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Abstract: Soil salinity and ground surface morphology in the Lower Cheliff plain (Algeria) can directly or indirectly 
impact the stability of environments. Soil salinization in this area is a major pedological problem related to several 
natural factors, and the topography appears to be important in understanding the spatial distribution of soil salinity. In 
this study, we analyzed the relationship between topographic parameters and soil salinity, giving their role in un-
derstanding and estimating the spatial distribution of soil salinity in the Lower Cheliff plain. Two satellite images of 
Landsat 7 in winter and summer 2013 with reflectance values and the digital elevation model (DEM) were used. We 
derived the elevation and slope gradient values from the DEM corresponding to the sampling points in the field. We 
also calculated the vegetation and soil indices (i.e. NDVI (normalized difference vegetation index), RVI (ratio vege-
tation index), BI (brightness index) and CI (color index)) and soil salinity indices, and analyzed the correlations of soil 
salinity with topography parameters and the vegetation and soil indices. The results showed that soil salinity had no 
correlation with slope gradient, while it was significantly correlated with elevation when the EC (electrical conductivity) 
values were less than 8 dS/m. Also, a good relationship between the spectral bands and measured soil EC was found, 
leading us to define a new salinity index, i.e. soil adjusted salinity index (SASI). SASI showed a significant correlation 
with elevation and measured soil EC values. Finally, we developed a multiple linear regression for soil salinity pre-
diction based on elevation and SASI. With the prediction power of 45%, this model is the first one developed for the 
study area for soil salinity prediction by the combination of remote sensing and topographic feature analysis. 
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Remote sensing can provide a digital scan of any geo-
graphic surface on the Earth, especially when it is 
about the assessment of the ground surface patterns 
either in space or in time (Chen et al., 2009). Digital 
data are available for users nowadays and digital 
processing is the most accurate research tool in the 
field of environment (Metternicht and Zinck, 2003). 
Although the prediction of soil salinity obtained an 
important progress in the last decades and improved 

the understanding of spatial distribution of soil salinity, 
the accentuation of the occurrence of soil salinization 
under various factors and variables implied scientists 
to step forward in modeling this threat (Akramkhanov, 
2005). 

The assessment of soil salinity can be applied using 
digital indices extracted from satellite images with 
different spectral bands (Fernández-Buces et al., 2006; 
Farifteh et al., 2007). Digital elevation model (DEM) 
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can also be used to predict soil salinity following the 
variographic morphology of the ground surface with a 
perspective of improving the accuracy of its prediction 
(Browing and Duniway, 2011). The rapid spread of 
soil salinization is subjected mainly to the altitude 
above sea level, because the landforms control the 
transmission speed of salts across different soil layers 
(Mulder et al., 2011).  

Remote sensing is proved to have advantages in 
predicting soil salinity. Meanwhile, the spatial dis-
tribution of soil salinity seems to be related to one or 
several variables, depending on the characteristics of 
the studied area (Boettinger et al., 2008; Allbed and 
Kumar, 2013). Researchers have developed many 
approaches to study and predict soil salinity with 
multiple variables using statistical analysis (Lesch et 
al., 1995; Eldeiry and Garcia, 2004). Multiple linear 
regression is proved to be one of the promising ap-
proaches in predicting and modeling soil salinity (e.g. 
Wang et al., 2007; Wang et al., 2013). Shrestha 
(2006) developed soil salinity prediction models us-
ing multiple linear regression based on remote sens-
ing images and soil data in Thailand, while Mehrjardi 
et al. (2008) and Noroozi et al. (2012) proved the 
powerful use of multiple linear regression with 
Landsat TM and ETM+ spectral bands combined to 
the measured soil salinity data in Iran. Moreover, 
Bouaziz et al. (2011) used multiple linear regression 
with MODIS images and Allbed et al. (2014) used it 
with IKONOS spectral bands to assess soil salinity in 
the northern Brazil and in Al Hassa oasis in the east-
ern province of Saudi Arabia, respectively. Their 
findings of salinity prediction by integrating the 
digital data into a regression model allowed us to 
apply this statistical approach in our study area (the 
Lower Cheliff plain, Algeria), where soil salinization 
is serious for decades and is still a major environ-
mental issue in the future.  

The prediction of soil salinity in the Lower Cheliff 
plain is possible because Douaoui et al. (2006) pro-
vided the first soil salinity index in the area by using 
remote sensing images initially based on 3,980 soil 
samples. After that, Douaoui and Lepinard (2010) 
used a geostatistical approach based on Kriging 
methods to improve the accuracy of salinity digital 
mapping. From an ecological perspective, Mokhtari et 

al. (2012) used the previous results of soil salinity 
prediction to assess the influence of soil salinity on 
surface landscapes with ASTER image based on 400 
soil samples. Generally, the use of very 
high-resolution (less than 2 m) satellite images of 
Worldview-2 can improve the spatial prediction of 
soil salinity by creating a prediction index specific for 
the small region of H’madena, where an area of 
10,000 hm2 is classified as moderate to severe soil 
salinization (Douaoui and Yahiaoui, 2015).  

The above-mentioned studies only focused on pre-
dicting soil salinity by using one variable (spectral 
reflectance) combined with the measured soil EC 
(electrical conductivity) data at a very limited scale in 
the study area. Thus, this study came up with a new 
perspective on the integration of new variables in soil 
salinity prediction, giving more significance and even 
more accuracy to the prediction of soil salinity in the 
Lower Cheliff plain with less soil samples (109). In 
this study, we developed a multiple regression ap-
proach for soil salinity prediction based on the digital 
data of Landsat ETM+ and the derived topography 
parameters (elevation, slope gradient, aspect and hill-
shade) that have already shown a very good individual 
correlation with measured soil salinity data in wet and 
dry seasons. This is the first research of considering 
terrain morphology as a variable in predicting soil 
salinity in the Lower Cheliff plain.  

1  Materials and methods 

1.1  Study area 

The Lower Cheliff plain (34°03'12"35°05'57"N, 

00°40'00"01°06'08"E; 11185 m asl; Fig. 1), one of 
three plains in the great Cheliff Basin, is located in the 
Northwest Algeria. It has 60,000 hm2 of area divided 
between farming lands to the east side of the plain and 
a saline patch (Sebkha), and bare dry lands to the west 
side (Douaoui et al., 2006). The Lower Cheliff plain is 
characterized by a semi-arid climate with high tem-
peratures in summer and low in winter. The long dry-
ness period (7 months of dry season) and low average 
annual precipitation (less than 250 mm) in a year in-
dicates that the area is situated in a climatic transition 
zone of semi-arid to arid climate (Yahiaoui and 
Douaoui, 2014). Soil salinization of the lower  
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Fig. 1  Geographic location of the study area (the Lower Cheliff plain) 

 
Cheliff plain can go back to the saliferous formations 
of Trias and Miocene, which are the original materials 
of alluvial plain coming from Ouarsenis, through the 
efflorescence of the Cheliff Valley. Soil salinization in 
the Lower Cheliff plain was accelerated in the last two 
decades following the increased utilization of 
groundwater to irrigation. Thus, soil salinization is the 
most serious problem that endangers the environment 
in the study area. 

1.2  Materials 

Two multispectral satellite images of Landsat ETM+ 
(http//:earthexplorer.usgs.gov) were used to predict 
soil salinity. The two satellite images included six 
spectral bands with the resolution of 30 m (Fig. 2). 
We also used a digital elevation model (DEM) of 
ASTER GDEM Version 2 with 30-m resolution in this 
study (Fig. 3). These three composites were processed 
using ENVI 4.8 and ArcGIS 9.3 softwares (ESRI 
tools). We selected two seasons (winter and summer) 

of 2013 based on the fact that the difference of soil 
salinity may be distinct under different underlying 
conditions especially vegetation cover. In this study, 
we compared the soil salinities in the winter and the 
summer to identify the season which had an obvious 
connection with the soil salinity. 

The Lower Cheliff plain starts to extend on both 
sides from the bed of Cheliff River, by making junc-
tion with Oued Rhiou and Oued Djediouia on left 
bank and with the many streams coming from Dahra. 
On the right bank of Cheliff River, the plain extends 
until reaching the contributions of Mina Valley (Fig. 
3). On the left bank of Cheliff River, the plain extends 
until it reaches a patch formed around the Sebkha (sa-
line patch), where the slope increases gradually. In the 
middle of the plain, the slope of the ground is moder-
ate and increases very slightly to the urban sites lo-
cated at the piedmonts of Ouarsenis Mountains. The 
slope also varies on the right bank of Cheliff River in 
the same way. 
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Fig. 2  Delimitation of the study area from Landsat scenes of (a) winter (February) and (b) summer (August) 2013 

 
1.3  Sampling scheme 

Soil sampling was performed in July 2012 with 109 
points to measure soil EC. Following the gradient of 
soil salinity described by Douaoui and Lepinard (2010) 
and the ground surface morphology, we adopted a 
laminated sampling in the study area (Fig. 4). Soil 
samples were collected from the selected points dur-

ing the dry season at the depth of 020 cm, where salt 

accumulation was at high levels. Then, we measured 
soil EC in laboratory by using saturated paste method. 

1.4  Methods 

1.4.1  Spectral reflectance 

The digital numbers of the pixels for each scene (win-
ter and summer) were converted into reflectance val-
ues through atmospheric correction process on ENVI 
4.8. We adopted the correction method specifically for  
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Fig. 3   Digital Elevation Model (DEM) of the study area (ASTER GDEM Version 2) 

 

 
 

Fig. 4   Distribution of soil sampling points in the study area 

 
Landsat TM and ETM+ proposed by Chander et al. 
(2009) and improved lately by Finn et al. (2012) to 
better fit a top of soil features extraction and to avoid 
the atmospheric noise during the extraction process. 

This method was applied prior to the conversion 
process, i.e. the conversion of digital numbers of each 
band to radiance and then to reflectance values for 
both the summer and winter seasons. 
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(1) Radiance 

λ rescale λ rescaleL G DN B .= ´ +         (1) 

Where, Lλ is the spectral radiance at the sensor’s ap-
erture (W/(m2

•sr•µm)); Grescale is the band specific re-
scaling gain factor (W/(m2

•sr•µm)); DNλ is the digital 
number of the pixel on each band; and Brescale is the 
band specific rescaling bias factor. 

(2) Reflectance 

( )

2
λ

λ

π L d
.

ESUN sin π SE 180
r

´ ´
=

é ù´ ´ ¸ë û
      (2) 

Where, ρ is the planetary TOA (Top of Atmospheric) 
reflectance (unitless); Lλ is the spectral radiance at the 
sensor’s aperture; d2 is the square of the Earth-Sun 
distance in astronomical units ((1−0.01674cos(0.9856 
(JD–4)))2); JD is the Julian Day (day number of the 
year) of the image acquisition; ESUNλ is the mean 
solar exo-atmospheric irradiance (W/(m2

•mm)); and 
SE is the sun elevation angle (°) when the scene was 
recorded. 

1.4.2  Indices 

(1) Soil salinity index (SSI) 
Four soil salinity indices were selected in this study 
(Table 1). They are mainly used to detect soil salinity 
in an accurate way. The combination of spectral bands 
with these four indices can be applied to the Landsat 
scenes of the study area.  

(2) Vegetation and soil indices 
NDVI (normalized difference vegetation index), RVI 

(ratio vegetation index), BI (brightness index) and CI 
(color index) were used to express the vegetation and 
soil conditions, and to analyze the relationship be-
tween landscapes, ground surface morphology and 
soil salinity during the two seasons (Table 2). The 
selection of the two seasons returns to the expansion 
of the vegetation during the winter (February 2013) at 
the expense of soil due to the high amount of precipi-
tation in this period (more than 100 mm). Unlikely, 
soil reflectance of dry bare land in summer is more 
significant due to the big abstinence of vegetation. 

1.4.3  Extraction of topography parameters 

Using Spatial Analyst tool in ArcGIS software, we 
extracted the values of elevation (Z), slope (P), aspect 
(A) and hillshade (Hs) for each sampling points. We 
just presented the main parameters (elevation and 
slope gradient) in this study. 

(1) Elevation  
The Lower Cheliff plain has low to middle altitudes 
with a predominance in the depression of the far west 

(1135 m), and some surfaces to the mid-west (3550 

m), and east and mid-east (5060 m). However, in the 
east of the plain and on its peripheries, the elevation 
increases to 140 m (Fig. 5). Elevation in the down 

west side varies between 70120 m. In general, eleva-
tion is low in the western part of the plain and in-
creases towards the east. 

(2) Slope gradient 
The slope gradient in the Lower Cheliff plain varies in  

 
Table 1  Description of soil salinity indices used in this study 

Soil salinity index Equation Reference 

SSI 1 (G×R)1/2 Khan et al. (2001) 

SSI 2 2×G–(R+NIR)  Douaoui and Lepinard (2010)
 

SSI 3 (R2+G2)1/2  Douaoui et al. (2006) 
SSI 4 (R–NIR)/(R+NIR)  Dehni and Lounis (2012)

 
Note: SSI, soil salinity index. G, R and NIR represent spectral bands for green, red and near infrared, respectively. 

 

Table 2  Description of vegetation and soil indices used in this study 

Index Equation Reference 

NDVI (NIR–R)/(NIR+R)  Rouse et al. (1974)
 

RVI NIR/R  Pearson and Miller (1972)
 

BI (G2+R2+NIR2)1/2  Manière et al. (1993) 

CI (R–G)/(R+G)  Huete et al. (1994)
 

Note: NDVI, normalized difference vegetation index; RVI, ratio vegetation index; BI, brightness index; CI, color index.  
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a range from 0 to almost 20% (Fig. 6). The lower val-
ues (0–2%) are found in the far west, with slight in-
creases toward the peripheries of western and eastern 
parts (6% to 7%) in the form of low lands. The slope 
values in the down, up west and mid-east of the plain 

vary from 9% to 12%. The slopes of hill in the far east 
of the plain exceed 20%. 

1.4.4  Statistical analysis 

First, we analyzed the relationship of measured soil 
EC with the extracted topography parameters using 

 

 
 

Fig. 5   Elevation distribution in the study area derived from the digital elevation model (DEM) 

 

 
 

Fig. 6  Slope gradient in the study area derived from the digital elevation model (DEM) 
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Pearson correlation analysis. Next, we combined the 
soil EC data with the calculated vegetation and soil 
indices, also, with the reflectance values for the two 
seasons (winter and summer) to determine which sea-
son shows a better correlation with soil salinity. 

Finally, we used stepwise multiple regression in 
XLSTAT 2012 software to determine the efficiency of 
the selected variables in explaining the dependent 
variable EC. Once the model was established, we ap-
plied a validation based on: (1) the coefficient of de-
termination R2, representing a good linear relationship; 
(2) low RMSE (root mean square error) for the estab-
lished model; and (3) significance levels of P<0.05 
and P<0.001, and low standard errors for the used 
variables in the model.  

2  Results and discussions 

2.1  Relationship between measured soil EC and 
Landsat data 

For both seasons, measured soil EC had weak correla-
tions with soil and vegetation indices (Table 3), indi-
cating the weak response of these indices to soil salin-
ity (Fernández-Buces et al., 2006). Moreover, SSI 2 
and SSI 3 were significantly negatively correlated with 
soil salinity in winter, and soil salinity presented a 
sharp decrease under the effect of soil leaching by pre-
cipitation during this period (Khan et al., 2001). The 
important difference in the correlation of measured soil 
salinity and these indices between the two seasons re-
turned essentially to the double effect of the climate 
and soil salinity. In winter, precipitations wash the salts 
from surface and subsurface soils, and allow the vege-
tation to grow and extend spatially (Yahiaoui and 
Douaoui, 2014). During summer, due to the absence of 
rainfalls, the return of soil salts back near the surface 
are behind the abstinence of vegetation, resulting in an 
obvious extent of bare dry lands with saline soils 
(Mokhtari et al., 2012). 

2.2  Relationship between measured soil EC and 
topography parameters 

2.2.1  Relationship of measured soil EC with slope 
gradient, aspect and hillshade 

The correlations of soil salinity with the extracted to-

pography parameters (aspect, hillshade and slope) 

appeared to be low for the aspect (R2=0.0016) and 

hillshade (R2=0.0004), and very low for the slope (R2= 

0.0001; Fig. 7). Although the soil samples were se-

lected from a topographical perspective, these topog-

raphical variables still showed low correlations with 

measured soil salinity in the area, mainly because of 

their low variability in the study area (Mulder et al., 

2011). The study area is a plain and its topography 

changes very little. 

2.2.2  Relationship between measured soil EC and 
elevation 

Elevation showed a significant relationship with 
measured soil salinity in an opposite tendency (R2= 
0.4497; Fig. 8a). The coefficient rose to be 0.6235 
when the correlation becomes exponential (Fig. 8b), 
maintaining the condition that soil salinity decreased 
with the increase of elevation (Boettinger et al., 2008). 
The selection of the best fits of measured soil EC val-

ues to elevation restricted the EC values to less than 8 

dS/m, and the coefficient of linear correlation between 

soil EC<8 dS/m and elevation increased (R2=0.7182; 

 

 
 

Fig. 7  Relationship between measured soil EC and slope 

 
Table 3  Correlation matrix of measured soil EC with soil and vegetation indices and soil salinity indices for the two seasons 

 BI CI NDVI RVI SSI 1 SSI 2 SSI 3 SSI 4 

Winter 0.04  0.03 0.36 0.34 0.24 0.38*** 0.40*** 0.21 

Summer  0.06 0.08 0.28 0.25  0.20  0.22***  0.24***  0.18 

Note: *** means significance at P<0.001 level. 
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Fig. 8  Linear correlation between measured soil ECtotal and 
elevation (a), exponential correlation between measured soil 
ECtotal and elevation (b), and linear correlation between measured 
soil EC<8 dS/m and elevation (c) 
 

Fig. 8c), indicating that elevation is a good predictor 
of soil salinity using well selected digital data of to-
pography. 

2.3  Relationship of topography with soil and 
vegetation indices and soil salinity indices 

We analyzed the relationships of topography parame-

ters with soil and vegetation indices and soil salinity 

indices. Non-significant correlation was found be-

tween the aspect, hillshade and these indices 

(R2<0.001). The slope values showed a very low cor-

relation with soil and vegetation indices during winter 

and summer (Table 4). Slope was only significantly 

negatively correlated with SSI 2 in summer, indicat-

ing the weak relationship between the slope and un-

derlying conditions as well as soil salinity in the 

study area. 

The relationship of elevation with soil and vegeta-
tion indices showed that the correlation was more sig-
nificant for summer than for winter even with low 
coefficients (Table 5). The correlation coefficients 
were higher for summer (dry season), due to the im-
proved underlying conditions during this period 
through spectral reflectance (Boettinger et al., 2008).  

2.4  Soil adjusted salinity index (SASI) 

The visible spectral bands B1, B2 and B3 showed 
significant correlations with measured soil EC among 
the six selected spectral bands for both seasons (Table 
6). The correlation coefficients were higher for sum-
mer, indicating that soil salinity can be predicted bet-
ter through reflectance data during the dry season 
(Al-Khaier, 2003). 

For the two seasons, the correlation coefficient be-
tween measured soil EC and B3 was the highest, fol-
lowed by B2. Hence, the new equation of soil adjusted 
salinity index (SASI) can be defined as follows: 

2

R
SASI .

100 B
=

´
             (3) 

Where, R is the red band and B is the blue band. This 
new index showed a significant correlation with ele-
vation (R2=0.5929) and soil salinity during summer 
(R2=0.3844). In addition to elevation, SASI is also a 
variable in predicting soil salinity. 

2.5  Development of regression model for soil sa-
linity prediction 

We developed a multiple linear regression model for 
soil salinity prediction depending on the good correla-
tion of soil EC with elevation and the new established 
index (i.e. SASI). The statistical results showed the 
significance of the developed regression model in pre-
dicting soil salinity, with 99% confidence level for 
elevation and 97% confidence level for SASI.

 

Table 4  Correlation matrix of slope with soil and vegetation indices and soil salinity indices for the two seasons 

 BI CI NDVI RVI SSI 1 SSI 2 SSI 3 SSI 4 

Winter 0.13 0.09 0.05 0.09 0.04 0.04 0.05  0.02 

Summer  0.16 0.04  0.04  0.02 0.08  0.21***  0.09 0.02 

Note: *** means significance at P<0.001 level. 
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Table 5  Correlation matrix of elevation with soil and vegetation indices and soil salinity indices for the two seasons 

 BI CI NDVI RVI SI 1 SI 2 SI 3 SI4 

Winter 0.04 0.02 0.13 0.11 0.39 0.41*** 0.42*** 0.16 

Summer  0.22  0.17 0.26 0.20 0.30 0.37*** 0.39*** 0.14 

Note: *** means significance at P<0.001 level. 

 
Table 6  Correlation matrix of measured soil EC with six spectral bands and elevation for the two seasons 

 B1 B2 B3 B4 B5 B6 Elevation 

Winter 0.31*** 0.27*** 0.32***  0.03 0.02  0.01 0.67*** 

Summer 0.47*** 0.31*** 0.52*** 0.15 0.19 0.12 0.67*** 

Note: *** means significance at P<0.001 level. B1, blue band (B); B2, green band (G); B3, red band (R); B4, near infrared (NIR); B5, short wave infrared 1 
(SWIR1); B6, short wave infrared 2 (SWIR2). 

 
However, the prediction power is only 45% due to the 
moderate spatial resolution (30 m) either for the satel-
lite imagery (Tajgardan et al., 2010) or the DEM. The 
good linear correlations of measured soil EC with 
elevation and SASI (R2=0.4489 and R2=0.3844, re-
spectively) showed that soil salinity can be predicted 
possibly using more than one variable. Therefore, the 
multiple linear regression for soil salinity prediction in 
this study can be expressed as Eq. 4. 

      EC=31.4420.136×Z0.113×SASI.      (4) 
Where, Z is the elevation (m), and SASI is the soil 
adjusted salinity index. 

We developed the multiple linear regression on the 
best fit of the variables to regression selection criteria, 
the good relationship (R2=0.4558) at 97% of probabil-
ity and RMSE of 4.21 dS/m (Fig. 9). A small standard 
error for each variable from the model also indicated 
the efficiency of the developed model (Wang et al., 

2007; Wang et al., 2013). The use of Kriging approach 
in estimating soil salinity proved its efficiency in re-
ducing the prediction error (Douaoui and Yahiaoui, 
2015). The low RMSE in our model is due to the soil 
samples were selected with EC<20 dS/m. It can be 
even decreased with the increasing number of EC data. 
The establishment of this prediction model is possible 
because the red and blue bands are the main visible 
bands in retrieving soil salinity (Mehrjardi et al., 2008; 
Noroozi et al., 2012) through different seasons. Ac-
cording to the study of Akramkhanov (2005), ground 
surface morphology has a remarkable influence on 
soil salinity in the surface soil layer. Salinity predic-
tion using terrain elevation appears to be better in dry 
period. Although surface reflectance is higher in this 
period, the spatial variation of EC values can be easily 
detected (Boettinger et al., 2008). This is consistent to 
what Eldeiry and Garcia (2004), Srestha (2006) and  

 

 
 

Fig. 9  Scatter plot of the predicted and measured soil EC for the developed multiple linear regression 
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Bouaziz et al. (2011) found by combining spectral 
bands with enhanced images in a single model. In ad-
dition, the prediction model can be applied under the 
limitation of multispectral data in terms of spectral 
and spatial resolution (Albed et al., 2014). 

3  Conclusions 

This study aimed to improve the predictive accuracy 
of soil salinity in the Lower Cheliff plain by integrat-
ing the remote sensing images and topography pa-
rameters which showed interesting statistical rela-
tionship with measured soil salinity on the basis of 
less soil samples. Analysis of the relationship between 
measured soil salinity and extracted topography pa-
rameters showed that soil EC was only significantly 
correlated with elevation, while it had no correlation 
with other variables, i.e. slope gradient, aspect and 
hillshade. The measured EC in the surface soil layer 
showed a low significant correlation with soil and 
vegetation indices either in winter or in summer. The 
red and blue bands in the visible spectral bands main-
tained a superior significant correlation with measured 
soil salinity in both seasons, which helped in creating 
the soil adjusted salinity index for soil salinity predic-
tion. This index showed a high correlation with eleva-
tion and measured soil EC. These results led us to de-
velop a multiple linear regression model for soil salin-
ity prediction based on elevation and the new index. 
This developed model is the first one for soil salinity 
prediction for our study area, with the prediction 
power of 45% that can be significantly improved in 
further studies by using very high resolution satellite 
images and digital elevation model as well as improving 
sampling method of soil samples.  
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