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Abstract：Soil salinity is a severe soil degradation problem mainly faced in arid and semi-arid re-
gions. About 11 million ha of land in the arid, semi-arid, and desert parts of Ethiopia is salt-affected, 
especially in the Awash River basin, including Afambo irrigated area. Remote sensing approaches 
are significant tools for accurately predicting and modeling accurately predicting and modeling soil 
salinity in various world regions. This study aims to analyze and model soil salinity status in the 
case of Afambo irrigated areas using Landsat-8 and sentinel-2A, Afar region, Ethiopia, by applying 
remote sensing with field measurements. Thirty-two soil samples were collected from the topsoil 
(0-30 cm); out of these, 25 soil samples with various EC ranges were selected for modeling, and the 
remaining 7 samples were utilized to validate the model. Landsat-8 and Sentinel-2A images ac-
quired in the same month were used to extract soil salinity indices. Linear regression analyses cor-
related the EC data with corresponding soil salinity spectral index values derived from satellite im-
ages. The best-performing model was selected for salinity mapping. The soil salinity indices ex-
tracted from both Landsat-8 and Sentinel-2A bands estimated soil salinity with high acceptable ac-
curacy of R2 values of SI, 0.78 and 0.81, respectively. The model results in three salinity classes with 
varying degree of salinity, namely, highly saline, moderately saline, and slightly saline, which co-
vers 15.1%, 39.8% and 45.1% of the total area for Landsat-8, respectively and 26.1%, 32%, and 41.9% 
for sentinel 2A, respectively. Generally, the results revealed that the expansion rate of salt-affected 
soils has been increasing. From this study, it is possible to infer that if the present irrigation practice 
continues, it is expected that total the cultivated lands will become sterile within a short period. 
Thus, it needs to be monitored regularly to secure up-to-date knowledge of their extent to improve 
management practices and take appropriate actions 
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1. Introduction 
Soil salinization is becoming an increasing downside, particularly in arid and semi-

arid regions where irrigation is practiced. Because of salinity and sodicity, soil degrada-
tion is increasing at a terrible rate, endangering the surroundings, agricultural ecosystems, 
and human life [1]. Salinization is one of the most hazardous environmental phenomena 
that lead to desertification and loss of agricultural productivity [2]. 
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In rain-fed agriculture, water erosion has degraded the soils and depleted the nutri-
ents leading to the increased cost of agriculture production, whereas irrigated agriculture 
has increased secondary salinization. Therefore, it is imperative to enhance the restoration 
of degraded agricultural lands to promote sustainable agriculture. The food security gap 
in African countries can be reduced if land degradation issues are dealt with holistically 
to conserve soil resources and keep them healthy and fertile[3].  

However, the most serious salinity and sodicity problems are faced in irrigated arid 
and semi-arid regions. 

According to [4],Ethiopia is heavily reliant on the agriculture sector for its economic 
growth and social sector development because it accounts for 40% of the GDP, 80% of the 
total employment, and 70% of the export earnings. Partial or complete loss of soil produc-
tivity attributed to the accumulation of excess salts in the root zone of soils in the arid and 
semi-arid climates is a worldwide phenomenon. 

With the standing of the Ethiopian Irrigation Development Program, 26 medium and 
large-scale irrigation projects are planned to be implemented. Due to topographic reasons, 
most of the already established or proposed large-scale irrigation schemes are found in 
the lowlands of Ethiopia, where major river basins such as Awash, Blue Nile, Wabe She-
belle river basin, and Rift valley lakes basin are located. Over 11 million ha of land in the 
arid, semi-arid, and desert parts of Ethiopia is known to be salt-affected[5]. The problems 
of salinity and waterlogging persist in many regions where farmers apply excessive irri-
gation water, and farmers and irrigation departments fail to invest in adequate drainage 
solutions[6].  

Despite the problems in modeling salinity and relating soil salinity values to radar 
satellite data, a direct relationship between the Electrical Conductivity (EC) of soils and 
backscattering images has been proven in some cases. Abdellatif and Mourad, 2017 pro-
posed a parametric formulation to determine salinity from RADARSAT-1 data without a 
backscattering model. The linear regression analysis was performed, and a good relation-
ship was observed between the measured salinity of the soil samples and the radar im-
ages, with a coefficient of determination (R2) of 0.83. Alternatively, soil salinity maps ob-
tained from remotely sensed data, such as satellite scenes or sensors mounted on air-
planes, can provide a much faster and more economical way of mapping soil salinity for 
large areas[7].. 

Howari 2007reported that remote sensing has a potential application for rapid and 
large-scale mapping of salt-affected lands. In recent decades, remote sensing data has been 
widespread to map soil salinity, either directly from bare soil or indirectly from vegeta-
tion, in a real-time and cost-effective manner at various scales[8] . Soil salinity mapping at 
the regional, national, and farm levels is becoming increasingly important for decision-
making and managing soil resources. It is important to generate soil salinity information 
to determine the extent and further risk of salinity, of which salinity assessment, mapping, 
and regular monitoring have a great role in salt-affected areas[10]. 

Despite previous studies in the assessment of soil salinity, studies focusing on the 
modeling of soil salinity are lacking. Moreover, the previous studies that attempted to 
map salt-affected soils used low-resolution remote sensing data. However, Sentinel-2A 
remote sensing products provide high-resolution remote sensing data and may give new 
emphasis to modeling soil salinity. Therefore, a comprehensive study integrating high-
quality remote sensing and GIS approaches is imperative to soil salinity modeling in the 
semi-arid region, including the Afar region. This study aimed to develop a model that 
integrates remote sensing with GIS techniques to assess, characterize, and map the state 
of soil salinity at the Afambo irrigated in the Afar region of Ethiopia. 

2.  Materials and Methods 
2.1. . Description of the Study Area and Sampling Locations 
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Afambo is one of the Woreda in the Afar Region of Ethiopia. It is part of Administra-
tive Zone one and is bordered on the south by the Somali Region, on the west by Dubti 
Woreda, on the north by Asayita, and on the east by Djibouti. Geographically, it is 
bounded by 110 25’0” N -110 35’0’’ latitude and 410 32’30”-410 40’0” E longitude. Afambo 
irrigation farm consists of three Kebeles of the Woreda (Alasabolo, Humedoyta and Mego 
Kebeles); those Kebeles have covered a total of 11,405 ha. 

2.2. Soil sample collection, preparation, and laboratory analysis 
A total of 32 soil samples were collected from 3 Kebeles, the soil samples were taken 

from the topsoil (0-30m) using a hand auger. Purposive random sampling methods were 
employed. Depending on area of each sampling unit and prevailing micro-variability suf-
ficient number of sub-samples were taken by auger and core sampler were also collected 
from selected areas. The subsamples were then thoroughly mixed in the field to make one 
representative composite sample. The coordinates of each sample points were recorded 
using a portable handheld Global Positioning System (GPS) Garmin version 78 

 

Figure 1. Map of the study area. 

Soil samples were air-dried, ground to pass through 2 mm sieve and prepared for the 
determination of soil salinity indicators. All laboratory analyses were done at laboratories 
in Dessie soil testing and fertility management center. Electrical conductivity (EC), Soil 
reaction (pH) soluble cations (Na, Ca, and Mg), exchangeable Na and CEC and, Exchange-
able sodium percentage (ESP) were measured. pH and EC were measured in 1:2.5 soils: 
water suspension using pH meter and conductivity meter, respectively. Exchangeable Ca, 
Mg and CEC were extracted with 1.0 molar (M) ammonium acetate (NH4OAc) solution. 
The ammonium displaced from the soil exchange site was distilled and the evolved am-
monia was determined by the macro-Kjeldahl method [11] and its concentration was re-
ported as CEC. Exchangeable sodium percentage (ESP) was computed from the data of 
chemical analysis. 

𝐸𝐸𝐸𝐸𝐸𝐸 = � 𝑁𝑁𝑁𝑁
𝐶𝐶𝐶𝐶𝐶𝐶

�100      Equation 1 

2.3.  Image  pre-processing 
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Sentinel-2A provides multispectral data with 13 bands, spanning through visible, 
near-infrared (NIR), and shortwave infrared (SWIR) with different spatial resolutions 
ranging from 10 m to 60 m. The Landsat-8 thermal infrared sensor (TIRS) was utilized to 
evaluate the efficiency of thermal features in soil salinity monitoring. The Sentinel-2A data 
was downloaded from Sentinel’s Scientific Data Hub (https://scihub.copernicus.eu/). The 
Land sat images were, covering the area of the study site. The Landsat-8 image was down-
loaded from the United States Geological Survey (USGS) website (www. earth ex-
plorer.gov). It should be noted that since optical imagery measures the spectral reflectance 
of the object’s surface, the salinity of the soil surface was assessed in this study. The image 
was analyzed using ArcGIS 10.7.1, ENVI 4.7, SNAP 64, and SPSS, V23. The Sentinel-2A 
image was taken Tuesday, February 29, 2021. The OLI image was downloaded from USGS 
Data Clearinghouse (Earth Explorer). The Sentinel-2A image was corrected and converted 
to reflectance using the European Space Agency Sentinel Application Platform (SNAP) 
Sen2Cor module [12]. Two masks were used to exclude the non-soil pixels in both images.  
The ENVI module “Calculate Cloud Mask using Fmask” was then used to remove any 
clouds from the images. 

2..4.  Salinity model development 
Soil salinity models were developed using a Land sat-8 image, sentinel-2A, and 

measured EC data. The model for soil salinity levels mapping from satellite images and 
EC sampling points was used. The identification of the location of the sampling point on 
the satellite image was executed. Regression analysis was developed to assess EC's spatial 
distribution and predict salinity levels at different locations based on EC point data and 
salinity indices generated from satellite images of (Landsat-8 and sentinel-2A). For this 
analysis, 25 sample EC points were used based on the result of the soil field. For the re-
gression analysis, the available EC data were acquired in 2020, and the image of 2020 was 
used to generate salinity and vegetation indices. In this research, multiple linear regres-
sion (MLR) techniques; for soil salinity assessment and relating EC values of field samples 
to salt features were extracted from satellite data. The constructed models were then ap-
plied to the entire image to predict EC values for each pixel. The advantage of this model 
was generalized through GIS because it directly gives the salinity level at any point in the 
image. 

Table 1. The formula used to analyze salinity and vegetation indices for Landsat-8. 

Index name Formula Reference 
SI √band 3 ∗ band4 or Band 3

Band 4
 [7] 

NDSI 
Band 3− Band 6
Band 6 + Band 3  [13] 

 

NDVI 
Band 5− Band 4
Band 4 + Band 5 [14] 

 

SAVI 
band5− band4

band4 + band5 + L ∗ 1 + L 

L=0.5 
[14] 

 

EVI 2.5 ∗ (Band5− Band4)
Band5 + 6 ∗ Band4 − 7.5 ∗ Band2 + 1 [7] 

 

Table 2. The formula used to analyze salinity and vegetation indices for sentinel 2A. 

Index name Formula Reference 

SI 
Band2 ∗ Band4

Band 3  [7] 

NDSI 
Band 3− Band 11
Band 11 + Band 3 [15] 

NDVI 
Band 8− Band 4
Band 4 + Band 8 [13] 
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SAVI 
band8− band4

band4 + band8 + 0.428 ∗ 1.428 [14] 

EVI 
2.5 ∗ (Band8− Band4)

Band8 + 6 ∗ Band4 − 7.5 ∗ Band2 + 1 [15] 

 

2.5.  Model comparison and Salinity model performance evaluation 
After a map of salt-affected soils were generated from the two models (land sat 8 and 

sentinel 2) and comparison were made between the two models and finally, the best map 
was selected. All data are calibrated and validated against the salinity. The root-mean-
squared error (RMSE, Eq. (5) is used as metrics to judge the fit of the predicted variables 
to the observed data when calibrating the parameters of the models [11] 

RMSE = 1
n
�∑ (xmin

t=1 − xoi )2--------------Equation 1 

2.6.  Model validation and prediction 
Validation of the models was done by plotting the EC value with the corresponding 

raster values of the salinity map generated from satellite imagery for both Landsat-8 and 
sentinel 2A. Then after linear regression analysis of correlating each salinity index with 
EC data for both Landsat-8 OLI and Sentinel-2A data was performed to predict the salin-
ity. The main purpose of this process is to increase the statistical reliability of the results. 

3.  Results and Discussion 
2.1.  The relationships of EC with Sentinel-2A, and Landsat-8 

Remotely sensed data with a significant correlation to EC data for both Landsat-8 
OLI and Sentinel-2A data were considered for developing the regression models. The de-
veloped regression models are, showing how well spatial variation in soil salinity can be 
predicted by applying different developed regression models. All the developed regres-
sion models were highly significant; for this case, five salinity indices and vegetation in-
dex, Soil salinity index (SI), Normalized difference salinity index (NDSI), Normalized dif-
ference vegetation index (NDVI), Enhanced vegetation index (EVI), and Soil Adjusted 
vegetation index (SAVI)) was applied for regression analysis to develop a soil salinity 
model for both Sentinel-2A and Landsat-8 satellite data [20].  

Models were best able to predict soil salinity spatial variation, as they met all the 
model selection criteria. The soil salinity map with five salty levels serves for land man-
agement and agricultural planning. 

Remote sensing technology has proven its efficiency in the investigation of soil salin-
ity in a large area. Results show that using Landsat image 8 images and Sentinel-2A im-
ages allows one to extract, Mapping, Model, and monitor the features of the salty land. 
They indicate that the salinity of the Soil has a strong relationship with the reflectance at 
the NIR channel. This is in line with the results of research presented by [9]. However, the 
EVI was not highly correlated with EC. 

2.2.  Regression Models 
All five soil salinity indices and vegetation indices (NDVI, NDSI, EVI, SAVI, and SI) 

were used to conduct multiple regression analyses and linear regression analyses for each 
satellite data. The resulting models were statistically significant, with the lowest Root 
mean square error (RMSE) and Mean Absolute error (MAE) except EVI, which is corre-
lated with EC for both Landsat-8 and sentinel- 2A. Linear regression equations of each soil 
salinity index for Landsat-8and Sentinel-2A data are illustrated in (Figs. 2 and 3), respec-
tively. For generating each soil salinity map, the equations shown in (Figs. 2 and 3) were 
used to calculate and estimate the corresponding EC value for each pixel. This was done 
by inserting the salinity index value of each pixel as ‘x’ values in each of the equations. R2 
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values of linear regression analysis for all indices derived from both satellite data were 
similar to each other; however, equations obtained from each analysis were different, and, 
therefore, distinctive soil salinity maps were produced from each index. 

 

 

 
Figure 2. Linear regression results of soil salinity indices derived from Landsat-8 and EC. 
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Figure 3. Linear regression results of soil salinity indices derived from sentinel -2A and EC. 

According to this graph, it is clear that visible spectral bands, especially the red band, 
can differentiate the reflectance of each salinity class and, consequently, categorize soil 
salinity classes. On the other hand, spectral reflectance values of different salinity classes 
exhibit similar values, making it difficult to differentiate salinity levels for near-infrared 
and shortwave spectral regions. (Figures 4 and 5) illustrates soil salinity maps generated 
by applying SI, NDVI, NDSI, and SAVI indices and simple linear regression analysis. 
There are similarities in all the maps produced using different salinity indexes and satel-
lite data in terms of the spatial distribution of each salinity class. 
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Figure 4. Soil salinity maps of the study area generated from (A)NDVI, (B)NDSI, (C)SAVI, and (D)SI Landsat-8. 

 

Figure 5. Soil salinity maps of the study area generated from (A) NDVI, (B) NDSI, (C) SAVI, and (D) SI Sentinel-2A. 

2.3.  Assessment and Model Validation 
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After using the regression method for five indices derived from Landsat data and 
Sentinel-2A, including NDVI, NDSI, SAVI, EVI, and SI for the soil salinity, it is found that 
the regression models have a well-defined coefficient (R2) between the salty value ob-
tained from the field measurement and salty values derived from remote sensing data 
except for EVI. The highest coefficient (R2) from Landsat-8 is 0.78 in the SI model, and 
from the Sentinel-2A model, the highest coefficient (R2) is 0.81 in the SI model. A similar 
result is reported by [12] in Tra Vinh Province, where it was affected by salt from the sea 
due to the tide and rising sea levels. For checking validation of all models, seven similar 
sample points, including samples from each category of four soil salinity classes, were 
examined, and the output results for all indices of both satellite data revealed almost sim-
ilar R2 values ranging from 0.67 to 0. 71..  

2.4. Model comparison  
The models derived from Landsat-8 and Sentinel-2A were compared, and their re-

spective predictions for saline soil of the Afambo irrigated area were produced. Compar-
ing indices generated from Landsat-8, regression result of SI with field data (EC) slightly 
better R2 value. In addition, the output model of this index exposed a lower Root Mean 
Square Error (RMSE) of 2.01 and R2 of 0.78. As the same, among indices derived from 
Sentinel-2A data, the regression result of SI with field data presented (EC) was a slightly 
better result than the other four indices with R2 and RMSE values of 1.01 and 0.81, respec-
tively. The result suggests that the salinity indices (SI) are the most sensitive to EC in both 
sensors. The Comparison between the satellite images, Sentinel-2A of SI with field data is 
a better R2 value and lower mean square error (RMSE) of R2 0.81 and 1.01 respectively 
than Landsat data. There are similarities in all the maps produced using different salinity 
indexes and satellite data in terms of the spatial distribution of each salinity class. A com-
parison of all soil salinity maps generated using indices derived from Sentinel-2A data 
demonstrated that more land was categorized as slightly saline, particularly in maps pro-
duced using NDSI and SI indices. With the same Comparison of all soil salinity maps 
generated using indices derived from Sentinel-2A data. NDSI categorized more lands as 
Highly saline. This finding is in agreement with the study [12]. 

Sentinel-2 is the more useful dataset for identifying salinity change in Afambo irri-
gated areas. The R2 and RMSE of the models indicate that Sentinel-2 has slightly better 
skill than Landsat OLI at predicting EC. Sentinel-2A’s 10-meter spatial resolution and 2–
3-day return time offer a superior spatial and temporal resolution to Landsat-8’s 30-meter 
spatial resolution and 16-day return time.  

2.5.  Soil Salinity prediction  
The salinity Prediction model by Landsat-8 and Sentinel-2A for EC vs. SI was pre-

pared using regression analysis. It was observed that the model of EC vs. SI offered a 
coefficient of determination of 78% and 81% for Landsat-8 and Sentinel-2A, respectively 
(Fig 6). This model directly gives the salinity level at any point in the image. This predic-
tion model enhances moderately, slightly Saline and highly Saline soil areas. Three ranges 
of salinity levels were generated from the Landsat-8, and Sentinel-2A predicted salinity 
map. The summary of salinity level, the extent of the area in hectares and the percentage 
are given in Table 3. 

The model results in three salinity classes with varying degree of salinity, namely, 
Highly Saline, moderately Saline, and slightly Saline, which covers 15.1%, 39.8% and 
45.1% of the total area for Landsat-8, respectively and 26.1%, 32%, and41.9% for sentinel 
2A.  

 
 

 
 

Class Name Salt affected Area (ha) Percent (%) 
Slightly saline 5149 45.1 
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Landsat-8 Moderately saline 4534 39.8 
Highly saline 1732 15.1 

 
 

Sentinel 2A 

Class Name Salt affected Area (ha) Percent (%) 
Slightly saline 4780 41.9 

Moderately saline 3648 32 
Highly saline 2987 26.1 

Table 1; Soil salinity level derived from prediction model of Landsat-8 and Sentinel 2A 

 

Figure 6. ; Soil salinity maps of the study area using (A) Landsat-8 and (B) Sentinel 2A. 

4. Discussion  
Remote sensing technology has proven its efficiency in investigating soil salinity in a 

large area. Results show that using Landsat image 8 images and Sentinel-2A images al-
lows one to extract, Mapping, Model, and monitor the features of the salty land. They 
indicate that the salinity of the soil has a strong relationship with the reflectance at the 
NIR channel. The result is in line with the research results presented by [9]. However, the 
EVI channel does not have a high correlation with EC. 

From the regression model, The highest coefficient (R2) from Landsat-8 is 0.78 in the 
SI model, and from the Sentinel-2A model, the highest coefficient (R2) is 0.81 in the SI 
model. Similarly, [2] found a strong relationship between the SI and salinity indicator in 
the red channel, highly correlated with EC. A similar result is reported by [15] in Tra Vinh 
Province, where it was affected by salt from the sea due to the tide and rising sea levels. 
All regression models have a high statistical coefficient (R2) with P-value less than 0.05 
with acceptable prediction results. Likewise, [16] used an R2 value above 0.66 to get an 
acceptable and approximate result. This study presented R2 values of 0.78 for Landsat-8 
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and 0.81 for Sentinel-2A since similar spectral bands of two different satellites were used 
for a defined window area. 

When considering EC measurements showing that salinity impacted land continued 
beyond the land mapped using the models, the estimate of land affected rises signifi-
cantly. However, without hyperspectral data, it is not easy to quantify definitively. Based 
on the results of this study, salinity can be modeled in irrigated land in Afambo. Sentinel-
2 and Landsat have similar limitations to their spectral resolution when classifying saline 
soils though Sentinel-2 has a slightly higher resolution. The higher spatial resolution of 
Sentinel-2 decreases the number of mixed pixels, likely leading to higher accuracy in clas-
sification. Increased spatial resolution and classification accuracy aid in tracking and ad-
dressing soil salinization in agricultural fields. As sea levels rise, the land needs to be pro-
tected, or practices will need to be adapted to the changes though barriers exist for both 
options.  

5. Conclusion  
Soil salinity is one of the major problems affecting agricultural productivity and 

sometimes becomes too severe to take it out from economic crop production. The demar-
cation of the location and assessment of the extent and severity of soil salinity is a prereq-
uisite for any reclamation process. This research deals with the modeling of salt-affected 
soils with the help of remote sensing technologies in the Afambo irrigated area. Satellite 
data has offered cost-effective and rapid temporal monitoring and detection of soil salinity 
on a field to regional scale over the last three decades. In recent years, multi-spectral sen-
sors such as Landsat-8 and Sentinel-2A have been used to quantify soil salinity in various 
case studies. The capacity and utility of Landsat-8 and Sentinel-2A for soil salinity mod-
eling were examined in this work. Two regression models and five soil salinity indices 
and vegetation indices were used. Soil salinity Prediction models were developed to 
Model salt-affected areas, derived from the correlation of measured EC value and salinity 
index (SI) derived from Landsat image and Sentinel 2A. The combination of these re-
motely sensed variables into one model explained with R2 78% for Landsat-8 and R2 81% 
for Sentinel-2A of the spatial variation of salinity in the area. Finally, It is important to 
note that different satellite images and salinity indices may be applied and discussed in 
similar other studies, and the need for further and future investigation of such dependen-
cies may be required. In order to assess the reliability of the method applied, it is recom-
mended to execute similar studies in the rift valley having similar agro-ecological condi-
tions. Soil salinity processes are highly dynamic. Therefore, the method of detecting soil 
salinity should also be dynamic. 
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