0:0184ðPDSIÞ

ð7fÞ

May NDVI ¼ 0:2387 þ 0:0374ðPDSIÞ

ð6bÞ

October NDVI ¼ 0:3109 þ 0:0033ðPDSIÞ

ð7gÞ

June NDVI ¼ 0:3366 þ 0:0426ðPDSIÞ

ð6cÞ

The different intercepts and slopes of these regression
equations indicate the change of the NDVI-PDSI relation-

July NDVI ¼ 0:4748 þ 0:0249ðPDSIÞ

ð6dÞ

August NDVI ¼ 0:5204 þ 0:0249ðPDSIÞ

ð6eÞ

ships from one month to another. The maximum values
of intercepts are in August for all vegetation types, as
a result of the maximum values of NDVI occurring
in August. The maximum values of slopes of all vegetation
types

Septmber NDVI ¼ 0:4612 þ 0:0095ðPDSIÞ

ð6fÞ

appear

in

June,

which

highlights

the

fact

that vegetation is most sensitive to moisture conditions
in June.

October NDVI ¼ 0:2846 þ 0:0095ðPDSIÞ

ð6gÞ

The relationship between the NDVI and PDSI can be
simulated by the regression model with dummy variables.
Taking grassland for example, the monthly NDVI of grass

The following regression functions representing the

during the period 1996–2001 was simulated. Figure 4

linear relationship between the NDVI and PDSI for crop-

shows the comparison between the simulated and observed

land in each month of growing season were obtained by

NDVI for the grassland during the growing season from

inserting the estimated coefﬁcients (Table 5) and the

1996 to 2001. The simulated NDVI using the regression

values of dummy variables into Equation (3):

with dummy variables ﬁts the observed NDVI quite well,
and the regression model with dummy variables has a very

April NDVI ¼ 0:1812 þ 0:0184ðPDSIÞ

Figure 4

|

ð7aÞ

high goodness-of-ﬁt.

Comparison between the simulated and observed NDVI for the grassland in the Laohahe catchment.
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2006CB400502. This research is the result of the 111
Project under Grant B08048, Ministry of Education and

The purpose of this paper was to assess vegetation response to

State Administration of Foreign Experts Affairs, P.R.

drought within the Laohahe catchment by analysis of monthly

China. This work was also supported by the Program for

AVHRR-NDVI and PDSI relationships based on vegetation

Changjiang Scholars and Innovative Research Team in

types of forest, shrub, grass and crop. The correlation coefﬁ-

University

cients between NDVI and PDSI vary by month. Very high

Education, China and the Grand Sci-Tech Research

positive correlations between the NDVI and PDSI for all veg-

Project of Ministry of Education under Grant No. 308012.

under

Grant

No.

IRT0717,

Ministry

of

etation types appear in June when the vegetation is growing,
and the lower correlations are noted at the end of the growing
season. This situation implies that the inﬂuence of drought on
vegetation vigour is stronger in the ﬁrst half of the growing
season before the vegetation reaches its peak greenness, after
which the inﬂuence of drought on vegetation vigour is quickly
weakened. The relationship between NDVI and PDSI is also
affected by vegetation type. The correlation coefﬁcients for
shrub and grass are higher during the growing season, while
the correlation coefﬁcient for forest is lowest among the main
vegetation types. This ﬁnding can be interpreted in terms
of growing environment and plant root-depth characteristics.
When comparing the correlation coefﬁcients with the
NDVI phenological cycle, it is clear that vegetation response
to moisture availability varies signiﬁcantly between months.
This analysis of the correlation between the NDVI and PDSI
indicates that vegetation response to drought depends on the
plant growth stage. In the Laohahe catchment, June is the
moisture-sensitive period for vegetations. During this period,
drought has the greatest effect on the vegetation growth.
When regression techniques are used to quantify the
relationship between the NDVI and PDSI, the seasonal
effect was taken into account. The good goodness-of-ﬁt of
the NDVI and PDSI correlation using a regression model
with dummy variables illustrated that the NDVI is a good
indicator of moisture condition and can be an important
data source when used for detecting and monitoring drought
in this area. Furthermore, it demonstrates that seasonality is
an important factor when NDVI and NDVI-derived vegetation indices are used for drought detection.
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