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Abstract This paper aimed to assess the status of land degradation in arid and semi-arid areas based
on a correlation analysis between spectral and statistical neo-bands. The methodology uses
vegetation and soil spectral indices as the second Modified Soil Adjusted Vegetation Index (MSAVI2),
Normalized Difference Bare Soil Index (NDBSI), Texture Index (NDTel), Crust Index (Cl), Top Soil
Grain Size Index (GSI), Normalized Difference Sand Dune Index (NDSDI) and the first Specific
Principal Component of the red, near infrared, shortwave infrared bands stacking (SPClgr.nRr-swiri-
swirz). The vegetation is considered here as the main object of soil sub-surface. Thus after all the
spectral and the statistic neo-bands are performed on Landsat8 OLI sensor image, a linear regression
is generated to assess their correlation with MSAVI2. Based on the visual interpretation and the
regression curves the results show that the determination coefficient R? and the P values all significant
as less than 0.0001. Each neo-band is weighted with its R* to improve its contribution to the model and
the synthesis image obtained enhances the land degradation sensing in six classes; these are
respectively named as “severe” (3139 km?), “high” (6763 km?), “moderate” (8341 km?), “low” (7454
km?), “very low” (6947 km?) and “close to nil” (5437 km?). This last image is summed with population
layer to produce a decision map helpful for further government decision. At the end the degradation
image has given interesting results for the detection of land degradation comparatively to derivation
and comparison of individual indices.

Keywords Correlation Analysis; Decision Map; Linear Regression; Specific Principal Component;
Spectral Indices
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1. Introduction

Land degradation refers to a change in soil health condition that causes a reduction in the ecosystem's
ability to provide goods and services for its beneficiaries (Barrow, 1991; Conacher and Sala, 1998;
Biancalani, n.y.). It is also defined as the loss of soil production by either chemical or physical
processes (Singer and Munns, 2002; Blaikie and Brookfield, 1987). It thus covers the various types of
soil degradation as physical, chemical and biological (Brabant, 2010), adverse human impacts on
water resources, deforestation, and lowering of the productive capacity of rangelands (Metternicht,
2006; UNEP, 1992). Brabant (2009) testify that fighting this process is now a priority, particularly in
developing countries which host 75% of the world’s population and where 3/4 people work in
agriculture; but the main obstacle to achieve such evaluations has been the lack of a standard
streamlined international assessment procedure. Further, the UNCCD (1994) and Fadhil (2009) have
listed several biophysical but also socio-economic causes to that phenomenon as marketing, income,
human health, institutional support, poverty, undermining food production and political stability. From a
holistic point of view and in its extreme form, land degradation is followed by a severe deterioration of
vegetation cover and soil production capacity reduction takes the connotation of desertification,
particularly in those semi-dry arid or arid areas (Warren and Agnew, 1988; Begzsuren, 2007).

Assuming the importance of land in several scientific fields it is necessary to know the actual and
available tools belonging to the field of remote sensing and GIS, in order to assess the early detection
of "Soil Degradation" or to take up any preventive measures (Rojas, 2013). Several studies and
models have been devoted to the prediction of erosion risk based on the USLE (Universal Soil Loss
Equation) of Wischmeier and Smith (1978), and the RUSLE (Revised Universal Soil Loss Equation of
(Renard et al., 1991). Concerning the analysis of the state of land degradation it is encouraged and
supported by projects such as LADA (Land Degradation in Drylands Assessment) which aims to
develop an integrated assessment methodology for land degradation to understand the degradation
processes at different scales (global, national and local) by identifying the status and trends of land
degradation, the root causes, effects and consequences. On that point of view, MSAVI has been used
in correlation with field data to assess vegetation cover (Senseman et al., 1996a; Senseman et al.,
1996b; Chen, 1999), biomass and/or leaf area index (Smith et al., 2005; Phillips et al., 2009), or as
one indicator to monitor desertification (Liu and Wang, 2005). Pandey et al. (2013) have used some
spectral indices such as Cl (Crust Index), NDSDI (Normalized Difference Sand Dune Index), GSI (Top
Soil Grain Size Index) compare to NDVI (Normalized Difference Vegetation Index) to assess land
degradation and sand encroachment in Western India. Also, Raina et al. (1991) have used Landsat
TM imagery to map the type, extent and degree of degradation. The soils affected by fires and their
capacity for regeneration has been studied from images Landsat TM and Digital Elevation Model
(DEM) (Gonzalez and Rodriguez, 2013).

Based on these applications and experimentations, the main objective of this article is to assess the
state of land degradation through the correlation analysis of vegetation and soils spectral indices, and
SPC neo-band, followed by their crossing.

2. Research Location

The area chosen for this study is the far-north of Cameroon in Central Africa. It is situated between the
longitude 13°30-15°40’ East and longitude 10°-13° North (Figure 1). It covers a total area of about
38086 km? and six departments are concerned. Several reasons explain this choice. This is indeed a
bioclimatic milieu naturally predisposed to several forms of soils damages due to the dry hot climate
and low rainfall. As consequences vegetation cover gradually changes from weak dense grassy
savannah in the south to very sparse dry savannah or steppe as one moves in latitude. The soils are
typically arid including ferruginous, alluvial, sandy, also latosols and vertisols, all barren and yellowish,
skeletal and therefore poor (Raunet, 1993).
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In addition the 3,300,324 inhabitants (BUCREP, 2010) of the area are facing landholding conflicts and
live from agriculture and transhumant breeding with some practices as bushfire and irrigation by
pumping or pouring (MINEF-UNCCD, 2004; COMIFAC-CEEAC, 2007). All these bioclimatic and
human characteristics expose the concern area to many forms of land degradation such as rock
levelling, gullying, valleys silting, banks sapping, wind and water erosion, the extension of dune banks,
drying and induration due to cattle trampling, armoring or crusting (Figure 2). In 2003 the GLADA was
estimating the total of degraded area in Cameroon to 151605 km? which represent 31.89% of national
territory (Bai et al., 2008).
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Figure 2: Some Features of Land Degradation
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3. Materials and Methods
3.1. Satellite Image Acquisition and Preprocessing

Satellite images of Landsat 8 OLI sensor were downloaded at the middle of the dry season,
characterized by the absence of rainfall and very slow chlorophyll activity; thus implicitly declining
agricultural activities. This is a total of seven scenes acquired on January 2015, on the official website
of NASA http://earthexplorer.usgs.gov/ (Table 1). Each scene is composed by eleven bands covering
the electromagnetic spectrum between 0.433 pm and 12.50 um. The bands stacked are blue, green,
red, near infrared, and the two shortwave infrared with a spatial resolution of 30 meters, while the
panchromatic band is at 15 meters (Table 2).

Table 1: List of Scenes used

Scene ID Date of Acquisition
LC81830532015014LGNOO 14/01/2015
LC81840512015021LGNOO 21/01/2015
LC81840522015021LGNOO 21/01/2015
LC81840532015005LGNOO 05/01/2015
LC81850512015012LGNOO 12/01/2015
LC81850522015012LGNOO 12/01/2015
LC81850532015028LGNOO 28/01/2015

Table 2: Spectral and Spatial Characteristics of Bands Used

Spectral Band Wavelength (um) Spatial Resolution (M)
Aerosol / Coastal 0.433 - 0.453 30
Blue 0.450 - 0.515 30
Green 0.525 - 0.600 30
Red 0.630 - 0.680 30
Near Infrared 0.845 - 0.885 30
Short Wavelength Infrared 1.560 - 1.660 30
Short Wavelength Infrared 2.100 - 2.300 30
Panchromatic 0.500 - 0.680 15

Preprocessing operations were performed to prepare the images. This step starts by the radiometric
calibration and atmospheric corrections by Chavez (1996) low COST method on each scene. Then a
spatial enhancement to 15m has been applied to merge the multispectral image with the panchromatic
band. The process used has been the wavelet resolution merge that can be considered as an
improvement of the classical IHS (Intensity Hue Saturation) method and it is expected to better
preserve the spectral characteristics of the multispectral image (Ferreres et al., no year). It processes
the signals of the image as the Fourier Transform for better readability of a phenomena and uses short
discrete “wavelets” instead of a long wave (King and Wang, 2001; ERDAS, 2003; Klonus and Ehlers,
2009; Zaydan, 2012). Finally, the entire data set of seven scenes was mosaicked and clipped to the
limits of the study area as the final step in the preprocessing sequence.

2.2. Presentation of Spectral Indices Generated

Spectral indices have proved efficiency to highlight the indicators of land degradation mentioned
above. Applications of remote sensing for assessing and monitoring land degradation is mainly related
to spectral reflectance of soil and vegetation (Al-Bakri, 2012). The approach used here has been
implemented using two entrances.
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The first entrance is the characterization of the land surface cover through a vegetation density index.
Indeed the determination of soil recovery rate by vegetation is a fundamental indicators to measure
soil protection rate (Deschamps, 1983). So far the most frequently used method employing EO
datasets is trend analysis of vegetation index data, most commonly the Normalized Difference
Vegetation Index (NDVI) (Higginbottom and Symeonakis, 2014). In this study, the Second Modified
Soil-Adjusted Vegetation Index, MSAVI2 of (Qi et al., 1994) has been used. This index describes the
state and the density of the vegetation while separating it from the ground effects especially when the
canopy is sparse and Leaf Area Index, LAl is low (Table 3, Figure 5a). It is advantageous in the
assessment of the top soil elements on arid and semi-arid surfaces according to the formula (1):

* - 'II 2 & I & -
MSAVI2 = (2NIR+1-4/(2=NIR+1)2—8=(NIR-R)) (1)

2

Where NIR and R, are respectively values of reflectance in the near infrared (band 5: 0845-0885 um)
and Red (band 4: 0630-0680 um) electromagnetic spectrum.

The second entrance has been that to characterize the state of topsoil cover. It then important to
remember that apart from the degree of coverage by vegetation, soil reflectance is influenced by
intrinsic factors such as moisture, roughness (Barnes and Zalewski., 2003; Thomasson et al., 2001)
stoniness, microrelief and texture thinness (Madeira et al., 1991; Tourifio Soto, 2005). It is admitted
that the most important interaction of soils and electromagnetic radiation is in the range of 0.3 to 3 ym
(zaydan, 2012). Then in arid and semiarid areas, spectral reflectance of soil is mainly controlled by the
dominant particle size and the content of minerals, including accumulated salts (Al-Bakri, 2012). Five
indices and one statistical neo-band were chosen to highlight these factors:

= The Normalized Difference Bare Soil Index, NDBSI, aims at enhancing bare soil areas, fallow
lands, and vegetation with marked background response. It is a normalized difference using
the Near and the Short wavelength infrared as follows in formula (2):

SWIR — NIR @
NDBSI = +0,001 €[-1,1]
SWIR + NIR

Where SWIR refers to the reflectance values in the short wavelength infrared (band 6: 1560-1660 um)
Landsat OLI sensor. It is useful for predicting and assessing bare soil characteristics such as
roughness, moisture content, amount of organic matter, and relative percentages of clay, silt, and sand
(Roy et al.,, 1997) (Table 3). In general condition NDBSI > -0.20 is a strong necessary, but not
sufficient indication of the presence of bare soil areas (Baraldi et al., 2006).

» The normalized difference between the two bands of the Short Wavelength infrared, important
to enhance the contrast of texture or roughness of tropical soils. It was originally used to
express the content of gibbsite and kaolinite in latosoils, and therefore allows to distinguish the
sandy soils from clay soils in tropical areas (Madeira, 1993). It particularly enhance clay soils,
sandy soils, rocks leveling, vertisoils and latosoils in tropical areas under or over the
vegetation as it is the case in the study area (Table 3). It will be named in this study the
Normalized Difference Texture Index, NDTel, that uses the spectral domain of the infrared
with the formula (3):

SWIR1 — SWIR2
NDTel = €[-1, 1] 3
SWIR1 + SWIR2
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Where SWIR?2 is the reflectance values the second Short Wavelength infrared Landsat OLI sensor
(band 7: 2100-2300 pm).

= The Topsoil Grain Size Index, GSI, is used to characterize the surface texture of the sail.
Taking in account the fact that soil physical degradation involves thinning of the organic layer,
destabilization of aggregate structure in the topsoil, surface crusting and topsoil compaction
(Brabant et al., 1996), this index is increasingly coupled to vegetation indices to indicate
degradation, based on the fact that the increase in this index is indicative of a rough surface
texture (Xiao et al., 2006) (Table 3). The higher values indicate that the soil is coarse and
close to degradation. The formula (4) is based on the reflectance values of the spectral bands
of the visible as follow :

R—B
GSI—— 4)
R+EB+G

Where B and G express the reflectance values in the blue band (band 2: 0450-0515 pum) and the
green band (0525-0600 pm) OLI Landsat sensor. GSI value is close to 0 or a smaller value in
vegetated area, and for a body of water it is a negative value. Higher positive values of GSI represent
the sand affected region.

= The Crust Index, Cl, is a normalized difference between the red and blue domain of
electromagnetic spectrum. It is mainly used to map geological features, and has the ability to
detect and differentiate lithological/morphologic units such as active crusted sand areas
(Karnieli, 1997) (Table 3). The formula of the Cl is:

Cl=1- R-B € [0, 1] (5)
R+B

= The Normalized Difference Sand Dune Index, NDSDI, is used to identify and assess the
existence of the sand dune accumulations and sand spread (Fadhil, 2009). This normalized
difference is calculated between the Red and the short wavelength infrared (SWIR) spectral
values following the formula (6):

R — SWIR2
NDSDI = ———— €[1,1]]
R + SWIR2

(6)

This index mainly distinguishes vegetation and non-vegetation, water and arid surface, sandy or bare
soil, while reflectance in the red and SWIR bands can discriminate the mineral and rock types as it is
sensitive to the moisture content of soil and vegetation (Table 3). Value of the NDSDI ranges between
-1 and +1, whereas the sand dune accumulations and drifting sands often give values below zero and
vegetative cover produces values greater than zero.

= The first Selective Principal Component R-NIR-MIR-SWIR: the Principal Component Analysis
(PCA) also named Hotelling transform is a mathematical transformation used in remote
sensing to develop the image signal on the basis of orthogonal functions of these (Bonn et al.,
1992; Joly, 1986; Baccini, 2010; Gonzalez, no year). It looks for a better representation of
numerous information, n, in a sub-space Fy in space R, of k dimension. Thus k new variables
which are linear combinations of p initial variables and that minimize the loss of information
are defined (Figure 3).
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Figure 3: Schematic Explanation of the PCA [Smith et al., 2005]

This technique works to search axes larger variances in the space of radiometry of an image (Youan,
2009). Some authors have derived the selective principal component, SPC, to enhance lithological
lineaments. The bands of the visible and the ones of the infrared part of the electromagnetic spectrum
are compiled separately to produce the selective principal component of blue-green-red, SPCggr and
the selective principal component of near infrared-shortwave infrared one and two, SPCyr.swiri-swir2-
Then the first SPC of the results is chosen to proceed with the analysis. In this study the SPCr.nk-
swirLswire have been used to generate new axes of images information; this is according to the fact
that the red band coupled to the NIR easily separate soils from vegetation; while the spectral curve of
soil is more distinct in the infrared domain (Figure 4).
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Figure 4: Generalized Spectral Signatures for Soil and Vegetation
(Source: Wageningen University)

With an eigenvalue of 21870.68 over 22016.39, that is an explained variance of 99, 33 %, the SPC1x.
NIR-SWIRL-SwIR2 concentrates the essential of information contained in the four bands and has been
selected to continue the process. Then the soil surface characteristics enhanced are rough lithological
features considered as a part of land degradation (Table 3).

Table 3: Contribution of Neo-Bands Used To the Detection of Degraded Lands

Neo-Bands  Main Contribution To Degraded Significant Values And Threshold
Lands Detection <0 >0
MSAVI2 Vegetation density Absence of vegetation Presence of vegetation
NDBSI bareness, roughness, fallow lands ;  Absence of Bare soil (<-0.20)  Presence of bare soil (> -0.20)
NDTel Soil surface texture, roughness; Low texture and roughness High texture and roughness
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Cl Actives encrusting Low encrusting High encrusting
GSl Sand and rocks grains size, Body of water (<0); vegetated Sand affected area and bare
stoniness, surface texture area (=0) soil surface
NDSDI Sandbank, sand spread, dune Sand dune accumulations, Vegetative cover

accumulation, drifting sands

drifting sands;

SPC1rnR- Rough and lithological elements of
SWIRL-SWIR2 top soil

Non-significant

Important

2.3. Experimentations

2.3.1. Calculation of Indices Correlations

Two indices are considered equivalent if the decision made on the basis of one index could have been
made equally well on the basis of the other index (Perry and Lautenschlager, 1984). Moreover binary
discrimination between classes of vegetation and non-vegetation requires at least a pair of indexes, to
guarantee separability of these two land cover types in feature space (Baraldi et al., 2006). Thus the
six indices and the PCA have been generated through the Erdas imagine 2014 software model maker

(Figure 5).
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After it has been proceeded to a comparison between each index and SCP1 g nRr.swiri-swirz ON One
hand as the dependent variables, with the MSAVI2 on the other hand as the independent variable.
This was done considering the lack of vegetation as the first indicator of soil exposition to degradation.
The comparison was made by the method of simple linear regression. The goal of this statistic method
is to determine the equation model of the line that fit better the observed points in an (x, y) plan
(Dagnelie, 2009). The equation is generally presented in the form:

y=ax+h

A correlation test has been also calculated to show the level of that linear relation between the others
neo-bands and the MSAVI2. It just appears that the SCP1g nr-swirt-swirz IS Most strongly determined
by the MSAVI2 with a coefficient of determination R’ up to 0.3134 (Figure 6, Table 4). Also the highest
negative correlation coefficient with the MSAVI2 is the SCP1inr-swiri-swire UP t0 -0.5599; while the
highest positive value is the GSI with -0.4493 (Table 4). All the P-values generated are strictly less
than 0.0001 (Table 4) and knowing that P-values less than 0.05 are often reported as “statistically
significant” (Sellke et al., 2001) all the neo-bands are then important for the analysis process.
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Figure 6: The Correlation between MSAVI2 and the others Neo-Bands

Table 4: Statistic Relation between MSAVI2 and the others Neo-Bands

Indicators of Correlation Determination P-values

Correlation Coefficient Coefficient R?

Neo-bands Threshold Test
NDBSI -0.43271964 0.18740843 < 0.0001 Significant
NDTel 0.13637548 0.01859827 < 0.0001 Significant

GSl -0.44937944 0.20194188 < 0.0001 Significant

Cl 0.45007158 0.20256443 < 0.0001 Significant

NDSDI -0.20150989 0.04060623 < 0.0001 Significant
SPC1R-NIR-SWIR1-SWIR2 -0.55990621 0.31349319 < 0.0001 Significant

2.3.2. The Neo-Bands Couples Reflectance Trends

The indices were grouped together in three pairs of indices according to their relation in characterizing
land degradation (Figure 7). The visual overlay of the indices images generated can be observed and
concluded on the basis of the contrast of reflectance values sampled for 40000 pixels distributed on all
the features of bareness, roughness, encrusting, rough lithology, sand spread and implicitly a first pre-
definition of degradation areas. The MSAVI2 appears then effectively negatively correlated to NDBSI,
the contrast appearing therefore as a strong indicator of soil bareness. At same time GSI and NDTel
are also negatively correlated what supposes that they bring different additional information to
enhance top soil texture. At last ClI and NDSDI have a negative correlation and it is an indicator that
any image adds different information to the model relatively to the encrusting and the sand.
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Figure 7: Reflectance Trends between the Three Couples of Spectral Indices
2.3.3. The Simple Weighted Sum Method

The indices were crossed following the weighted sum method. These were grouped together and
crossed in three pairs of indices according to their relation and their explained proximity in
characterizing the state of land degradation. They are each represented by six classes of information.
Initially, the MSAVI2 and NDBSI were decomposed and crusaders with a view to characterize or
confirm the state of soils bareness. This assumes in the synthetic image obtained that the low values
of MSAVI2 correspond to high values of NDBSI to confirm the bare surfaces (Table 5). After the NDTel
and the GSI were crossed to appreciate the soil texture in terms of surface undulations and grain size.
In this case, the six classes of these indices and the synthetic image obtained reflect the strong values
to the coarser texture and low values for the less pronounced texture (Table 5). Furthermore the ClI
and the NDSDI were crossed to highlight areas of high attendance and sand crusts together. It
therefore appears that the synthetic image spring for high values highly silted areas and much
encrusted resulting high values of two crossed indices (Table 5). At last the three images obtained
have been crossed with the SPClgyr-swiriswirz 10 Obtain a synthetic image. This allowed a first
assessment of the state of land degradation.

Table 5: Numerical Interpretation of the Weighted Sum Algorithm

Level of Degradation

Indices for Degradation Low! >
MSAVI2 (High to low 0.354 — 0.165 — -0.023 -
vegetation cover) - 0.165 - 0. 023 -0.439 _
NDBSI (Low to high soil -0.349 — -0.176 - -0.066 —
bareness) -0.176 - 0.066 0.011
NDTel (Low to high soil 0.043 — 0.145 - 0.223 -
texture and roughness) 0.145 0.223 0.286
ClI (Low to high soil 0.743 — 0.804 — 0.873 —
encrusting) 0.804 0.873 0.947
GSI (Low to high sail grain -0.037 — -0.024 - 0.080 —
size and texture) -0.024 0.080 0.123
NDSDI (Low to high sand -0.119 — 0.004 — 0.092 —
spread) 0.004 0.092 0.187
SPC1R-NIR-SWIRL-SWIR2 (LOW to 20.218 — 34.923 — 49.627 —
high soil roughness) 34.923 49.627 64.332

2.3.4. The Weighted Overlay Sum Method

In ArcGIS 10.2.2 software this method uses proportion as percentages. The image resulting from the
weighted sum crossing has been analyzed statistically. The linear regression has been once more
used for this purpose (Figure 7). The objective has been to improve the contribution of any neo-band
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to the pre-detection of degraded lands. On the basis of the R® generated on the scatterplot it is
observed that the synthesis image is more determined by the SPC1lg nRr-swiri-swirz UP t0 99.99%,
contrarily to NDSDI that slightly determined it to 7.42% (Figure7, Table 6). Therefore the last step of
the analysis was to weight of each index or neo-band by its determination coefficient R* with the
synthesis image in order to enhance its contribution in the land degradation detection model and
minimize any bias. The resulting image is considered optimal for contextual sensing of land
degradation in arid and semi-arid regions.

28 2288
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Figure 7: The Correlation between the Synthesis Image and the Neo-Bands Crossed

Table 6: Statistic Relation between Synthesis Image and the others Neo-Bands

Indicators of Linear Model Full Equation Determination P-values
Correlation (a + bx) Coefficient Full
Neo-bands Value (R?) Threshold Test

MSAVI2 63.256523+107.328965*0.107784 0.31271896 < 0.0001 Significant
NDBSI 87.627229-92.690587*0.187408 0.30680340 < 0.0001 Significant
NDTel 91.443515-93.347721*0.225165 0.15823584 < 0.0001 Significant
GSI 38.859672+204.694035*0.085173 0.49221143 < 0.0001 Significant
Cl 176.771284-137.941105*0.874418 0.49130331 < 0.0001 Significant
NDSDI 71.312706-38.105661*0.016806 0.07428657 < 0.0001 Significant
SPC1R.NIR-SWIRL-SWIR2 1.888909+0.994648*77.067878 0.99993701 < 0.0001 Significant
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2.4. The Analysis of Exposition to Degradation

The increase in population is one of the significant factors that influence and accelerate land
degradation by creating a great pressure on the land and other natural resources (Fadhil, 2009). The
villages and population layers point format of the study area has been used to perform this step of the
process. The analysis has been performed via ArcGIS 10.2.2 software toolbox. The first part has
consisted to convert the considered layers into density of surface using the point density function of
spatial analyst tool. It calculates a magnitude per unit area from point features that fall within a
neighborhood around each cell. Afterwards the result obtained has been reclassified to six classes and
crossed to the image of degradation. The image obtained is the one considered as the decision or
action map for government concerning the fight against arid land degradation. A general diagram
resumes the methods used in this study (Figure 9).

Radiometric Calibration — Wavelet Resolution Merge * Mosaic
Calculation of couple of indices [« Clip to study area |
MSAVI2 + NDBSI Tl + GSI Cl + NDSDI SPC1
\
Simple weighted sum (Index or Neo-band*1) Resultl » Linear regression
MSAVI12*0.31271896
NDBSI * 0.30680340
P Weighted NDTel * 0.15823584 Determination
Result? [« sum coefficient (R?) *
GSI1*0.49221143 N . <
¢ index or neo-
; Weighted Decision/ Cl1*0.49130331 band
Reclassify 1> sum | Action map
T NDSDI*0.07428657
. SCP1*0.99993701
Point < Population
density | P

Figure 9: Flowchart lllustrating the Methodology

3. Results
3.1. Visual and Statistical Patterns of the Degradation Image

The results show six classes of land degradation on a nominal decreasing graduated scale that is
arranged from the severe to the nil (Figure 10). The first remark is that a visual and statistic close
relation between SPC1lg.nr-swiri-swire and the degradation image; and this is confirmed by comparing
the areas on each image class of degradation. Then the areas are evaluated respectively for SPC1
and resulting image to 3796 and 3139 km?” for the class “severe”; 7483 and 6763 km” for the class
“high”; 7984 and 8341 km? for the class “moderate”; 7424 and 7454 km? for the class “low”; 6291 and
6947 km? for the class “very low”; 5101 and 5437 km?for the class “close to nil” (Table 7, Figure 10).

Likewise the total areas per indices and neo-bands have shown slight difference in total areas
concerned by degradation. The most important difference is recorded between SPC1g yr-swiri-swiR2
and NDSDI; that is a residual of 9 km?.
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The quality of the model can also be analyzed still based on the areas per class for the different
spectral and statistical neo-bands. It thus appears for the class “severe” that the MSAVI2 and the GSI
with respectively 12235 km? and 5644 km? (Table 7, Figure 10) are the more explained; what probably
indicates that the largest areas of bares soils severely degraded are constitutes from top soil grains
size sandy or rocky humanly directly unusable. With 3139 km?, the degradation image respectively
25.65% and 55.61% of MSAVI2 and GSI, explaining that all the vegetative uncover, sandy and rocky
surfaces of this class are not degraded. The class “high” shows that the indices MSAVI2 and NDBSI
with 20212 km? and 12661 km? more influences the model and thus lack of vegetation and bareness
are the two main causes of degradation. The degradation image value recorded for this class is 6763
km?, corresponding respectively to 33.46% and 53.41% of degraded land in MSAVI2 and NDBSI. For
the class “moderate”, NDTel and NDSDI have the more large areas, respectively 12156 km” and
11113 km? which supposes that roughness and sand spread are the main causes of degradation at
this level. The portion of degraded land expressed by the degradation image for this class is 8341 km2
that is 68.61% and 75.05% of the NDTel and NDSDI. The class “low” is more represented by the
NDSDI and Cl, with respectively 9909 km? and 9057 km? and the two main causes of degradation are
then sand spread and encrusting. The total of land degraded expressed by the degradation image is
7454 km? that is 75.22% and 82.30 % of the NDSDI and CI. The class “very low” records the more
highest areas values from Cl and SPClgnr.swiriswirz respectively 11946 and 6291 km? that
supposes the importance of encrusting and rough lithology for this class. The degradation image for
this class is 6947 km2, representing 58.15% and 110.4 % of the Cl and the SPC1g nRr-swiri-swirz- At
last the “close to nil” class shows that the SPC1g.nr-swiriswirz @nd the Cl with respectively 5101 km?
and 4020 km? record the highest areas which supposes that rough lithology and encrusting enhanced
by these two neo-bands slightly influences the state of soil degradation in the study area.
Comparatively to the degradation image which scored 5437 km? for this class it represent 106.5% and
135.2% for SPC1g.nir-swiri-swire and Cl.

boundarics
W lake
Stage of Subdivisions
degradation  concerned
Severe A
W gk ¢
B Modernte »
Tow ®
B Very low
B Close to nill

Figure 10: Land Degradation Image
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Table 7: Degraded Areas per Neo-Bands and Per Classes

Neo-bands MSAVI2 NDBSI GSI NDTel Cl NDSDI SPC1 Crossed Two Main Causes
Classes Image of Degradation
Severe 12235 3642 5644 4222 1711 2590 3796 3139 Bareness and top

soil grain size
High 20212 12661 12434 10718 5193 6624 7483 6763 Fallow and
roughness
Moderate 4379 11090 7540 12156 6159 11113 7984 8341 Roughness and
sand spread
Low 842 6925 6715 7246 9057 9909 7424 7454 Sand spread and
encrusting
Very low 394 3019 4617 2712 11946 5961 6291 6947 Encrusting and
rough lithology
Close to nil 20 751 1137 1032 4020 1889 5101 5437 Rough lithology and
encrusting
Total 38082 38088 38087 38086 38086 38086 38079 38081

3.2. Human Exposition and Spaces of Public Action

The vulnerability map obtained after crossing population density with degradation map shows that
some spaces principally those dominated by the severe, high and moderate class of degradation have
the priority of government action to initiate land rehabilitation and protection (Figure 11). The first is
situated between the three departments of Diamare, Mayo-Sava and Mayo-Tsanaga. The second is
mainly between the departments of Mayo-Kani and Mayo-Danay around the “duck-beak” very
important for irrigated rice cultivation. The third area is situated in the division of Logone-Chari around
the Lake Chad concerned with desertification and conflicts about land and water access.

The statistics extracted show that 279293 inhabitants live within the surface severely damaged (Table
8). At same time 548418 inhabitants are slightly concerned by the degradation (Table 8). When taking
in consideration administrative limits of divisions, two of them are severely concerned by the
degradation, notably the Mayo-Danay and the Logone-Chari, with respectively 178047 and 101246
inhabitants (Table 8).

Table 8: Population Exposition per Class of Degradation and Per Administrative Division

Division Diamare Mayo- Mayo- Mayo- Mayo- Logone- Total per
Classes Danay Kani Sava Tsanaga Chari class

279293
576805

Moderate 32091 0 144313 0 307310 218278 701992
Low 51296 112836 0 0 0 0 164132
Very low 132355 85182 134333 257634 124831 198017 932352
819393

Total per division 632986 529061 404646 348890 633631 924753 3473967

4. Discussions

Nevertheless other field components can interfere with the indices results such as landscape position
(Dematté and al., 2009) and that effects are to be reduced. While in regions with a varied topography,
elements as slope length and inclination named as LS factor in the USLE (Wischmeier and Smith,
1978) and RUSLE (Renard and al., 1991) formula are relevant to be introduced into the model. This is
important to minimize and even subtract spectral values of each index due to the relief, when
enhancing at same time some features of soil degradation.
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Figure 11: People Exposition Map to Degradation

Another bias can be introduced by human settlements like houses in sand materials and straw roof.
These building materials strongly impact the top soil reflectance and can influence the values of
indices to falsify the results of land degradation detection. No method has used to avoid such
confusion during this experimentation.

Further apart from measuring and characterizing the degradation in laboratory before a deep field
campaign verification it can also be important to integrate new instruments as mobile and portable
spectroradiometers that have not been used in this study. They can facilitate a more precise measure
of soil reflectance, color and composition (Escadafal et al., 1993), for a complementary comment on its
degradation and the different noises and speckle around.

5. Conclusions

On the basis of laboratory test performed in this paper it is possible to detect the state of solil
degradation in a semi-arid and arid tropical zone through the calculation and the crossing of spectral
indices and statistical neo-band. Then the remote sensing techniques used are based on the visual
and statistical comparison on one hand, and crossing of vegetation and soil indices with a statistical
neo-band on the other hand to result in generating the land degradation image. The indices used in
this Study are MSAVI2, NDBSI, NDTel, GSI, CI and NDSDI, and SPC1Rg.NIR-SWIRL-SWIR2- And the
generated index has been used to improve the accuracy of land degradation with regard to enhance

International Journal of Advanced Remote Sensing and GIS 1555



IJARSG- An Open Access Journal (ISSN 2320 — 0243)

characteristics as bareness, texture, roughness, sand spread and encrusting in arid and semi-arid
zone.

Considering the soil cover or bareness as the first entrance, a vegetation index adapted to the area of
study has to be calculated and correlated with the soil and top soil indices indicators of degradation.
Thus the MSAVI2 has been correlated with the others neo-bands. Their p values obtained were strictly
lower than 0.0001, and appeared then significant for the analysis. After they were summed following a
simple weighted sum method a linear regression has been performed between every of them and the
resulting image to assess the contribution of any neo-band to the model. Then each index or neo-band
was weighted by its determination coefficient R? with the synthesis image in order to enhance its
contribution and minimize any bias in the degradation image building model. It then appears that the
final image corresponding to the degradation image is visually and statistically highly correlated to

SPC 1R-NIR-SWIR1-SWIR2-

Nevertheless this experimentation has some limitations. The first one is the unused of the slope
because of the plain relief in the study areas; which supposes that in topographic varied areas these
elements are to be integrated in the model. In second point the sand materials and straw roof buildings
can introduce bias in some indices calculation as NDSDI in desert and Sahel regions as the study
areas; a method to avoid these confusion have to be found. The accuracy of the degradation image
can be improved by field experimentations based on portable spectroradiometers.
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