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Abstract

In this research, the region in the south-west of Iraq is classified using a fuzzy inference system to estimate its
desertification degree. Three land cover indices are used which are the Normalized Difference Vegetation Index,
Normalized Multi-Band Drought Index and the top of atmosphere surface temperature to build a fuzzy decision about
the desertification degree using eight decision roles. The study covers a temporal period of 38 years, where about
every 10 years a sample is elected to verify the desertification status of the region, starting from 1990 to 2018. The
results show that the desertification status varied every 10 years, wherein 2000 encountered the highest

desertification in the south-west of Iragq.
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Introduction

Desertification is extended kind of region
degeneration which converts the prolific ecosystem
to crisp one, by two decisive factors, namely
environment, and human intervention [1]. It is one
of the troubles and challenges which confront the
human in the present time [2].

Sand dunes are in most of the central and southern
regions of Iraq, this is due to lower rain full, higher
temperature, increased solar radiation, and
increased wind, which increased the evaporation
rate at the expense of water intake as well as some
human factors [3][4].

The climatic changes in Iraq generally and in the
study area especially, helps in increased the
desertification problem as well as the human
factors and mismanagement to address the big
problem, in spite of that multiple water sources of
surface river water, groundwater and the rain, but

it has not been exploited well and efficiently in
irrigating agricultural areas and many of which are
based on old irrigating methods. This has
exacerbated the problem, and increasing
desertified areas, weak investment, and supporting
agricultural activities in Iraq [3][4].

Given the wide scope of desertification, it is difficult
to study this phenomenon in traditional methods of
surface and field operations. Therefore, it is
necessary to adopt modern techniques in the study
of such phenomena widespread, which are the
most important is the data of remote sensing and
the provision of the satellite images that provide
full coverage of the study area that helps to study
the phenomenon in its real dimensions [5][6][7],
and confirm the ability of remote sensing data to
monitor and study the phenomenon of
desertification [8][9].
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The most used indicators that are used to estimate
and observe desertification are the Normalized
Difference Vegetation Index (NDVI), which is vastly
used to estimate vegetation conditions [10].

The NDVI is the ratio between the difference
between the red and near-infrared band
combination on the sum of the same bands[11][12]

(1)

Which is used in estimating the yield of rice farms
in southern Iraq using Landsat imagesimages
[13][14].

The Normalized Multi-Band Drought Index (NMDI)
where is used to monitor the soil’smoisture content
from space by using three bands (NIR, SWIR1,
SWIR2).

NMDI is sensitive of soil and cultivates admixture
was studied by Wang to expose that NMDI could be
used to define moisture and water content status
from space[13]

NIR-Red

NDVI =
NIR+Red

NIR—(SWIR1-SWIR2)

NMDI = NIR+(SWIR1-SWIR2)

(2)

The use of the fuzzy inference method to analyze
data gives us the ability to deal with the
imprecision that may exist naturally due to the
complex nature of the system in question, and
sometimes the digital data are vague and
imprecision and here the fuzzy inference method
provides a way to understand the behavior of the
system through the interpolation process between
input and the observed output states. Thus, the
fuzzy inference models are characterized by high
generality [15][16].

There are many kinds of research that used the FIS
as a tool to study the soil such as, Hegde, S., In 2003,
is study the land cover changes using the fuzzy
inference system.

He uses the Landsat TM satellite’s images as a
source of information for the selected region of
interest, the result showed that the classification
accuracy using the FIS in better than traditional
classification methods [17].

In 2004 Mohamed, A. and Hawas, Y., is studied the
ability to determine the moisture content in sandy
soil using neuro-fuzzy logic model, the results
through their experiments reveal that their system
is sensitive to the moisture content and ion

concentration and thereby able to calculate the
moisture contained in the test soil samples [18].

Sharma, M. and et al, in 2011, is studying the effect
of using different types of membership functions in
a Mamdani fuzzy inference system on the
classification accuracy of the satellite image, the
results compared with the traditional classification
method (Minimum distance and parallelepiped)and
they found that the accuracy depends on the
arrangement of the membership functions [19].

Shah, P. and Vayada, M.G., In 2015, is present a
study to clarify the uncertainty in determining the
class position and boundary and the similarity
between different classes after classification.They
use different classification methods and proposed
the fuzzy logic classification method with detail and
applied it to detect a water body in a satellite image
[20].

Taufik, A. and Ahmad, S. In 2016, is classified a
Landsat 8 image using fuzzy inference system by
using land cover indices the parameters of the
member function determined using Adaptive
neuro-fuzzy inference system method, the results
showed that the fuzzy inference system is effective
and applicable on other Landsat areas[21].

In this research work, the desertification
phenomena are monitored over 38 years. Due to
the ambiguity of defining the desertification degree,
a fuzzy inference system is adopted to determine
the desert area and its desertification degree.

Study Area Description

The study area is chosen because it represents the
boundary between the desert region in the west of
Iraq and the delta basin area of the Tigris and
Euphrates rivers at the center of Iraq, sees Figure 1.
Its located in the intersection of three provinces
which are Al-Qadisiyyah, Al-Muthanna and An-
Najaf, as illustrated in Figure 2.

Its covers approximately (1148.976 km2), within
longitude range (44° 28’ 30.63" to 44° 58’ 51.72" E)
and latitude range (31° 30’ 34.40" to 31° 18’ 2.10"
N), as shown of natural color band combination in
Figure 2c. The available remotely sensed data is
downloaded from the website of the United States
Geological Survey (USGS) Center for Earth
recourses, observation and science [22].
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Figure 1. The study site location on the Exploratory Soil Map of Iraq[23]
x ~"’-..‘.;—_T”_ N

\'._-_z" .P ~ .

I3 .“'--J

}
I

~ . ot

- O, My b
|.- \v’L d ) | ¢ ()

— ©
(@)

Figure 2. The study site (a) its location of the three provinces on the
map of Iraq (b) the location of the study site on the three provinces (c)
True color of (Landsat-5 TM) study scene[22]
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Research Methodology

The desertification degree of the selected area is
classifiedin a fuzzy manner based on the following
approach.

1. Convert the satellite image bands numerical
values to the top of atmosphere (TOA)
reflectance and radiance coefficients, as

follow[24]:
Ly = My * Qcaqr + Ap (3)
My*Qeqi+ A
pr=—" (4)
Where:

L, = Spectral radiance (m)

M, = Radiance multiplicative scaling factor for the
band.

A; = Radiance additive scaling factor for the band.
Qcq1= pixel value in DN.

p,= TOA Planetary Spectral Reflectance, without
correction for the solar angle. M,= Reflectance

multiplicative scaling factor for the band.

Ap= Reflectance additive scaling factor for the band.

2. Calculate the three-land cover indices for the
study area, which are:

3. Normalized Difference Vegetation Index
NDVI[12]
NIR—Red
NDVI = NIR+Red (5)
Red= The red band
NIR=The Near Infrared band
a. Normalize Difference Moisture Index
NDMI[25]
NMDJ = MR-SWIR (6)
NIR+SWIR
SWIR= The shortwave Infrared band
b. Top of Atmosphere Temperature T[24]
K.
T=—F-%——-273 (7)
log((%)+1)

T=TOA Brightness Temperature, in Celsius.
K;=Thermal conversion constant for the band.
K,= Thermal conversion constant for the band.

4. Define the active range for each land cover
index.

5. Build a Mamdani fuzzy inference system
with three input (the land cover indices) and

one output (the desertification decision
value) based on eight decision roles.

6. Apply the desertification decision value on
the satellite land cover indices.

Results and Dissuasion

This study covers the period from 1990 to 2018
with a sampling period of about every 10 years
(1990, 2000, 2010 and 2018). The three land cover
indices are calculated for four elected years.After
converting the satellite digital number value to the
equivalent reflectance and radiance values, the
calculated three land cover indices after is
illustrated in a 3D representation in the Figures 3-
5. The thermal band (10.4-12.5 pum)[26]of Landsat
5 and the thermal band number 10 (10.60-11.19
um)[27]of Landsat 8 are used to calculate the TOA
temperature, where the value of the land cover
indices for the water bodies is equal to zero.

1990

2000
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2018
Figure 4. The 3D representation of the NDMI for the study area for the 5
Figure 3. The 3D representation of the NDVI for the study area for the  a4gpted years

adopted years

1990
1990

2000

2000
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2000

build the inference system since if include singular
points that do not represent the real active range
for these indices. By eliminating the singular points
and keep the indices ranges to the active value that
represent the real behavior, the active ranges of the
land cover indices determined as is illustrated in
Table 2.

Table 2. The indices active range of the study area soil

Index | NDVI NMDI Temp

Year | Min. | Max. | Min. | Max. | Min. | Max.
1990 | 0.46 | 0.57 | 0.62 | 0.86 | 36 45
2000 | 0.28 1 0.41 | 0.63 | 0.9 43 57
2010 | 0.26 | 0.43 | 0.52 ] 0.72 | 43 54
2018 | 0.17 | 0.28 | 0.52 ] 0.79 | 45 57
In order to build a fuzzy inference system(FIS), the

2010 land cover status is divided into six types that
represented by a number, as illustrated in Table 3.
Table 3. The fuzzy decision keys for the land cover status
« Rules Key
50 High Desertification 1
" Medium Desertification | 2
' Low Desertification 3
30 Low Vegetation 4
2 | ’ ’ Medium Vegetation 5
” High Vegetation 6
' To define each land cover status, the following
0 decision rules are adopted based on the land cover
o indices value, as illustrated in Table 4.
0 . £ 8 2 Table 4. The decision rules to define the land cover status
L~ — 1o Rul | NDV NMD Tem Decisio
500 e [ [ p. n
2018 1 Low zn Low zn Low ‘;he 2
Figure 5. The 3D representation of the TOA temperature for the study an an . the
area for the adopted years 2 Low d Low d High n 1
By excluding the water bodies indices, the land an ] an the
cover indices statistics is illustrated in Tablel. 3 Low | 4 High d Low | 4 3
Table 1. The statistics of the soil’s indices 4 Low Zciln High zn High :lhe 3
Ind NDVI NMDI TEMPERATUR - o o the
€x : : E : 5 High d Low d Low 5
Yea | Mi | Me |Ma | Mi | Me | Ma | Mi | Me | M n
r n |an |[x |n |an |xX |n |an |ax | g High | 2" | Low | 2" | High the | ,
199 [ o [05 [09]03 (07 [17 | 0,, |.a d d n
0 1 19 9 [7 |5 7 | High | ®™ | High | 2™ |Low |T€ |6
200 [, [03 Jo7]03[07 |15] 5[ |cq d d n
0 3 |8 |8 |8 |4 8 | High | 2™ |High | 2™ |High | P€ |5
201 |, |03 [07[00[06 [23],, ], |c4  d - 1d | n_
0 1 9 9 3 7 A Mamdani FIS with three input variables that
201 0 01 | 04 06 07 | 1.2 35 |52 | 59 represent the land cover indices and one output
8 8 9 18 3 variable that represent the land cover status is
The statistics values in Tablelcannot be used to adopted in this research, as illustrated in Figure6.
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Figure 6. The fuzzy inference system

The active ranges are applied for each land cover
index in the FIS, Gaussian member functions are
used with the all input variables and a tringle
member function is used with the output variable
as illustrated in Figure?7.
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Desertification

Figure 7. The FIS inputs and output member functions

According to the input and output member

DsrtRate

functions and the decision rule used in the FIS, the
decision surfaces are built to determine the land
cover status for each year that adopted in this
study. The produced decision surfaces for all
elected years are very similar in shape but they
differ in range, as a sample of the obtained decision
surfaces, the decision surface for the year 2000 is
illustrated in Figure8.

(a)

(b)

(0
Figure 8. The decision surface for the year 2000 a) NMDI with NDVI b)
NDVI with temperature c) NMDI with Temperature
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By applying the decision surface for each year on therefore, a quantization step is necessary to
the land cover indices, the decision value is convert the decision value to an integer value, as is
calculated as a real number with a fraction part, illustrated in the Figures 9 &10.

2000

2018

Figure 9. The image of the desertification decision values for each year a) before quantization b)after quantization

(o)

elSSN 1303-5150 www.neuroquantology.com



NeuroQuantology | May 2020 | Volume 18 | Issue 5 | Page 01-11 | doi: 10.14704/nq.2020.18.5.NQ20160
H.M. Abduljabbar, Desertification Monitoringin the South-West of Iragi Using Fuzzy Inference System

1990

2000

2010

2018

Figure 10. 3D representation of desertification decision valuefor each year where the left column before quantization and right column after
quantization
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According to the FIS, the study area classified to six
categories where the area of each class is calculated
for each year as illustrated in Table 5.

Table 5. The area of the classified soil according to the decision value

Class / Area | 199 2000 2010 2018
(Km?2) (Km?) (Km?) (Km?)

High

Desertificatio | 0 0 5.175 0.0585

n

Medium

Desertificatio ;57'104 2.1411 273'252 46.935

n

Low | 562395 | 990.691 | 720764 | 127.661

Desertificatio

. 6 2 1 4

Low 507933 | 129393 | 49.8159 | 236445

Vegetation 3

Medium 165474 | 263313 | 441243 | 737549

Vegetation 1

High

Vegetation 0 0 5.715 0.0387

Water Bodies | 162.135 | 04194 | 50.1291 | 0.288

The classification results using the FIS recorded the
following notes:

e After the year 2000, the high desertification
and the high vegetation began to be
recorded.

o The area of water bodies is fluctuating, with
the highest value recorded in 2010 and the
lowest value in 2000.

e Medium vegetation,
increasing rate.

To evaluate the overall land cover status, Table 6
reflects the overall area for the three major class
(desertification, vegetation and water bodies), in
which it is obvious that the water bodies are in
decreasing rate with time while the desertification
is the dominated status before the year 2018. In
2018, it is a turning point in the case of land
cover.Although there are few water bodies, the
vegetation rate has increased dramatically at the
expense of desertification as shown in Figurell.
The decrease in the area of water masses did not
affect the increase in the recorded areas of
vegetation, which indicates an increase in the
amount of rain that contributed to this

Table 6. The overall land cover area

in general, is in

Class / Area | 1990 [ 2000 [2010 | 2018
(Km?) (Km?) (Km2) (Km?)
Desertificatio | 919.500 | 992.832 | 999.191 | 174.654
n 3 3 7 9
Vegetation | 67.3407 §55-724 99,6552 ?74.033
Water Bodies | 162.135 | 0.4194 50.1291 | 0.288

1200

1000

800
E
= goo
m
=
T

400

200

0 | I l . [ ™ I .

1950 2000 2010 2018

m Desertification  m Vegetation m'Water Bodies

Figure 11. The overall area for the land cover status

Conclusion

In this research, the use of the FIS to classify the
marshland of Iraq give us closer result to the
humane definition of desertification by using three
land cover indices. The results indicate that the
medium vegetation class is in increasing for all the
years that adopted and the desertification is
reduced dramatically in the year 2018 in spite of
that the water bodies area is unchanged.
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