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A preliminary study has been conducted to test the effectiveness of the canonical discriminant approach
to making spatial discrimination of salt-affected soil surfaces, using the Landsat TM data taken in the mid-
dle reaches of the Heihe River, China. A saline area can be considered a mixture of salt-affected patches
which differ in degree, and hence we tried to make discrimination of salt—affected soil surfaces by canonical
discriminant approach. Three 360x360 m test plots with different land surface conditions, “Bare—soil sur-
face area (strongly saline), “Reed area (moderately saline), “Barley field (weakly saline)”, were selected as
training areas or groups. Five indices, B4 (band 4 DN), Wetness, SI, NDSI, and Fe,O, (composite indices),
were determined as discriminating variables, and two canonical discriminant functions, y, and y,, were
obtained for the three groups using these five discriminating variables. When group centroids and individ-
ual cases were plotted on the plane made by two canonical discriminant functions, ¥, and v,, the groups of
cases were quite distinct and their centroids were well separated, which suggest that the canonical discri-

minant approach is promising for spatial discrimination of salt-affected soil surfaces.
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INTRODUCTION

Salinity has plagued irrigated agriculture throughout
history (Tanji, 1990), and soil salinization is an old-yet—
new problem in arid regions. For example, there are
approximately 100 million ha of salt-affected soils in
China, accounting for one tenth of the total land area
(Li, 2009). The development of effective salinity control
practices requires an understanding of the causal rela-
tionship between soil and water salinization and salt for-
mation and movement in the soil. Thus, the first step in
establishing an innovation in the salinity control prac-
tices is to develop a means for assessing the degree of
soil salinization and its spatial distribution easily and effi-
ciently. Remote sensing is a possible candidate for an
effective tool in detecting temporal and spatial changes
in soil salinity. However, in general, irrigated lands are
studded with saline plots of various sizes (Wang et al.,
2008), so that fields with the crops in vigor are intermin-
gled with ones in which the crops lack vigor, or plots
almost bare of vegetation. As a result, how to cope with
mixed pixels is one of main problems in utilizing remote
sensing for this purpose effectively.

Soil salinity is indicated by (a) presence of white
crust and efflorescence and (b) soil parameters such as
EC and SAR, and also by (c¢) invasion of salt-tolerant
weeds and (d) lack of plant vigor (Metternicht and Zinck,
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2009; Araki et al., 2010). The former two, (a) and (b),
reflect “soil” conditions, and the latter two, (c¢) and (d),
reflect “vegetation” conditions at each site. In this study
we regard a saline area as being composed of salt—
affected patches which differ in degree, and try to make
discrimination of salt—affected soil surfaces by compos-
ing canonical discriminant functions based on the dis-
criminating variables which indicate the “vegetation” and
“soil” conditions, and using these functions as salinity
indicators. This paper describes the methodology and
results of a preliminary study made in the middle reaches
of the Heihe River, China, using the Landsat TM data.

CANONICAL DISCRIMINANT APPROACH

We apply a kind of multivariate data analysis, canon-
ical discriminant approach to spatial discrimination of
salt—affected soil surfaces. In multiple discriminant anal-
ysis, the samples expressed by vector variables of p com-
ponents are projected from their space into suitable sub—
space, of which the dimension 72 is smaller than p. First
of all, the framework of this approach is summarized.

Discriminating variables of p components are defined
as (Anderson, 1958; Cooley and Lohnes, 1971):

X,: vector variable for subject or case 7 (i=1~N,)

and group k (k=1~g)
where g: number of groups, N,: number of subjects or
cases in group k,
m: vector of total mean or ground centroid
m,: vector of group mean or group centroid for group
k
Then we have
X,-m(=x,)=m,-m)+ (X, -m)

Further, matrices of sums of squares and cross products
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are defined as:

T:Z li:l Zgixmxm/

: matrix of total sums of squares and cross products

A :Z i:l N,(m,—m)(m,-m)’

: matrix of among—groups sums of squares and cross
products

W=7 M (X, -m)(X,-m)

: matrix of within—groups sums of squares and cross
products

Then we have
T=A+W @Y

The canonical discriminant function is determined in
the following way. Let us denote the canonical discrimi-
nant functions as:

Y= vx @)
where
vv.=1

Hereafter we abbreviate the subscripts of x. The among—
groups sum of squares on the function y, will approxi-
mately be

v/ Av;

Similarly the within—groups sum of squares on the func-
tion y; will approximately be

v, W,
Here we maximize the ratio
A, =v/Av,/ v/ Wy,
and get
W'A-ADv,=0 3)

The rank of matrix WA, in general, will be that of
A. So we have n (= min [p, g—1]) eigenvalues: let these
be A, > A,> > A,. Let v, be the normalized solution
of the above equation with A, = A, then the vector v,
points to the direction along which the among—groups dif-
ference will be the largest relative to the within—groups
scatter. The vector v, corresponding to A,= A, is not
perpendicular to v, but along it the among—groups dif-
ference will be the largest among those uncorrelated
with that along v, , and so forth.

Let us define the vector z of p components as:

) Wy -~ 0 % %
X:/—<E ) > N-gz =D'aina/N-gz
N-g
0 Wip
where
g
N=2,. N

1
D%diag = 71 < I/I:/11 - O >2
N-g 0 = Wy

and W, is (4, 7) element of matrix W.

Then we get .

Y= 0YN-g Djuyz =02 )
where .

¢ =0 /Neg Dy ®)

In general, u, = v,/N—¢g 1is called the unstandardized
discriminar}t function coefficient vector of p components,

and c; :D(gag u; is called the standardized discriminant
function coefficient vector (Klecka, 1980).

MATERIALS AND METHODS

Study area

In the grassland which extends around Linze, Gansu,
the Lanzhou University Grassland Station and the
Atmospheric Weather Station (100°04°E, 39°15°N, 1394 m
a.s.l.) are established. The study area was selected near
the stations (Fig. 1). Climatic values of annual precipita-
tion, annual maximum and minimum air temperature at
the AWS are 145 mm, 35.7°C and -32.4°C, respectively.
This study area is located in the middle reaches of the
Heihe River, which comes from the Qilianshan Mountains
and disappears into the Badain Jaran Desert. Three
360X360m test plots (representative sample sites or
training areas) of various land cover types, bare—soil area
(strongly saline), reed area (wet and moderately saline),
and barley field (irrigated and weakly saline) are deline-
ated as shown in Fig. 1.

T .- S Yy 100°4'30"

Automatic weather station

39°1430"

Lanzhou University

grassland station

100°3'30" 100°4'0" 100°4'3

Fig. 1. Study area and polygons defining three test plots or train-
ing areas.
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Data

Landsat—5 TM images obtained on Sep. 23, 2007 were
used in this study. The geometric correction was imple-
mented so that its RMS accuracy was controlled within
half a pixel. The resolution of resampled pixel was about
30m. In atmospheric correction, the mid-latitude sum-
mer model was used as the atmospheric profile, and the
rural mode of aerosol model was applied. By resampling,
157 pixel values were obtained in and around each test
plot, which is called the group in the statistical analysis

Table 1. Thematic mapper (TM) spectral bands

463
and hence 471 pixel values were used in this analysis.

Discriminating variables

Table 1 lists the seven spectral bands of the TM with
descriptions of the application related to this study,
extracted from the intended principal application of each
(Lillesand et al., 2004).

Fourteen candidates for discriminating variables
which were devised by various researchers using Landsat
TM data (Table 2), including the raw band digital num-

Band
(Wave length, zm)

Nominal
Spectral Location

Interested Application

Soil and vegetation discrimination, and cultural feature identification.

Green reflectance peak of vegetation and vigor assessment, and cultural feature

Chlorophyll absorption region aiding in plant species differentiation, and

cultural feature identification.

1 (0.45-0.52) Blue

2 (0.52-060) Green identification.
3 (0.63-0.69) Red

4 (0.76-0.90) Near IR discrimination.
5 (1.565-1.75) Mid IR

6 (10.4-12.5) Thermal IR

7 (2.08-2.35) Mid IR

Determining vegetation types, vigor, and biomass content, and soil moisture

Vegetation moisture content and soil moisture discrimination.
Vegetation stress analysis, and soil moisture discrimination.

Discrimination of mineral and rock types, and vegetation moisture content

Table 2. Candidates for discriminating variables (composite indices)

Composite index

Description

SI= /B1xB3 Salinity index (Khan et al., 2005)
NDSI=-NDVI Normalized differential salinity index (Khan et al., 2005)
=(B3-B4)/(B3+B4)
Bl= +/B3*+B4* Brightness index (Kahn et al., 2005)
Fe,0,=B3/B1 Weathering index (Dmmeyer and Shukla, 1994)

Albedo=0.359B1+0.130B3+0.373B4
+0.085B5+0.072B7-0.018

Albedo index(Liang, 2000)

Brightness, Greenness,

Wetness

Tasseled cap concept extended to Landsat TM data (six bands). The first feature

relates to soil reflectance, the second the amount of green vegetation, and the

third the canopy and soil moisture (Crist and Cicone, 1984; Peng and Li, 1989)

Table 3. Correlation matrix between each pair of all candidates for discriminating variables for a test plot “Bare—soil area”

Bl B2 B3 B4 B5 B7

Br* Gr* We* Al* SI ND* Fe2* BI
B1 1
B2  0.943 1
B3 0918 0.971 1
B4 0.767  0.755  0.702 1
B5 0.560  0.670  0.765  0.276 1
B7 0476 0588 0.682  0.145 0.974 1
Br* 0.828 0.905 0.949 0593 0.914 0.858 1
Gr*  -0.362 -0441 -0532 0220 -0.751 -0.816 -0.625 1
We* -0.180 -0.301 -0.414 0.137 -0.898 -0.941 -0.6564  0.789 1
Al* 0974 0.968 0.965 0.796 0.694  0.608 0.920 -0.399 -0.327 1
SI 0.980 0.977 0.978 0.750  0.670  0.589 0.906 -0.455 -0.301 0.990 1
ND*  0.715  0.795 0871 0267 0826 0814 0.873 -0.862 -0.644 0.758  0.808 1
Fe2¥ -0.258  0.017 0.146 -0.199 0428 0458 0.240 -0.381 -0.639 -0.082 -0.062  0.336 1
BI 0912 0.934 0.919 0.926 0555 0444 0833 -0.161 -0.146 0.953 0.934 0.609 -0.034 1

*Br: Brightness; Gr: Greenness; We: Wetness; Al: Albedo, ND: NDSI, Fe2: Fe,O,
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bers (DNs), were tested. Table 3 shows the correlation
matrix between each pair of all candidates for discrimi-
nating variables using the data obtained in the bare—soil
area, the size being 157 (Fig. 1). If two indices are highly
correlated to each other, they convey essentially the same
information, so it is appropriate to pick up indices that
are not correlated to other ones. Fe,0, is regarded as
such a index. B4, NDSI and Wetness are also included in
such indices, and B5, B7 and BI can be removed from
the list of candidates. In the contrary, if we select SI as
the variable, we can exclude such indices as B1, B2, B3,
Brightness, and Albedo. Finally, Greenness seems to
be a promising candidate but we judged that NDSI could
be a substitute for it. As a result, we got five discriminat-
ing variables; that is, B4, Wetness, SI, NDSI, and Fe,O,.
Since p = 5 and g = 3 in this study, the number of eigen-
values or canonical discriminant functions is two, because
7 =min [p, g-1] = 2.

RESULTS AND DISCUSSION

By solving Eq. 3 using 157 pixel values (cases) for
each group and hence 471 cases in total, we got two
eigenvalues. In this study, incidentally, statistical calcula-
tions were made using SPSS16.0 software.

Table 4 shows the eigenvalues and measures of
importance. These results show that the first canonical
discriminant function (y1) contains 70% of the total dis-
criminating power in this system of equations. Canonical
correlation coefficient is defined as

«/v,,,Av,,/v,,’Tv,,, =4 A (A+A)

where 7 denotes the relevant canonical discriminant func-
tion (Eq.1). This coefficient is a measure of the degree
of relatedness between the groups and the function.
They are rather large, and hence the two canonical discri-
minant functions are expected to be powerful discrimi-
nators.

Table 4. Eigenvalues and measures of importance

Canonical Relative Canonical
Discriminant Eigenvalue percentage Correlation
Function coefficient
Y, 4.851 70.0 0.911
Ys 2.080 30.0 0.822

Table 5 shows the standardized discriminant coef-
ficients ¢; (Eq.5) and within—groups structure coeffi-
cients. A structure coefficient, or a coefficient of corre-
lation between a discriminating variable and a canonical
discriminant function, tells us how closely the variable
and the function are related. “Within—groups structure
coefficient” s,; for variable 7 and function j can be calcu-
lated as follows:

s _2 5 Wikaj
U T e k=1 T
i JW. W

where c¢,; is k¥ component of the vector of standardized

Table 5. Standardized discriminant function coefficients and
within—groups structure coefficients

Standardized Within-groups
Discriminating Discriminant Structure
Variable Function Coefficient Coefficient
(c,) ()
Y Yo Y Yo
B4 -0.931 1.191 0.647 0.586
Wetness 0.657 -0.548 0.144 -0.612
SI 3.833 -1.378 0.632 0.511
NDSI -2.590 0.338 0.338 0.443
Fe,0, 0.210 0.483 -0.198 0.640

discriminant function coefficient ¢, and W, is (¢, j) ele-
ment of matrix W. From these results it can be deduced
that discriminating variables B4 and SI contribute mainly
to y,, while Wetness and Fe,O, contribute mainly to y,.
This suggests that function y, reflects the “vegetation
plus salinity” conditions and function y, reflects the “soil
plus wetness” conditions in each pixel.

Figure 2 shows the two—function plot of group cen-
troids and individual cases. The groups are quite dis-
tinct and their centroids are well separated. For getting
ground—truth data, we have only made measurements of
EC,,, (Kobayashi et al., 2006) of the top soil layer
(0-10 cm) at one site for each test plot on 29 June, 2011,
which were 180 dS m™ in “Bare-soil area”, 20dS m™ in
“Reed area”, and 5dS m™ in “Barley field”, and in addi-
tion to that the TM images used in this study were
obtained on Sep. 23, 2007, when barley had already been
harvested. Thus, further study is needed to collect
ground—truth data contemporaneously to validate the
spectral signatures from the satellite images. However,
it turns out that the power of the two functions y, and y,
for discriminating salt—affected soil surfaces is promis-
ing, and y, seems to reflect the difference in “vegetation
plus salinity” conditions between test plots and y, the

7.0
Batley field © &
354 ey B a0
S
«
£
2 0.0+
g
B
-3.5
o OBarley field
(OReed area
OBare-soil area
_7.0- B Group Centroid
T T T T T
-7.0 -35 0.0 35 7.0
Function 1

Fig. 2. Two—function plot of group centroids and individual cases.
Function 1 and Function 2 represent y, and y,, respectively.
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difference in “soil plus wetness” conditions between them.
These estimations accord with the judgment made above
from the within—groups structure coefficients.

CONCLUDING REMARKS

A preliminary study has been conducted to test the
effectiveness of the canonical discriminant approach to
making spatial discrimination of salt—affected soil sur-
faces, using the Landsat TM data taken in the middle
reaches of the Heihe River, China. A saline area can be
considered a mixture of salt—affected patches which dif-
fer in degree, and hence we tried to make discrimination
of salt-affected soil surfaces by canonical discriminant
approach. Three 360X360m test plots with different
land surface conditions, “Bare—soil surface area (strongly
saline), “Reed area (moderately saline), “Barley field
(weakly saline)”, were selected as training areas or
groups. Five indices, B4 (band 4 DN), Wetness, SI,
NDSI, and Fe,O, (composite indices), were determined
as discriminating variables, and two canonical discrimi-
nant functions, ¥, and y,, were obtained for the three
groups using these five discriminating variables. When
group centroids and individual cases were plotted on the
plane made by two canonical discriminant functions, ¥,
and y,, the groups of cases were quite distinct and their
centroids were well separated, which suggest that the
canonical discriminant approach is promising for spatial
discrimination of salt—affected soil surfaces.

It can be said, however, that the following subjects
which are related closely to this study require further
investigation.

(a) To collect more ground-truth data contemporane-
ously to validate the spectral signatures from the TM
images.

(b) To test the possibility of microwave sensing of salt—
affected areas, because, although the real part of the
dielectric constant is insensitive to the presence of
salts but strongly responds to soil moisture, the imag-
inary part is highly sensitive to the salt content in
the soil (Metternicht and Zinck, 2009), which seems
to be ideal for detecting soil salinity.

(¢) To construct a model of a mixed pixel relating the
spectral signatures from the satellite images and soil
salinity. If we get such a model, remarkable progress
in management practices for salt—affected soils could
be accomplished.
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