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Abstract Simple statistical methods on Normal-
ized Difference Vegetation Index (NDVI) and
bands 3 and 4 data of relatively coarse resolu-
tion Thematic Mapper (TM) and Enhanced The-
matic Mapper plus (ETM+) imageries were used
to investigate the impacts of air pollution on
the deterioration of the vegetation cover in the
Sarcheshmeh copper complex of central Iran.
Descriptive statistics and k-means cluster analy-
sis indicated that vegetation deterioration had al-
ready started in the prevailing wind directions.
The results show that combination of simple sta-
tistical methods and satellite imageries can be
used as effective monitoring tools to indicate veg-
etation stress even in regions of sparse vegetation.
Despite various possible perturbing factors upon
NDVI, this index remains to be a valuable quanti-
tative vegetation monitoring tool.
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Introduction

A major cause of vegetation cover deterioration
is air pollution. The smelting industry sector is
a well-known air pollutant source worldwide. In
the vicinity of nonferrous metal smelters, high
concentrations of toxic compounds have been de-
tected in soils and vegetation (e.g. Ettler et al.
2005). Smelting industries have markedly de-
graded the natural environment around the world.
In areas like Kola Peninsula, the reported total
industrial barrens around Severonickel Smelter
are as much as 200 km2 (Kalabin and Evdokimova
1993). The main types of air pollutants caused
by smelting industries are noxious gases such as
SO2 and heavy metal particulates (e.g. Ress and
Williams 1997; Tommervik et al. 2003).

Inflicted damage to vegetation cover is usually
monitored using satellite imagery (Rigina et al.
1999). The reason is the synoptic view and mul-
titemporal sensing of satellite imagery making it
suitable for monitoring vegetation health, that is,
condition and change through time. According to
Mikkola (1996), the application of remote sensing
methods can produce a more accurate spatial view



398 Environ Monit Assess (2010) 163:397–410

of the phenomenon. Multitemporal image analy-
sis and change detection methods can also give
some historical insight on vegetation deteriora-
tion. While it is necessary to characterize the na-
ture of the problem and the ranges of magnitude
of effects on vegetation through field sampling, it
is difficult to determine the geographic extent and
locations of the areas affected using conventional
methods (Woodcock et al. 2002).

It has been demonstrated that stress and re-
duced vitality have some effect on the spectral
signature of green plants, generally manifested as
a decrease in near infrared (NIR) and increase
in the visible wavelengths (Hame 1991; Jensen
1996). According to Gupta (1991), healthy vege-
tation normally has a strong reflection in the near-
infrared (NIR).

Vegetation indices are known to correlate with
such related physicochemical properties as chloro-
phyll concentration, leaf area index, foliar loss
and damage, photosynthetic activity, and carbon
fluxes (Tucker 1979; Asrar et al. 1984; Sellers 1985;
Tucker et al. 1986; Vogelmann 1990; Buschmann
and Nagel 1993). The most widely used vegetation
index for ecological applications is the Normalized
Difference Vegetation Index (NDVI) (Garty et al.
2001; Toutoubalina and Ress 1999; Mikkola 1996;
Bala et al. 2000; Giannico 2007). Rouse et al.
(1974) have defined NDVI as:

NDVI = (Near−Infrared−Red)

/(Near Infrared+Red)

This index as well as its less popular modifications
(e.g. Soil-Adjusted Vegetation Index (SAVI),
Transformed Vegetation Index (TVI)) is based on
the difference between the maximum absorption
of radiation in the red band due to chlorophyll
pigments and the maximum absorption radiation
in the NIR band due to leaf cellular structure, and
the fact that soil spectra, lacking these properties,
do not show a dramatic spectral difference (Garty
et al. 2001).

NDVI is the most commonly used vegetation
index as it retains the ability to minimize topo-
graphic effects while producing a linear measure-
ment scale. The higher the NDVI values the
higher the probability that the corresponding area

on the ground has a dense coverage of healthy
green vegetation (Campbell 1996).

In most of the studies which use satellite im-
ageries for assessing the impact of air pollution
on vegetation, NDVI evaluations (e.g. Giannico
2007; Garty et al. 2001), image classification tech-
niques (e.g. Mikkola 1996; Ress and Williams
1997), land cover maps with ancillary data (e.g.
Tommervik et al. 1998, 2003), or multitempo-
ral change detection technique (e.g. Hanger and
Rigina 1998) are used. However, most of these
studies deal with dense vegetation cover such as
forest and very little research is done on sparsely
vegetated areas. The main purpose of this paper
is to present a method based on simple statistical
approaches on NDVI values and bands 3 and 4
data, for investigating the effect of air pollution on
vegetation in Sarcheshmeh, a sparsely vegetated
area. In order to serve this purpose, image descrip-
tive statistics and modified soil brightness line plot
(Richardson and Wiegand 1977) are used.

Study area

Iran ranks 16th among the world’s major cop-
per producers (Edelstein 2003). Sarcheshmeh
copper deposit, the largest porphyry copper
deposit in Iran is located 160 km SW of
Kerman city in Kerman Province (Fig. 1). The
Sarcheshmeh orebody along with a number of
other porphyry copper deposits occur in the so
called central Iranian volcanic belt (Waterman
and Hamilton 1975; Forster 1978; Shahabpour and
Kramers 1987).

Reverb and converter stacks of the smelting
plant release 136,000 and 163,000 m3/h of gas
into the atmosphere, respectively. SO2 gas consti-
tutes 2.6% and 4.8% of the emissions, respectively
(Ebrahimi and Hakimi 2002).

The region’s temperature varies between
−20◦C in the winter to +32◦C in the summer
(Shirashiani 2004). Average rainfall is 440 mm.
Prevailing wind directions based on available
meteorological data in the period 1987 to 2000 are
NE and N (Sarcheshmeh meteorological station).

Vegetation cover reflects the climatic condi-
tions of the region, i.e., in low-lying plains vegeta-
tion cover is mainly bush and desert plants, while
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Fig. 1 Study area location and selected windows on NDVI image for the year 1987

wild almond and pistachio flourish in mountainous
areas (Shafiei 2000). According to Shahidi et al.
(2007), the region’s vegetation density varies be-
tween 58.4 and 126.6 bushes per 25 m2. Although
the overall natural vegetation is relatively sparse,
it is fairly concentrated along stream courses and
orchards.

A residential complex built for the personnel
and known as “The copper city” (Fig. 1) is the
nearest population center to Sarcheshmeh cop-
per complex and is located 5 km W-NW of the
complex. The population of this city in 2001 was
reported to be 9,018 (Shirashiani 2004). There are
also several villages in the vicinity of the copper
complex.

Satellite data

A cloud-free Landsat ETM+ subscene from Aug.
7, 2000 and a somewhat cloudy subscene of TM
Landsat from Aug. 28, 1987 over the study area
were chosen for detection of vegetation cover
changes. The partial cloudiness of TM data did
not have any effect on the image processing,
as the clouds were covering less than 10% of
the subscene, mostly south of the open pit. The
reason for choosing August imageries was to

avoid snow cover and represent the peak of the
growing season.

Prior to statistical analysis, satellite data were
geometrically and atmospherically corrected. The
Landsat images were rectified to UTM projection
system (ellipsoid WGS-1984; Zone, 40N) using
detailed topographic maps at scale of 1:20,000 and
choosing ground control points. This resulted in
an estimated registration error of less than one
pixel. A nearest neighbor algorithm was chosen in
order to avoid spectral mixing between adjacent
pixels (e.g., Ress and Williams 1997).

Since NDVI is sensitive to atmospheric in-
fluence (Holben 1986) and the purpose of this
study is detection changes on vegetation cover,
the simple dark object subtraction was used for at-
mospheric correction, as suggested by Song et al.
(2001). This atmospheric correction method has
already been used by other authors (e.g. Franklin
et al. 1997). However, NDVI partially compen-
sates changes in the illumination conditions, sur-
face slope, aspect, and other illumination factors
(Lillesand and Kiefer 1987; Giannico 2007). Also
NDVI like any other ratio indices substantially re-
duces topographic effects (Walsh et al. 1997). The
impacts of sun angle differences are also partially
reduced if the data belong to the similar dates
(Singh 1989; Jensen 1996).
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Table 1 Selected
windows and their
distances from the stacks

Selected Distance from
windows stacks (Km)

N 3.8
NE1 5.2
NE2 11.5
E 1.2
SW 13.7
W 5.2

Methodology

Window selection

In order to evaluate air pollution effects on veg-
etation cover in a 14-years period (1987–2000),
six windows (50 × 50 pixels each) were selected
in different geographical directions. The chosen
sizes of the windows are proportionate with veg-
etation cover in the study area. Table 1 shows the
geographical directions and distances of windows
from the smelter stacks. In selecting these win-
dows the following consideration were taken into
account:

1. Despite the scarcity of the vegetation cover,
relatively dense vegetation occurs in main
drainage courses and orchards.

2. The windows must be selected in such a way
to best reveal the effect of pollutant emissions
on vegetation, and indicate subtle vegetation
stress. Hence the windows were selected in
the upwind and downwind directions to ease
comparison.

Three of the selected windows with varying dis-
tances from the smelting plant stacks were chosen
in the direction of the prevailing wind, i.e., North
and Northeast. Only one window was selected in
the North direction. The reason is acid drainage
of the mine which also flows in this direction,
making it impossible to differentiate acid mine
drainage (AMD) and polluting emission effects on
vegetation. However, the single selected window
in this direction will reveal the overall effect on
vegetation. The fourth window was also selected
west of the smelting plant, where the copper city is
located. The remaining two windows are selected
in SW and E directions. Figure 1 shows the win-
dows locations.

Descriptive statistics

In order to show NDVI variations in the selected
windows, statistical parameters, i.e., maximum,
minimum, mean, median, standard deviation, first
(Q1), and third (Q3) quartiles, were determined.
All statistical calculations were carried out by S-
plus 6.1.2, and SPSS 10 softwares.

Table 2 presents the calculated statistical pa-
rameters for the years 1987 and 2000. All values
(except maximums) are negative and close to zero
indicating that most pixels display unvegetated
surface. The data for the year 2000 are more nega-
tive compared with 1987 data, probably reflecting
vegetation loss in the 14 years interval.

Standard deviation (SD) is generally used as a
criterion for homogeneity; in this case the smaller
the SD, the more homogenous the NDVI values.

Table 2 Descriptive statistics for selected windows

Window Year Mean First quartile (Q1) Median (Q2) Third quartile (Q3) Standard deviation (SD) Max. Min.

N1 1987 −0.054 −0.098 −0.077 −0.049 0.089 0.503 −0.163
2000 −0.116 −0.135 −0.12 −0.104 0.029 0.090 −0.190

NE1 1987 −0.58 −0.097 −0.062 −0.044 0.035 0.348 −0.12
2000 −0.97 −0.116 −0.104 −0.088 0.034 0.261 −0.176

NE2 1987 −0.083 −0.111 −0.102 −0.088 0.064 0.369 −0.151
2000 −0.117 −0.141 −0.132 −0.119 0.052 0.265 −0.178

W 1987 −0.053 −0.092 −0.076 −0.044 0.080 0.638 −0.191
2000 −0.071 −0.119 −0.103 −0.070 0.10 0.658 −0.218

SW 1987 −0.064 −0.107 −0.095 −0.078 0.101 0.463 −0.142
2000 −0.084 −0.123 −0.112 −0.097 0.095 0.503 −0.176

E 1987 −0.062 −0.085 −0.064 −0.048 0.040 0.489 −0.164
2000 −0.098 −0.121 −0.103 −0.087 0.048 0.428 −0.232
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If the SD is small and mean pixel values are more
positive, the homogeneity implies more vegeta-
tion cover; inversely, if SD is small and the mean
of pixel values is more negative, the homogeneity
indicates barren soil or rock.

Comparison of windows SD and mean values
for the year 1987 and 2000 (Table 2) shows that
the greatest difference in SD values occurs in N
window, where the SD in 2000 is smaller and
the mean value is more negative. Therefore, pixel

cover in this window is more homogeneous and
there is less vegetation than in 1987. A similar
trend (although less pronounced) is seen in other
windows.

First and third quartiles (Q1 and Q3) may also
be used to compare NDVI values in 1987 and 2000
to avoid comparison of the extreme values, i.e.
maximum and minimum. It must be noted that
25% and 75% of the dataset fall at or below the
first and third quartiles, respectively. Obviously,

Fig. 2 Box plots for
the seleted windows.
a N-Window;
b NE1-Window;
c NE2-Window;
d SW-Window;
e W-Window;
f E-Window. In a to f,
the left and right panels
show the box plot for
NDVI in 1987 and 2000
respectively. The y-axis
is the value of NDVI
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the more negative the Q1 and Q3, the less is the
vegetation cover.

Table 2 shows that all Q1 and Q3 values in 1987
and 2000 are negative and near zero indicating
that most NDVI values represent barren soil or
rock. However, Q1 and Q3 in 2000 have lower
values. The more negative Q3 values in the year
2000 compared with Q1 in 1987 emphasizes the
fact that vegetation cover (positive NDVI values)
is much reduced in the 14 years interval. The

reduced vegetation is more prominent in N, NE1,
and NE2 windows.

To provide a visual comparison between the
NDVI values of the two studied years on the basis
of Q1, Q2 (median), Q3, and also the range of
NDVI values in the two studied years, box plot
(Mc Clave and Sincich 2000; Upton and Cook
2001) is used. Box plots generally provide useful
information on the variation and central point of
a data set. Note that the median (Q2) shows the

Fig. 2 (continued)
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central point of a data set much better than the
mean if there are outliers.

Results for the six selected windows are given
in Fig. 2a–f. It is clear that the NDVI values
for the year 2000 are dramatically reduced in N,
NE1, and NE2 windows, i.e, in the prevailing wind
directions (compare Q1 and Q2 and NDVI ranges
in Fig. 2a–f).

Q1 and Q3 are also more negative in W, SW,
and E windows in 2000 (Fig. 2 and Table 2),
indicating an increasing trend in the number of
more negative pixels. However the reduction is
not very prominent.

Figure 3 is a surface diagram for N window.
Note that two units are added to each NDVI
values (Z axis) to enhance clarity. X and Y axes

Fig. 2 (continued)
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Fig. 3 Surface diagram of
the N window. a 1987 and
b 2000. Note that two
units are added to NDVI
values (Z -axis) to
enhance clarity

Fig. 4 Soil brightness line (adopted from Jensen 1996).
After Richardson and Wiegand (1977)

Fig. 5 Results of k-means cluster analysis on N window of
1987 using two clusters
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are the number of pixels in the X and Y directions,
respectively. The reduction of vegetation cover in
the year 2000 is obvious.

Note that no statistical tests (e.g. t-test) are
used to compare the windows of the studied years,
since these windows were not selected at random

Fig. 6 Results of k-means cluster analysis using three clusters on N window a (1987), b (2000); SW window c (1987),
d (2000); and NE1 window e (1987), f (2000)
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and all pixels in these windows are taken into
account.

k-means cluster analysis

Measured reflectance by a sensor often con-
tains soil and vegetation components (Gibson
and Power 2000). On a scatter diagram of near-
infrared and red band values, soil response will
form a more or less straight line. This is the
soil brightness line which was first devised by
Richardson and Wiegand (1977). The perpendicu-
lar distance to the soil line is an indicator of plant
development (Jensen 1996). Generally, the far-
ther away from the soil line to the left, the greater
the amount of vegetation present (Fig. 4, Curran
1983), since healthy vegetation has low value in
the visible red and high value in the near-infrared
(Gibson and Power 2000).

The goal in cluster analysis is to find an optimal
grouping for which the observations within each
cluster are similar but between the clusters are
dissimilar (Rencher 2002). Plotting bands 3 and
4 data for N-1987 window on a scatter diagram
reveals two separate clusters of soil and vegetation
(Fig. 5). If soil is further divided into wet and

dry, then a third cluster will also appear on the
scatter plot. Therefore, k-means cluster analysis
with 3 clusters on bands 3 and 4 values of selected
windows were carried out.

Cluster analysis for N-1987 window, produced
three separate clusters of which, vegetation clus-
ter tends to the left (Fig. 6a). Clustering of
N-2000 data also produced three clusters on the
soil line (Fig. 6b). k-means cluster analysis with
SW (upwind) and NE1 (downwind) produced in-
teresting results. In the case of SW (1987 and
2000), cluster analysis provides three separate
clusters, with a distinct vegetation cluster (Fig. 6c,
d); while for NE1 (1987 and 2000) there are three
mixed clusters of vegetation and soil data (Fig. 6e,
f). The reason is probably lack of dense vegetation
in these 2 years to produce distinct clusters. The
mixed clusters seem to delineate partially vege-
tated pixels with varying vegetation to soil ratios
(Gibson and Power 2000).

Apparently, whenever the vegetation cover is
healthy and dense, cluster analysis divides the
pixel values into three clusters with a distinct veg-
etation cluster. Hence, in our experience, pixels of
healthy vegetation with high spectral reflectance
in near-infrared band (high value) and low value

Fig. 6 (continued)



Environ Monit Assess (2010) 163:397–410 407

in red, and high perpendicular distance to the soil
line, form a separate cluster. Note that when there
are three distinct clusters (in the case of healthy
vegetation cover), the value of NDVI increases
and hence it is expected that Q1, Q2, and Q3

(in Section “Descriptive statistics”) have higher

values. For instance, in the left panel of Fig. 2a the
values of Q1, Q2, and Q3 are −0.098, −0.077, and
−0.049, respectively, resulting in three separate
clusters in Fig. 6a. While more negative values
for Q1, Q2, and Q3 in the right panel of Fig. 2a
(see Table 2), resulted in three mixed clusters in

Fig. 7 NDVI image of
N window a (1987),
b (2000); SW window
c (1987), d (2000); and
NE1 window e (1987),
f (2000)
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Fig. 6b. Thus k-means cluster analysis is a good
means of monitoring overall vegetation status.

It should be noted that, increasing the number
of clusters will not affect the vegetation cluster;
and merely increases the number of clusters on the
soil line, probably as a function of wetness. Since
in Fig. 4, the lower end of the soil line represents
the wet soil and the upper end represents the dry
soil.

Concluding remarks

Figure 7 represents NDVI images for the selected
windows. Vegetation deterioration is evident es-
pecially in N, NE1, and NE2 windows in the year
2000. This is in agreement with the statistical data
and indicates the impact of prevailing wind direc-
tion. The coincidence of the inflicted vegetation
damage and the prevailing wind direction empha-
sizes the role played by air pollution than other
causes such as draught conditions.

A recent study carried out by Lotfian (2007)
on lichens in the vicinity of Sarcheshmeh copper
complex indicate reduced lichen chlorophyll con-
tents due to air pollution. The reduction is also
more severe northeast of the complex (Lotfian
2007). Ebrahimi and Hakimi (2002) showed that
SO2 concentration is higher north and northeast
of the complex.

Close investigation of Fig. 7 shows that vegeta-
tion deterioration has resulted in reduced image
contrast in NDVI images in 2000.

If NDVI value is considered as a brightness
measure of pixels then, whenever vegetation is
healthy and dense, i.e., higher difference NDVI
value among pixels, higher image contrast exists.
Conversely, whenever there is stressed or sparse
vegetation cover (as in the case of NE1 (1987,
2000) and N (2000), there is no significant differ-
ence among adjacent pixels and NDVI values.

According to Hanger and Rigina (1998), topog-
raphy also plays an important role in veg-
etation sensitivity to air pollution. In general
elevated and windward sites appear to be more
affected than depressed and leeward locations.
Window locations in this study also indicate that

wind direction is apparently more important in
Sarcheshmeh than topography.

This study showed that simple statistical meth-
ods can be used as a monitoring tool to indicate
vegetation cover deterioration even in a region of
sparse vegetation, using relatively coarse resolu-
tion TM and ETM data.

Finally, despite many possible perturbing fac-
tors upon the NDVI, it remains a valuable quanti-
tative vegetation monitoring tool.
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