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ABSTRACT:

Quickly and accurately soil properties characterization is critical for many environmental and agricultural activities. This paper aimed 
at characterizing and modelling the surface soil physicochemical properties using soil laboratory analyses, Landsat-7 ETM+ images, 
statistical analyses, remote sensing and GIS techniques. A mosaic of two Landsat-7 ETM+ images and forty geo-referenced surface 
soil samples (0-10 cm) have been collected in 2012 from forty sites in the Iraqi Kurdistan region were used. Several physicochemical 
properties for the collected soil samples were estimated using laboratory analyses.  In addition, the corresponding top-of-atmosphere

(ToA)  reflectance values,  which extracted  from  the  Landsat  ETM+  images  have  been  used.  Statistical  correlation  and  regression 
analyses using the SPSS were carried out to explore the most significant relationships among soil properties and the spectral bands of 
the ETM+ images. Predicted maps for the surface soil physicochemical characteristics were generated using ERDAS ER-Mapper. The 
study  results  revealed some significant  relationships  between  the  ETM+  images bands  values  and the studied  soil  properties.  The 
strongest relationship was found to be between the air-dry soil moisture content (ADSMC) and the ETM+ images bands. Given a 
representative collection of field data, the methods presented offer a reliable set of tools for the rapid production of surface soil maps 
in arid environments. 

 

 

1. INTRODUCTION 

Remote Sensing utilizes electromagnetic radiation to determine 

properties of target features from a distance and has the 

advantages of extent, non-invasiveness, timeliness, and 

flexibility. It has already been extensively applied to many 

environment-related disciplines such as ecology, oceanography, 

climatology, geology, and agriculture. Soil is one of the most 

important components of agricultural production and can have a 

significant influence on crop yields and quality (Brussaard, et al., 

2007, Cassman, 1999, Mausbach, et al., 1997, Fadhil, 2011, Wu 

et al, 2019; Al-Quraishi and Negm 2019). In-field soil data have 

long been used by agronomists to make decisions concerning crop 

management (Jensen, 1996, King et al., 2005). 

At the present time, site-specific management systems and 

precision agriculture comprise a technique which reduces costs, 

optimizes crop yield, and enhances environmental protection. 

Precision farming promotes applying inputs only where necessary 

and with the minimum quantity of product necessary to achieve 

target yields (NRC, 1997). This kind of agricultural management 

needs both the spatial distribution of field deficiencies and target 

patch-spraying technologies.  

The characterizing, mapping and modelling of physicochemical 

soil properties have become progressively automated due to 

advances in statistical software and improvements in computing 

performance. Spatial distribution, interpolation, and maps of soil 

characteristics have been produced by diverse methods including 

inverse distance calculations (Bregt et al., 1992), factorial kriging 

(Bocchi et al., 2000), or ordinary kriging (Lopez-Granados et al., 

2002, Paz-Gonzalez et al., 2001). The spatial distribution of soil 

properties has also been calculated using reflectance 

measurements (Madeira Netto, 1996). Reflectance is a property 

resulting from the inherent spectral comportment of each soil 

element (mineral, organic and liquid component). Numerous 

studies have been estimated the effectiveness of land surface 

spectral differences for soil classification. Further, organic 

matter, moisture, mineral oxides, texture and surface conditions 

all impact soil reflectance when measured with a 

spectroradiometer (Henderson et al., 1992, Schulze et al., 1993, 

Stoner and Baumgardner, 1981). 

Iraq has become a regionally significant importer and consumer 

of agricultural products, dominated by wheat and rice, vegetables, 

and fruits (Al-Quraishi et al 2019; Fadhil 2009; Wu et al 2018). 

Therefore, to encourage the local agricultural sectors, there is an 

increasing concern with land use planning. The basis of the 

agricultural planning is the knowledge of the soil 

physicochemical characteristics. As part of soil evaluation 

process, traditional soil analyses have played an important role in 

this regard. Traditional soil mapping approaches have mostly 

relied on ground-based surveys (Wu et al., 2018). Classical field 

surveys including soil sampling and laboratory analyses are time 

consuming and expensive, especially when mapping is being 

done at national, regional or global scales. Given the need for 

rapid agricultural planning at minimal costs, new techniques are 

being developed for obtaining appropriate high-quality soil 

information (Dobos et al. 2001). Digital soil mapping, which 

integrates secondary data sources into the mapping process, has 

been recognized as a means of exceeding the limits of traditional 

methodologies and refining the detail and spatial coverage of soil 

databases (Mulder et al. 2011, Wu et al., 2019; Fadhil 2013). 

Distinct from its cost efficiency, digital methodologies offer an 

impartial quantitative measure for prediction and a reduction in 

uncertainty compared to traditional methods employed in the 

region (Hengl et al., 2015).  

Owing to these reasons, the techniques for the characterization of 

soil attributes by remote sensing have attracted substantial 
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interest. They can be faster and cheaper than conventional 

methods, do not generate chemical residues and are 

nondestructive to the samples, allowing for the possibility of 

further analyses of the same sample (Nanni and Demattê, 2006; 

Al-Quraishi and Negm 2019). Currently, soil spectral 

characterization is commonly used owing to the availability of 

efficient and affordable equipment. Nevertheless, this technique 

has usually been applied to soil detection, classification and 

discrimination (Ben Dor and Banin, 1995), while little efforts has 

been directed towards the evaluation of soil chemical and 

physical attributes. There are significant differences between 

laboratory and orbital sensor data. However, there are few and 

non-conclusive experiments in the quantification of soil attributes 

by satellite sensors in this environment. Further, atmospheric 

interference and geometric fidelity issues complicate the 

interpretation of results (Guyot et al. 1996).  Remotely sensed 

data can be gathered and analysed using specialized software and 

specified methods to extract soil characteristics and to support 

digital soil mapping (Ben-Dor et al., 2008, Slaymaker, 2001; 

Mustafa et al 2019; Almamalachy et al 2019). Finally, remote 

sensing techniques can facilitate mapping inaccessible areas by 

reducing the need for extensive time-consuming and costly field 

surveys. 

The current study objectives were to predict, model, and map 

surface soil properties in several sites of the north of Iraq 

(particularly Kurdistan region and the Nineveh province) using 

field soil surveys, Landsat ETM+ images, statistical analyses, 

remote sensing and GIS techniques.   

 

2. STUDY AREA 

The study area (Figure 1) includes parts of Erbil, Duhok, 

Sulaimaniya governorates of the Iraqi Kurdistan, and some parts 

of Nineveh governorate at the north of Iraq. It comprises 13 

districts: Hawler, Shaqlawa, Makhmour, Soran, Akre, Shekhan, 

Amedi, Mergasor, Pshdar, Choman, Rania, Dokan, and Koya and 

covers an area of about 22,546 km2. Its geographical location 

extends between lat. 37°:22’:27” to 35°:26’:19” N and long. 

43°:02’:43” to 45°:23’:13” E. 

 

Figure 1. The location map of the study area and a Landsat RGB 

color composite 321 of 2012 

 

2.1 Physiography 

The Iraqi Kurdistan region of Iraq can be divided into three main 

physiographic zones, namely: (1) the northern range of the Zagros 

Mountains, (2) the central range of the border folds, and (3) the 

southern plains of the Tigris River. The north-northeastern part of 

the region is characterized by Zagros Mountains with heights up 

to 3600 m above sea level (asl). Snow coverage is common at 

high altitudes and vegetation cover is widespread, constituting 

both grasses and forests. A smoother morphology occurs in the 

central part, with the area characterized by an anticline/syncline 

system (Boccaletti and Dainelli 1982).  

 

2.2 Soil 

The soil in the mountainous areas of the Iraqi Kurdistan is 

shallow. In the valleys and plains areas, which are located in the 

south of study area, the soil is suitable for sustainable agriculture 

and crop production. It consists of chestnut soils, dark brown soils 

and black soils (Hameed, 2013). Soil texture in plain areas 

consists of loam clay sand, loam silt and silt clay, with an average 

depth of 140 cm, and soil color varies between light yellow to 

dark brown. While, soil texture in mountainous areas is sandy 

clay, loam silt or loam clay sand, with an average depth of 130 

cm, and soil color is between brown and dark brown. 

 

 

2.3 Temperature 

Generally, the climate of the study area is characterized by 

extreme conditions. Which have large temperature differences 

between day and night and between winter and summer. In 

summer, the temperature reaches beyond 45 Cº in daytime at the 

southern boundaries of the governorates. While, in the northern 

edges it goes down well below 20 C° at night. In winter, the daily 

temperature ranges from about -15 C° to about 15 C°. 

Accordingly, the climate of the study area has been classified as 

semi-arid continental. 

 

2.4 Rainfall 

The rainfall averages increase from the Southwest toward the 

Northeast direction. The annual averages ranging from 350 mm 

in the Erbil area to more than 1,100 mm in the high mountainous 

lands bordering Iran. The seasonal rainfall in the study area falls 

from September to June.  

 

3. MATERIALS AND METHODS 

3.1 Methodology 

This study included field work, soil sampling, soil physical and 

chemical laboratory analyses, remotely sensed dataset 

collections, digital image processing, statistical analyses, and GIS 

analyses. Figure 2 shows the flowchart of methodology applied 

in this study.   

 

 

Figure 2. Methodology Flowchart 
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3.2 Field Work  

The field data were collected during field trips for 40 soil samples. 

The collected data included the soil status in general, topography, 

soil toughness, rock presence, slope and species and types of 

growing plants. All locations of the soil samples were 

photographed. The field data included a general survey of the 

entire study area, and the soils samples were used for both satellite 

data feature interpretation and spectral analyses.  

 

3.3 Soil Sampling 

The 40 geo-referenced soil samples were collected in May 2013 

from the soil surface layer (0-15cm) at thirteen administrative 

districts in the Erbil, Duhok, Sulaimaniya, and Nineveh in the 

north of Iraq (Figure 3). For each location; the geographical 

information (latitude, longitude, and elevation) were gathered in 

situ using a GPS handy device (Garmin etrux 20). All collected 

soil samples were air-dried, ground, and sieved through a 2mm 

sieve to ensure mixture homogeneity for analyses. Several 

physical and chemical laboratory analyses were conducted for all 

the soil samples.  
 

 

Figure 3. The map of the soil samples locations at the study area 

 

3.4  Laboratory Works 

Several physical and chemical soil laboratory analyses were 

conducted for the forty soil samples and included particle size 

distribution (percentage of each of sand, silt, and clay), air-dry 

soil moisture content (ADSMC), soil bulk density (BD). 

Chemical analyses included soil pH, electrical conductivity (Ec), 

Soil organic matter (OM), total calcium carbonate (CaCO3), 

Cation Exchange Capacity (CEC), Available Phosphorous (P+3), 

Extractable Sodium (Na+), Extractable Calcium and Magnesium 

(Ca+2, Mg+2), Total Iron Oxides (Fe2O3), Gypsum content 

(CaSO4.2H2O). 

 

3.5 Remotely Sensed Dataset 

A mosaic of two Landsat-7 ETM+ images (without the 

Panchromatic band) were used for this study (path 169/row 35) 

and (path 170/row 34), dated July 07, 2012 and Aug 14, 2012, 

respectively. The two images with a spatial resolution of 30 

meters were downloaded from (glovis.usgs.gov) in geoTIFF 

format. The two images were free of clouds and both were 

SLC.off type images. The images were radiometrically corrected 

using a model working with the ENVI version 4.8 for gap-filling 

the SLC-off data. A mosaic from the two images was created 

using ERDAS imagine. A mosaic of two Terra ASTER Digital 

Elevation Model (DEM) scenes was also created. The ASTER 

DEM dataset was downloaded from (asterweb.jpl.nasa.gov/). 

 

3.6 Statistical Analyses 

The statistical correlation coefficients were computed for the 

study variables such as soil samples properties and the ETM+ 

bands reflectance. The SPSS ver. 25 and multivariable statistics 

were employed to perform correlations and regression analyses. 

More than one independent variable was included in the 

regression analyses to minimize standard error as Escadafal and 

Huete, (1991) have indicated. In the regression analyses, values 

of the physicochemical properties of the studied soils were 

included as dependent variables, while the ETM+ bands 

reflectance values have been used as independent variables. 

Selection of the soil properties for regression analyses based on 

significance of their correlation with the values of the ETM+ 

bands reflectance. 

 

3.7 Soil Properties Modeling 

The study investigated the potential relationships between the 

properties of surface soil and their spectral values (ToA) with the 

aid of statistical correlation (Pearson) analysis, and then the 

significant relationships found were modelled with linear 

regression. The study employed for the regression calculations 

used only the strongly significant relationships (positive or 

negative) to develop reliable models. Ten linear regression sets 

were selected to develop ten distinct models to predict each of 

BD, ADSMC, Na, CaSO3, P, Fe2O3, CEC, CaCO3, Clay, and Silt. 

The ten resultant regression equations were employed to produce 

predicted grid images for soil properties. The generated grid 

images then transferred into the ArcMap for processing, 

calculating statistics and to categorize using the natural breaks 

classification method. 

  

4. RESULTS AND DISCUSSION 

4.1 The Statistical Analyses   

Results are summarized in Table 2, which shows the statistical 

correlations (Correlation Coefficient “r”) and their significance 

among the soil properties and the corresponding reflectance in the 

seven bands of the Landsat ETM+ images. 

 

4.1.1   Statistical Analyses for Surface Soil Physical Properties 

Vs the ETM+ Bands  

Results of the statistical analyses revealed several significant 

correlations (Table 1) among the Landsat ETM+ bands and some 

of the surface soil properties. Significant negative relationships 

were found between each of the Landsat ETM+ bands, 

particularly B2, B3, B4, B5, and B7 with the soil bulk density by 

(r= -0.374), (r= -0.  389 ), (r= -0.  364 ), (r= -0.335) and (r= -0.389), 

respectively. Rasih et al., 1992 indicated that the increase in bulk 

density causes an increase in soil reflectance but this applies for 

soils, which do not have a dominant color or have a light color. In 

this study, surface soil samples were collected from some sites, 

which have very compacted, and hard soils or had bulk density 

values very close to the values of real density of soils 

characterized by black to dark-brown colors. Those soil 

characteristics caused a decrease in their soil spectral reflectance 

in general. Generally, those soils with high bulk density and dark 

colors were mostly located in the mountainous areas of the study 

area. 
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Table 1. The correlation coefficients values and significance 

among the surface soil properties and the Landsat ETM+ bands 

reflectance 
 

B1 B2 B3 

BD -.310 -.374(*) -.389(*) 

ADSMC -.553(**) -.512(**) -.495(**) 

Clay -.400(*) -.434(**) -.454(**) 

Silt .310 .409(**) .422(**) 

Sand .064 .019 .024 

Na .450(**) .363(*) .348(*) 

P -.129 -.200 -.241 

Cl .235 .232 .222 

Mg -.068 -.113 -.098 

Ca .244 .203 .192 

CaCO3 .446(**) .424(**) .425(**) 

CaSO4 -.424(**) -.412(**) -.395(*) 

Fe2O3 -.392(*) -.356(*) -.368(*) 

O.M. .358(*) .374(*) .372(*) 

CEC -.441(**) -.436(**) -.460(**) 

EC .221 .167 .163 

pH -.043 -.022 -.011 

 

 

Table 1. cont. 
 

B4 B5 B6 B7 

BD -.364(*) -.335(*) -.296 -.389(*) 

ADSMC -.342(*) -.418(**) -.380(*) -.507(**) 

Clay -.284 -.340(*) -.342(*) -.376(*) 

Silt .492(**) .400(*) .036 .361(*) 

Sand -.145 -.041 .216 .012 

Na .294 .354(*) .008 .362(*) 

P -.218 -.270 -.434(**) -.261 

Cl .176 .148 .257 .183 

Mg -.122 -.076 .238 -.066 

Ca .236 .221 .070 .262 

CaCO3 .494(**) .517(**) .241 .495(**) 

CaSO4 -.508(**) -.441(**) .132 -.415(**) 

Fe2O3 -.222 -.313(*) -.112 -.353(*) 

O.M. .393(*) .400(*) -.131 .413(**) 

CEC -.338(*) -.389(*) -.296 -.439(**) 

EC .167 .242 .250 .256 

pH .040 -.088 .173 -.034 

 

*  Correlation is significant at the 0.05 level (2-tailed). 

** Correlation is significant at the 0.01 level (2-tailed). 

 

Alternatively, the results showed significant negative correlations 

between the soil reflectance at seven bands of the Landsat ETM+ 

image and the ADSMC by (r= -0.553), (r= -0.512), (r= -0.495), 

(r= -0.342), (r= -0.418), (r= -0.380), and (r= -0.507), 

respectively. The increase in soil moisture content causes decline 

in the reflectance values, this has also been reported by several 

researchers such as (Coleman and Montgomery, 1987 Horvath et 

al., 1984, Liu, et al., 2003). Additionally, significant negative 

correlations were observed between the reflectance values of 

Landsat ETM+ bands, mainly B1, B2, B3, B4, B5, and B7 with 

the percentage of soil clay particles by (-0.400), (-0.434), (-

0.454), (-0.340), (-0.342), and (-0.376), respectively. This result 

complies with results of (Gee, 1986, Dogan and Kilic, 2013). On 

the contrary, there were significant positive correlations between 

the percentage of soil silt particles and B2, B3, B4, B5, and B7 of 

the Landsat 7 ETM+ by (0.409), (0.422), (0.492), (0.400), and 

(0.361), respectively. 

Montgomery, 1976 indicated in his study that soil silt particles 

were the most significant parameter in explaining spectral 

variation in soil texture. Likewise, (Coleman et al., 1993) studied 

the spectral differentiation of surface soils and soil properties with 

Landsat TM data and the Barnes Modular Multiband Radiometer 

(MMR). Consequently, they found significant correlations among 

remote sensing reflectance data in all seven Landsat bands and 

the soil texture particles. Additionally, some soils with lighter 

texture (sandy, loamy sands), and bright colors have substantial 

fine to medium quartz particles. Quartz has a high reflectance 

relative to soils with heavier textures (clayey) and which are 

usually characterized by dark colors as a result of the higher 

moisture content in those soils. These consequently appear to 

have low spectral reflectance (Ryan and Lewis, 2011). 

 

4.1.2    Statistical Analyses for Surface Soil Chemical 

Properties Vs the ETM+ Bands   

The results indicated that there were statistically significant 

positive correlations between the reflectance of Landsat 7 ETM+ 

bands, specifically B1, B2, B3, B5, and B7 with the sodium 

content in the soils by (0.450), (0.363), (0.348), (0.354) and 

(0.362), respectively. Sabins, 1999 clarified that spectral 

reflectance of Halite (NaCl), or rock salt was very high compared 

to the other types of salts. Results also found statistically 

significant negative correlations between the Landsat 7 ETM+ 

non-thermal bands (B1, B2, B3, B4, B5, and B7) and the gypsum 

(CaSO4.2H2O) content in the studied soils by (-0.424), (-0.412), 

(-0.395), (-0.508), -0.441, and -0.415, respectively. Hunt et al., 

1971 reported that the reflectance of gypsum is low due to the 

inherent water content in the gypsum crystal structure. 

A statistically significant negative correlation was also noticed 

between Band 6 of Landsat 7 ETM+ and available phosphorus 

content in the soils by (-0.434). While significant negative 

correlations were detected between the ETM+ bands B1, B2, B3, 

B5, and B7 and the Fe2O3 in the studied soils by (-0.392), (-

0.356), (-0.368), (-0.313), and (-0.353), respectively. Abrams and 

Hook, 1995 indicated that the iron oxide and iron hydroxides have 

specific absorption features that are located in the visible and near 

infrared (VNIR). Furthermore, Sabins 1997, reported that the 

reflectance spectra of iron minerals showed high red reflectance 

value around band three and low reflectance values around Band 

1 of the Landsat TM images. In the current study, the iron oxides 

did not show a positive response to Band 3 (Red) of the ETM+. 

Xu et al., 2004 reported that the absorption features of iron oxide 

might be confounded in the presence of vegetation cover. 

Subsequently, the CEC and the non-thermal bands of the ETM+ 

(B1, B2, B3, B4, B5, and B7) had statistically significant negative 

correlations by (-0.441), (-0.436), (-0.460), (-0.338), (-0.389), and 

(-0.439), respectively, in agreement with the results of Hussein, 

2012. 

On the other hand, the results highlighted to significant positive 

relationships between the ETM+ bands (B1, B2, B3, B4, B5, and 

B7) and the CaCO3 content in the studied soils by (0.446), 
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(0.424), (0.425), (0.494), (0.517), and (0.495), respectively. 

Those results are same to those found by Dogan and Kilic, 2013, 

Hussein, 2012. The reflectance values of Landsat Band 1 (Blue) 

has been used for the comparison of soil CaCO3 content, due to 

the fact that soil CaCO3 existence leads to has a slightly higher 

reflectance in Band 1 than reflectance at the other bands (Mix et 

al., 1995). The spectral reflectance of carbonate minerals in 

visible and near-infrared regions is not stable which is caused by 

absorption characteristics of the carbonate, as mentioned by 

Hexter, 1958, Adams, 1974, Hunt and Salisbury, l97l, Batjes, 

1996.  

The statistically significant positive correlations have been seen 

between the ETM+ bands (B1, B2, B3, B4, B5, and B7) and the 

soils OM content by (0.358), (0.374), (0.372), (0.393), (0.400), 

and (0.413), respectively. Because of the OM has spectral 

reflectance through all visible, NIR, and shortwave IR regions, 

especially in visible region, it has become the most influential 

factor on spectral reflectance (Kristof et al., 1971). Baumgardner 

et al., 1970 reported that if the OM content in soils below than 

2%, it will have limited effect on the soil's reflectance.  

 

4.1.3    Statistical Analyses for the Soil Properties Vs the DEM 

The DEM statistical analyses results showed that there were 

significant correlations with each of Clay, CaCO3, CEC, 

ADSMC, and BD by (0.391*), (-0.406**), (0.394*), (0.718**), 

and (0.314*), respectively. In the region, with elevation increases, 

temperature decreases (Glickman, 2000) (Li, et al., 2005), 

contributing to an increase in soil moisture and vegetation cover 

along with increases in rainfall. 

In Tables 2 and 3, large values of (r) and (R2) showed statistical 

strong relationships and well-fitted models, respectively (SPSS, 

2017). Table 3 showed that the highest value of (R2) was for the 

regression model for predicating the ADSMC by 0.480, while the 

lowest (R2) was 0.246 for the predicting model of soil BD.  

 

4.2 Surface Soil Properties Modelling 

For modeling and mapping the surface soil properties in the study 

area, the statistical analyses have been employed using the SPSS  

to calculate statistical correlations among the soil variables 

(surface soil physicochemical properties) and the Landsat ETM+ 

images reflectance (ToA) values. To implement the statistical 

linear regression analysis, the soil variables selected were those 

showing strong correlations with the Landsat 7 ETM+ band’s 

reflectance values. Accordingly, we developed ten regression 

models for determinations of the BD, ADSMC, Na, CaSO3, P, 

Fe2O3, CEC, CaCO3, Clay, and Silt, whereas they had the highest 

coefficient of determination (R2) values. Table 2 shows the 

regression equations (the well-fitted model), the dependent 

variables (surface soil properties), and the independent variables 

(Landsat ETM+ band’s reflectance values, and the coefficient of 

determination (R2).  

 

4.3 Predicting Regression-Based Surface Soil Properties 

Maps 

Soil properties modeling (mapping) is data driven and statistical 

methods and analyses with the aid of information technology to 

predicting properties of soil from soil samples, point observations 

and correlated with spatially detailed environmental variables 

(McBratney, et al., 2011, Boettinger, et al., 2010). Calculating 

statistical correlations and regression equations among the 

surface soil properties and Landsat-7 ETM+ bands ToA values 

enabled this study to modeling and mapping surface soil 

properties on a spatially obvious basis.  

 

Table 2.  The regression equations, which were used for soil 

properties modelling.  

 

 

The developed regression-based maps for surface soil properties 

BD, ADSMC, Na, CaSO3, P, Fe2O3, CEC, CaCO3, Clay, and Silt 

were generated (see Fig. 4 and 5), and they have three advantages. 

The first that they show the spatial distribution of the focused 

surface soil prosperity. Second, they build up an updated spatial 

database of the studied soil property, while the third, provide an 

opportunity for monitoring changes that could happen with time.  

 

4.4 Mapping Accuracy 

Generally, spatial distribution of the predicted surface soil 

properties in all generated (predicted) maps mostly similar to their 

real distribution in the field. For instant, the laboratory-based 

estimated BD value in the soil sample of the site Kawanian-6 was 

(1.83 Mg/m3), while predicted value in the same location at the 

predicted map was (1.81 Mg/m3). Additionally, the estimated BD 

value of the soil sample of the site (Andik-36) was (1.82 Mg/m3), 

whilst the value of predicted BD of the same site was (1.81 

Mg/m3). Table 3 shows the other locations with their estimated 

and predicted the studied surface soil properties, while Figs. 4 and 
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5 show the predicted map of spatial distribution of the soil bulk 

density BD in the study area.  

 

Table 3.  The measured and predicted surface soil properties 

values of some study locations.  

Soil 

Property  

Location  

name 

Estimate

d  

value 

Predicted 

value 

ADSMC Bnaslawa-1 3.17 3.2  

 Soran-32 5.67 5.4 

Na Dlopa-2 15.0 16.6 

 Razok-31 2.0 1.9 

CaSO4 Mirawa-7 35.0 37.7 

 Solav-29 39.0 39.0 

P Kawanian-6 23.6 23.1 

 Goramark 21.0 20.8 

Fe2O3 Palanyan-11 29.5 29.8 

 Goramark-28 36.5 37.8 

CEC Shekhan-27 28.4 28.5 

 Sisana-8 28.6 29.3 

CaCO3 Palanyan-11 475.0 475.1 

 Badra-25 400.0 405.1 

Clay Qafar-9 219.5 217.1 

 Razok-31 424.2 456.2 

Silt Bnaslawa-1 448.5 443.5 

 Degoden-23 298.5 302.0 

 

 

To calculate the statistical relationships between the surface soil 

estimated values and those the predicted values which we got 

them as a results of the regression equations and the predicted 

maps, the correlation analysis has been used with the aid of the 

SPSS. The results showed in general, there were significant 

positive correlations (see Table 4) between the estimated and the 

predicted surface soil properties.   
 

 

5. CONCLUSIONS 

In this study, the Landsat-7 ETM+ images data, field 

observations, laboratory analyses for chemical and physical 

surface soil properties, and statistical analyses were employed. 

The models generated may be generalizable to other similar sites 

in the region. Iraq has a vast land area with varying environmental 

conditions. As planning proceeds for increased agricultural 

production, the mountainous areas in the north including the 

Kurdistan region, the flatlands and wetlands in the south, the 

desert in the west, and the undulating lands in the east lack 

accurate soil maps. Remote sensing and associated techniques 

combined with a targeted field survey provide the data necessary 

to conduct a sufficiently detailed survey for the natural resources, 

including soils, enabling agricultural planning. Future work will 

extend these methods to other areas in the region and test higher 

spatial and spectral resolution sensors, new field methods, and 

advanced spatial models to refine the soil maps.  

 

 

 

 
a: BD, b: ADSMC, c: Na, d: CaSO4, e: P, f: FeO3  

Figure 4. The regression-based maps of the spatial distribution 

of the studied surface soil properties 

 

 
a: CEC, b: CaCO3, c: Clay, d: Silt 

 

Figure 5. The regression-based maps of the spatial distribution 

of the studied surface soil properties. 
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Table 4.  The correlation values between the estimated and 

predicted surface soil properties values.  
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