
2007 
ll.Ullio Trl<; EAAIlVIK~<; rEWAOYJK~<; ETOIpia<; TO~, XXXX. Bulletin of the Geological Society of Greece vol. XXXX, 2007 

Proceedings of the 11 1h International Congress, Athens, May, 
npOKTIKO II°U ll.JE8vo0.:; LUVEOpiou. Ae~vo. Maio,:; 2007 2007 

A STUDY OF THE PERFORMANCE OF THE MSR
 
VEGETATION INDEX, USING PROBABILISTIC AND
 

GEOSTATISTICAL METHODS
 

Skianis G. Airn.\ Vaiopoulos D.l, and Nikolakopoulos K. 2 

1National and Kapodistrian University ofAthens, Faculty ofGeology and Geoenvironment, 
Remote Sensing LaboratOly, skianis@geol.uoa.gr, vaiopoulos@geol.uoa.gr 

2 I G. ME., Mesogion Str. 70, 115 27, Athens 

Abstract 

In the present paper is studied the efJect of the k/SR (Modified Soil Ratio) vegetation 
index on multispectral digital images, with the aid of probability theory and 
geostatistics. Using proper distributions to describe the histograms of the image at 
the red and infrared band zones, an analytical expression of the distribution g ofthe 
MSR values is deduced The study of the behaviour ofg shows that the ratio of the 
standard deviation to the mean value of the MSR image is higher than that of the 
NDVI vegetation index, which is quite often used This means that the MSR 
vegetation index produces images with a good contrast. It was also observed that 
the MSR image has a better signal to noise ratio than thaI of the NDVI image. 
Finally, the autocorrelograms of the MSR and NDVI images showed that the 
tonality differences between adjacent pixels of the M')R image are slightly stronger 
than those of the ND VI image. The general conclusion is that the MSR vegetation 
index produces images l'v'ith a good contrast and a high signal to noise ratio, which 
could aid in making a reliable mapping of the vegetation cover of the area under 
study 
Key words: distribution, histogram, signal to noise rafio, autocorrelogram, NDVI 
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1. Introduction 

In geological and environmental research with remote sensing technology, spectral band ratios are 
often used as vegetation indices, for mapping the vegetation cover of the area under study. Various 
vegetation indices have been introduced, mainly based on empirical criteria of response over 
vegetation types, soils or geological targets of interest (Jensen 1996, Rouse et af. 1973, Deering et 
al. 1975, Huete 1988, Faust 1989, Baret et af. 1989, Baret and Guyot 1991, Qi et al. 1994, Burgan 
1996, Rondeaux et ·af. 1996, Coulibaly and Goita 2006). A great effort has been done in extracting 
information about vegetation cover parameters such as the Leaf Area Index (LAI) or the forest 
biomass, from vegetation indices and various reflectance bands (Chen & Cihlar 1996, Fassnacht et 
al. 1997, Spanner et al. 1990, Brown et af. 2000, Chen 1996, Nemani et al. 1993, Fernandes et al. 
2004, Rahman ef al. 2005). In these approaches, remote sensing data are compared with ground 
data and correlation coefficients are computed. In cettain cases, the sensitivity of various 
vegetation indices is assessed with the aid of mathematical models which associate the vegetation 
cover with its reflectance at various bands (Goel 1988, 1989, Verhoef 1998, Haboudane et al. 
2004). 

Recently, we have developed an alternative methodology of assessing the efficiency of vegetation 
indices with the aid of probability theory, which has already been applied for the study of the 
NDVI and the Simple Vegetation Index SVI (Vaiopoulos et al. 2004), for the Transformed 
Vegetation Index TVI (Skianis et al. 2004a) and for the Soil Adjusted Vegetation Index SAVI 
(Skianis et al. 2004b). The methodological difference between this recently developed 
probabilistic approach and other efforts is that the fonner is centered on the statistical behavior of 
the vegetation index under study, using theorems about bivariate distributions and appropriate 
distributions which may help in describing the histograms of the frequency bands. This means that 
the whole approach is focused on the mathematical structure of the function which defines the 
vegetation iudex and not on its functionality at different ground types or its correlation with 
biophysical parameters. 

In the present paper, the probabilistic approacb, combined with geostatisticaJ (spatial 
autocorrelation) analysis is applied on the problem of the performance of the Modified Soil Ratio 
MSR. This vegetation index has been introduced by Chen (1996), in order to suppress the effects 
of the variable soil reflectance underneath the canopy. 

The MSR vegetation index is defined by (Chen 1996): 

Eqnation I-Definition of the MSR 

r -1 
JvlSR=u=~-

.[; + 1 

r is the ratio of the Near Infrared (NIR) to Red brightness value (or reflectance). Therefore the 
mathematical expression for the simple ratio r is given by: 

Eqnation 2 

NIR 
r=-­

Red 
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The MSR vegetation index has been used to estimate the LAI of the area under study (Fernandes et 
al. 2004, Haboudane et al. 2004). It's algebraic structure presents a certain similarity with the 
Noonalized Differences Vegetation Index NDVI, which is quite often used in mapping the 
vegetation cover and is defined by (Liang 2004): 

Equation 3-Definition of the NDVI 

r-l 
NDVJ=u=­

r+l 

In figure I are presented the variations of MSR and NDVI values against r. It can be observed that 
the MSR values are considerably bigger than the NDVI values, for r more than 1.5. These 
differences may influence the statistical parameters and the qualitative characteristics of the 
images of the vegetation indices. 

The subject of this paper is the statistical performance of the MSR vegetation index, compared to 
that of the NDVI, which is quite often employed and may be considered as a standard reference 
vegetation index. The whole study is centered on the behavior of the histogram of the MSR image, 
the image signal to noise ratio and the spatial autocorrelation of the brightness values of the pixels. 
The results and conclusions of this paper may be useful in mapping the land cover of an area under 
study, with the aid of multispectral images and remote sensing technology. 
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Figure 1 - MSR and NDVI values against r 

2. The histogram of the MSR image 

An image of a vegetation index with a broad histogram has a good contrast, which may help in 
detecting targets with a different tonality. A measure of the width of the histogram can be the 
standard deviation a or the ratio (JI/i. A narrow vegetation index histogram (with a small standard 
deviation) may he broadened by histogram stretching. However two pixels with the same initial 
tonality can not have a varied tonality in the histogram stretched image, even if they represent 
different land cover types. On the other hand, if further processing of the vegetation index images 
(monitoring temporal changes in land cover, for example) is supposed to take place, histogram 
stretching should be avoided since it distorts the original values of the pixels. Therefore a good 
criterion for the efficiency of a vegetation index may be the standard deviation or the ratio alJ1 of 
the image of the vegetation index. 

Vaiopoulos et at. (2004) have shown that using proper distributions, it is possible to find an 
analytical expression for the distributionfir) of the values of the simple ratio r, which is given by: 
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Equation 4-distribution of r values 

2Ar
 
fer) = (Ar2 + 1)2
 

The quantity A depends on the standard deviations of the histograms of the Near Infrared and Red 
channels, stdev(NIR) and stdev(Red) respectively, and may be defined by (Vaioponlos et al. 
2004): 

Equation 5 

A = [stdeV(Red)]2 
stdev(NlR) 

The value u of the MSR vegetation index is a fnnction of the simple ratio 1', as it can be seen in 
equation I. According to Spiegel (1977), the distribntion g(u) of the MSR values can be fonnd by 
the distributionj(r) of the I' values, by the following relation: 

Equation 6 

g(u) = f[r(u)]·ldrl
du 

Combining equation 4 with equation 6 gives: 

Equation 7-distribution of the MSR values 

4A(U + 1)3 
g(u) = [A(U + 1)4 + 1]2 

On the other hand, the distributiong(u) of the NOVI values is given by (Vaioponlos et.al. 2004): 

Equation 8-distribution of the NDVI values 

4A(l-U 2) 
g(u) = [A(1+U)2 +(1-U)2]2 

In figure 2 are shown the distributions of the MSR and NOVI values, according to equations 7 and 
8, respectively. These distributions represent the histograms of the MSR and NOVI images, which 
are produced by applying these two vegetation indices on a multispectral image. It can be observed 
that the distribution of the MSR values is right skewed (positive skewness), due to the fact that the 
MSR takes values that can be quite higher than unity (the NDVI values can not be more than 
unity). Generally, the positive skewness of the histogram of the MSR image is clearly expressed 
when the standard deviation of the brightness values of the Red channel does not exceed the 
standard deviation of the NIR channel. The NDVI histogram has a negative skewness when the 
standard dev iation of the Red channel is less than that of the NIR channel. 

A quantitative criterion of the efficiency of the MSR vegetation index, compared to that of the 
NOVI, can be the ratio standard deviation/mean value of the image of the vegetation index, A 
high ratio expresses a wide range of values around the mean value, which indicates an image with 
a good contrast, where different land cover types can be clearly discriminated. A small ratio 
standard deviation/mean value expresses a narrow range of values around the mean value, which 
indicates an image with a bad contrast and poor discrimination between different land cover types. 
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Figure 2 - Distributions of the values of the MSR and NDVI vegetation indices. 1=t 

The standard deviation a can be computed according to the following relation: 

Equation 9-standard deviation 

() = ~ 1(14 - Jll g(u)du 

R is the integration range. For the MSR vegetation index, the integration range is from -I to 00. For 
the NOVI, the integration range is from -1 to + J. 

Jl is the mean value of the distribution g(u), and it is given by: 

Equation to-mean value 

JI = 1ug(u)du 

The mean values of the NDV[ are quite close to zero, especially when the standard deviations of 
the Infrared and Red band zones, do not differ considerably. For this reason, in order to avoid very 
high ratios alJ.1, the 1.1 values of the NOVI and the MSR vegetation indices, were rescaled to the 
ranges [0, 2] and [0, (0), respectively. [n such a rescaling process, the standard deviation a remains 
the same and the mean value J.1 is equal to the non scaled mean value plus unity. 

The alj.1 values of the MSR vegetation index were computed numerically, according to the 
equations 7, 9 and 10, for various A. values. The alp values of the NOVI were also computed, 
according to the eql1ations 8, 9 and 10. In figure 3 is shown the variation of alp against A., for an 
MSR and an NOV] image. 

It can be Observed that for the MSR vegetation index, the ratio alJ.1 is practically constant for all A. 
values. On the other hand, the a/j.1 of the NOVI is smaller than the alJ.1 of the MSR for relatively 
slllall A. values. For A. bigger than 6, the a/j.1 of the NDVI becomes bigger than that of the MSR. 
The physical meaning of the curves of figure 3 is that the MSR image is expected to have a better 
contrast than the NOVI image, if ), is not very big. 

The two vegetation indices were applied on a Landsat TM image of Zakynthos Island, which was 
taken in July 1989. In figures 4 and 5 are presented the MSR and the NOVI irnage, respectivelyc 
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Figure 3 - Variation of (JIlt against A. 

Figure 4 - The MSR image of Zakynthos
 
Island
 

It can be observed that the NDVI image has a diffuse brightness and a relatively weak contrast 
between the regions with poor vegetation (dark tonality) and the regions with a dense vegetation 
cover (bright tonality). Tbe tonality contrast of the MSR image is stronger. On the other hand, 
some bright spots appear at the maritime region of the MSR image, which, obviously, dOIl't have 
any physical meaning and they are probably due to very low brightness values at the pixels of the 
Landsat image. 

The standard deviation ofthe Red channel is 16.038 and the standard deviation of the NIR channel 
is 34.458. Therefore, according to equation 5, the parameter A is equal to 0.217. 

In Table 1 are presented the theoretically predicted a/II values, according to the graphs of figure 
3, for A. = 0.217. In the same table, the actual alfJ values of the NDVr and MSR images are 
included. The quantity (JIlt of the NDVr image was calculated for a [0, 2] range of rescaled 
vegetation index values. The quantity alII of the MSR image was calculated for a [0, co) range of 
rescaled vegetation index values. 

There is a very good agreement between the theoretically predicted and the actual a/fJ value for 
the MSR image, and a less good agreement between these two values for the NDVr image. It must 
be pointed out that the theoretical alit values were calculated according to the distributions g(u) of 

Figure 5 - The NDVI image of Zakynthos
 
Island
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the equations 7 and 8, which are mere approximations of the histograms of the images of the 
vegetation indices. Very good agreement between theoretical predictions and actual values, is 
generally not expected. The most important is that theory and real data agree that, in qualitative 
terms, the a/Ji value of the MSR image is quite bigger than the a/Ji value of the NDVI image, 
which means that the MSR image has a better contrast. 

Table 1 - Theoretically predicted and actual statistical parameters 

Image (J/Ji theoretical dJi actual 

NDVI 0.265 0.182 

MSR 0.523 0.525 

3. The signal to noise ratio of the MSR image 

The signal to noise ratio of the image ofa vegetation index is a measure of how well the vegetation 
index responds over regions with a diflerent vegetation cover, in the presence of signals which are 
irrelevant to the targets of interest (noise). In this paper, the Near Infrared and Red brightness 
values are considered to contain a Gaussian noise with a constant standard deviation O"n. 

The signal to noise ratio SNR is defined by (Schowengerdt 1997): 

Equation ll-definition of the signal to noise ratio 

SNR=~ 
(J" 

u 

0"" is the standard deviation of a II value of the vegetation index (MSR or NDVI) at a certain pixel. 
O"u generally varies from pixel to pixel, since it depends on the NIR and Red brightness values of 
each pixeL 0" is the standard deviation of the tonality distribution g(u) and it is defined according to 
equation 9. The distribution g(ll) is given by equation 7 (for the MSR) and by equation 8 (for the 
NDVI). 

0"" is given by (Vaiopoulos et al. 2004): 

Equatiou 12 

". ~ ,,",{a(~R) r+ (a(~:dJ 
Combining the equations 1,2,7,9,10, II and 12 gives, after certain algebraic manipulation, the 
following expression for the signal to noise ratio of an image of the MSR vegetation index, 
SNR(MSR): 

Equation 13-the signal to noise ratio of an MSR image 

SNR(MSR)c 2.Red,,~(MSR)F'r+ 1 

a(MSR) is the standard deviation of the MSR image, which depends on the parameter A. r is the 
ratio of the pixel brightness value at the Near Infrared band to that of the Red band, according to 
the equation 2. 
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Combining the equations 2,3,8,9, 10,11 and 12 gives the following expression for the signal to 
noise ratio of an image of the NDVI vegetation index: 

Equation I4-the signal to noise ratio of an NDVI image 

SNR(NDVl) = Red oo-(NDVI) ~0 

2o-n (r + 1)2 

a(NDVI) is the standard deviation of the NDVI image, which depends on the parameter;L 

Combining the equations 13 and 14, gives 

Equation IS-the ratio SNR(MSR) to SNR(NDVI) 

SNR(MSR) 4o-(MSR) (r + 1)2 o.j;.0 

SNR(NDVl) o-(NDVI) r 2 + 1 

In figure 6 is presented the variation of the ratio SNR(MSR)/SNR(NDVI) against r, according to 
equation 15. It can be observed that SNR(MSR)/SNR(NDVI) is almost always more than unity 
and it increases with r. The ratio SNR(MSR)/SNR(NDVI) can be less than unity for very small 
values of r. For example, for /L = 0.217 (which is the /L value of the Landsat image), the value of I' 
beyond which this ratio exceeds unidy, is 1'0 = 0.0094. Integrating equation 4 for /L = 0.217 and 
with integration range [0.0094,00], the percentage of the pixels with SNR(MSR)/SNR(NDVI» 1 is 
found to be 99.998 %. The general conclusion of the mathematical analysis of the signal to noise 
ratio of the MSR and NDVI images is that the signal to noise ratio of the fonner is better (higher) 
than that of the latter. 
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Figure 6 - SNR(MSR)lSNR(NDVI) variation against r 

In order to compare in practice the signal to noise ratio of the MSR image with that of the NDVI, 
the signal to noise ratio for every pixel of the MSR and the NDVI images of the Landsat scene of 
Zakynthos Island was computed, using a proper software which was developed in the ERDAS 
Imagine environment. Then, for each pixel, the ratio SNR(MSR)/SNR(NDVI) was found. 

In figure 7 is presented the histogram of the SNR(MSR)/SNR(NDVI) values. 
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Figure 7 - Histogram of the SNR(MSR)/SNR(NDVI) values (product of the Landsat image) 

The values of the ratio SNR(MSR)/SNR(NDVI) range from zero to 3.52. The mean value is 1.45. 
A further analysis of the histogram showed that for the 75 % of the pixels of the Landsat image, 
the ratio is more than unity. In other words, most of the pixels have a better (higher) signal to noise 
ratio for the MSR vegetation index than for the NDVI vegetation index. This means that, in 
quantitative terms, there is a considerable deviation between the theoretical prediction and the 
experimentation on the Landsat image, since the theoretically estimated percent of pixels with 
SNR(MSR)/SNR(NDVI» 1 is almost 100 %. In qualitative terms however, theory and 
experimental data show that, for most pixels, the signal to noise ratio of the MSR image is 
expected to be better than that of the NDVI image. 

4. The spatial autocorrelation of the MSR image 

The spatial antocorrelation of a digital image is a measure of the spatial variation of the tonality. A 
high spatial autocorrelation between two pixels at distance d means that the spatial variation of the 
tonality from zero to d presents a smooth tendency and the tonality of a certain pixel presents some 
relevance with the tonality of the other pixels at distance d. A small spatial autocorrelation at 
distance d means that the tonality from zero to d varies rapidly and the tonality of a certain pixel is 
irrelevant the tonality of the other pixels at distance d. 

The autocorrelograms of the MSR and NDVI images were compnted, nsing ILWIS software 
package, in order to form a picture of the spatial variation of these two vegetation indices, in 
qnantitative terms. In tignre 7 are presented the autocorrelograms of the MSR and the NDVI 
image, in the horizontal direction. In the vertical direction, the antocorrelograms are essentially the 
same, which means that there is no anisotropy on the spatial patterns of the images. 

It can be observed that the autocorrelogram of the MSR image almost eoincides with that of the 
NDVI image. A more careful examination of the two autocorrelograms, shows that the 
autocorrelation of tbe MSR is a little bit smaller than that of the NDVI, for every distance d. This 
means that the spatial variation of the NDVI values is slightly smoother than that of the MSR 
values; in other words, the tonalities of pixels of a certain region of the MSR image are less 
grouped (more variable) compared to those of the NDVI image. 
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Figure 8 - The autocorrelograms of the MSR and NDVI images 

5. Conclusions 

According to the mathematical analysis and the experimentation with the Landsat image, the 
following conclusions may be deduced: 

The statistical behaviour of the MSR and NDVI images depends on the ratio of the standard 
deviations of the NIR and Red channels of the multispectral image. For equal, more or less, 
standard deviations of the two channels, the histogram of the MSR image is right skewed and that 
of the NDVI is symmetricaL Generally, the right skewness of the MSR image is clearly expressed 
when the standard deviation of the tonality of the Red Channel is not bigger than that of the NIR 
channel. Because of this right skewness, the MSR image does not present the diffuse brightness 
which may be observed in the NDVI image, when the NDVI histogram has a zero or negative 
skewness, as a result of a not bigger standard deviation of the Red channel than that of the NIR 
channel. 

The standard deviation/mean value ratio of the MSR image, is generally bigger than that of the 
NDVI image. This means that the MSR image has a better contrast. The signa~ to noise ratio of the 
MSR image is also better than that of the NDVI image, 

The autocotTelograms of the MSR and NDVI images of the Landsat multispectral scene of 
Zakynthos island, are not considerably different, but they showed that the tonalities of the pixels of 
the MSR image have a more intensive spatial variation than those of the NDVI image. 

On the other hand, the MSR image may contain some noise (spots with high brightness), which 
does not appear in the NDVI image. 
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The general conclusion is that the MSR vegetation iudex produces images with a better tonality 
contrast and a better signal to noise ratio than the NDVl images, which are quite often used in 
environmental research. 

The results and conclusions of this paper may be useful in mapping the land cover of an area under 
study, with the aid of multispectral images and remote sensing technology. 
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