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Abstract

:

Water stress is one of the factors controlling agricultural land salinization and is also a major problem worldwide. According to FAO and the most recent estimates, it already affects more than 400 million hectares. The Tafilalet plain in Southeastern Morocco suffers from soil salinization. In this regard, the GIS tools and remote sensing were used in the processing of 19 satellite images acquired from Landsat 4–5, (Landsat 7), (Landsat 8), and (Sentinel 2) sensors. The most used indices in the literature were (16 indices) tested and correlated with the results obtained from 25 samples taken from the first soil horizon at a constant depth of 0.20 m from the 2018 campaign. The linear model, at first, allows the selection of five better indices of the soil salinity discrimination (SI-Khan, VSSI, BI, S3, and SI-Dehni). These last indices were the subject of the application of a logarithmic model and polynomial models of degree two and four to increase the prediction of saline soil.. After studies and analysis, we concluded that the second-degree polynomial model of the salinity index (SI-KHAN) is the most efficient one for detecting and mapping soil salinity in the Tafilalet oasis, with a coefficient of determination (R2) and the Nash–Sutcliffe efficiency (NSE) equal to 0.93 and 0.86, respectively. Percent bias (PBIAS) calculated for this model equal was 1.868% < 10%, and the low value of the root mean square error (RMSE) confirms its very good performance. The drought cyclicity led to the intensification of the soil salinization process and accelerated soil degradation. The standardized precipitation anomaly index (SPAI) is strongly correlated to soil salinity. The hydroclimate condition is the factor that further controls this phenomenon. An increase in salinized surfaces is observed during the periods of 1984–1996 and 2000–2005, which cover a surface of 11.50 and 24.20 km2, respectively, while a decrease of about 50% is observed during the periods of 1996–2000 and 2005–2018.
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1. Introduction


Agriculture remains the main economic activity in Tafilalet (90%), for a population of around 600,000 inhabitants, 71% of whom are rural, according to the Regional Office of Agricultural Development of Tafilalet (ORMVA/TF). This requires the protection of soil resources from all the phenomena that threaten it to ensure economic, social, and environmental stability in the Tafilalet plain. In order to do this, a diagnosis of changes in the natural environment (namely, the condition of the soil, plant cover and water surfaces, etc.) is needed. Soil salinity is a limiting factor in agricultural production in the world in general and in Morocco specifically. However, climatic risks are not the only phenomena responsible for the weakness of agricultural production, but they are associated with the risks of salinization and silting up of the soils. The most threatened areas are those under arid to semi-arid climates, which are characterized by a high degree of water stress. Morocco is an example with more than 5% of the soils that are already affected by salinization to different degrees [1]. Soils salinization is characterized by its evolution in both time and space. Given its extent, the use of traditional methods (laboratory analysis, field) to monitor soil salinity is insufficient and unsuited to catch the fast evolution of this phenomenon. This leads us to think about exploring other, faster, less expensive, and fairly reliable methods of investigation. The Erfoud–Errissani Oasis is a very delicate ecosystem given its geographical position classified in a desert area controlled by: low precipitation, high evaporation values, and silting up. In this region, soil salinization threatens food and water security and the stability of biodiversity [2,3,4,5,6].



Salinization is the process of enriching the soil with soluble salts, which results in the formation of saline soil. Furthermore, it can be defined as a process of accumulation of soluble salts. According to [7,8], soil salinization is the process of accumulation of salts on the soil surface and in the root zone, which causes harmful effects on plants and soils. This leads to a reduction of yields and impacts soil fertility (sterilization of the soil). Salinization generally occurs when the amount of water lost from the soil through evapotranspiration exceeds the infiltration rate. Salinization results in an increase in osmotic pressure, which makes the water more difficult to mobilize by plants, the toxicity of certain ions for plants (Cl−, Na+, etc.), and soil degradation (changes in structural state, reduction of hydraulic conductivity, etc.). Climate change is a catalyst for the salinization processes, which are originally linked to agricultural practices, the dissolution of facies crossed by water, the conditions of permeability and drainage, the quality of irrigation water and the nature of crops, the quality and nature of soils, and topography [9,10,11,12,13]. In different climates and geographical contexts, this phenomenon manifests itself on vast spatio-temporal scales and intensifies in periods of water stress, which is characterized by high values of temperature and evaporation and also a rarity or even absence of precipitation, thus generating a concentration of salts on the soils [14,15]. According to previous studies [16,17], soil salinity affects about 40 to 45% of the world’s land and causes massive economic losses. The monitoring of soil salinization is a necessity for the authorities to produce knowledge on the state of the soil at all times. Traditional methods such as the measurement of the electrical conductivity of saturated soil pulp [18,19,20] and require sampling missions, preparation, treatment, and analysis in the laboratory, which is costly in resources and in time. Hence, remote sensing and processing satellite images show as promising tools for monitoring soil conditions over large areas and over long periods. Over the past decades, the field of remote sensing and the GIS (geographic information system) has evolved considerably and provides an opportunity to map the spatio-temporal evolution of soil salinity as well as the extraction of instantaneous information on large perimeters [18,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42].



In this work, we aim to explore the potential of satellite imagery to detect the spatio-temporal variation of soil salinity in the Tafilalet plain. This is investigated over a period of 34 years using spectral indices, regression models, and a time series of 19 satellite images from four sensors: Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), Operational Land Imager (OLI), and Multispectral Instrument (MSI). Soil salinity is mainly controlled by the cyclicity of droughts in desert regions such as the Tafilalet plain; in this sense, the precipitation data over a period of 36 years (1983–2019) are used to calculate SPAI (Standardized precipitation anomaly index) [43], which will allow us to assess the impact of water stress on the soil salinization phenomenon. Following the multi-sensor data preprocessing and validation steps, maps of the spatio-temporal variation in soil salinity are derived using linear, logarithmic, and polynomial degree two and four regression models. The present study will certainly allow us to deepen our understanding of the occupation and the spatio-temporal variability of soil salinity in a desert environment, as well as the understanding of the impact of water stress on this phenomenon. It will also make it possible to provide relevant information to the authorities concerned on the state of the soils in this vast oasis.




2. Materials and Methods


2.1. Study Area


The Tafilalet plain is located in the Errachidia region (southeast of Morocco, Figure 1). It covers an area of 421 km2, limited between latitudes 31°10′ and 31°30′ north and between longitudes 4°10′ and 4 °21′ west. Hydrologically, the study area includes 2 large watersheds: the Ziz and the Gheris, supplied respectively by Ziz and Gheris Rivers, oriented in the north–south directions. These basins are limited to the north by the High Atlas Mountain, to the south and east by Algeria, and to the west by the Maider watershed. At the municipal level, there are 7 municipalities in two circles: Erfoud and Errissani, 5 of them are rural, and 2 are urban. The prevailing climate in the region is arid to semi-desert climate according to the Koppen classification. This region is known by a strong continental influence and is marked by variable altitudes from 800 to 1200 m, which decrease from north to south. It is characterized by strong variations of temperature and seasonal distribution of rains, which are scarce and very irregular, going from 270 mm on the reliefs of the High Atlas to 130 mm in the Errachidia area to drop to less than 70 mm at the level of the Tafilalet plain. The rainfall is controlled by the geographical position, the presence of the Atlas barrier culminating at altitudes above 3200 m, and by the intrusion of hot winds of Saharan origin, but also by climate change [44,45,46,47,48,49]. The temperatures generally show significant seasonal variations with a very hot summer, and a very cold winter, the opening of the plain on the Saharan domain to the south and the east allows summer temperatures sometimes to reach daily maximums of 50 °C, which explains the intense values of the evapotranspiration, that reaches a total of approximately 1159 mm/year.



Apart from cultivated soils of alluvial origin, the soils of the Tafilalet plain are of the little developed class because of the climatic factor, which has hampered their development. These soils are subject to intense wind and water erosion, which is due, above all, to the lack of plant cover capable of providing effective protection against erosion. According to [50], several classes of soils are found in the north of the province and in mountain areas. These are mainly calcimagnesic soils, comprising brown calcareous soils on limestone or shale substrate and calcareous xerorankers on shale. In the south, there are rough mineral soils, little evolved soils, and salsodic soils [50,51].




2.2. Field Measurement of Soil and Analysis


The soil samples were collected during a field survey, which lasted 8 days (from 15 to 22 May 2018) and carried out in the Tafilalet plain. The sampling points are distributed in such a way as to cover the entire study area so that the results are representative of the whole area; the choice of this mesh is also made to represent the different soils types of the region which are generally homogeneous and slightly different. The terrain is also very rugged and difficult to access, which imposes very limited sampling. The 25 samples were taken from the first soil horizon at a constant depth of 0.20 m using an agronomic auger (Hand Auger; AK, USA); the soils sampled are mostly Fluvisols, genetically young soils deposited by the Ziz and Ghéris wadis during floods, and Durisols, typical of arid and semi-arid environments and containing secondary silica. The samples were placed in sealable plastic bags and numbered with GPS (Garmin GPSMAP 64S, USA) coordinates. Electrical conductivity (EC1:5) is directly proportional to the salt content of soil, and the 1/5 extract gives a rough idea of the electrical conductivity (EC1:5) value. In order to prepare the 1/5 extract, 5 g of the sieved 2 mm soil cleaned of residues and roots are weighed, 25 mL of distilled water are added, stirred for one hour to mobilize the ions, and finally, the electrical conductivity is measured with a conductivity meter (PCE-CM 41; France).




2.3. Images Data and Processing


The satellite images (Table 1) used in the work were acquired using equipment that captures information in the form of signals recorded from the Landsat (4–5, 7, and 8) and Sentinel 2 satellites in the range of 10 to 60 m. The images are freely downloaded from the United States Geological Survey (USGS) Earth Explorer and the Copernicus Open Access Hub of European Space Agency Signature (ESA). The acquisition is controlled firstly by the availability of images at the sites, by the state of the atmosphere, namely the release of dust and clouds, which makes viewing and interpreting the image sometimes difficult. The choice of the time interval between 1984 and 2018 aims to visualize the climatic effect such as drought periods and agricultural programs on soil salinization. The images undergo atmospheric and radiometric corrections using the ENVI 5.3 software. For the mapping of soil salinity, 16 different indices as the most used and cited in the bibliography (Table 2), which give good results and which seem useful for the adapted ones on our study area, are applied. The images processing is carried out by ArcGis 10.3 and the R programming language software.
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Table 1. Characteristics of Landsat and sentinel images used in the present study.






Table 1. Characteristics of Landsat and sentinel images used in the present study.





	
Satellites

	
Sensors

	
Average Altitude

	
Swath

	
Acquisition Date

	
Spatial Resolution






	
Landsat 4/5

	
TM

	
705 km

	
185 km

	
10 July 1984

	
30 m




	
9 June 1990




	
24 May 1996




	
30 March 2005




	
4 September 2010




	
Landsat 7

	
ETM+

	
705 km

	
185 km

	
13 August 1999

	
30 m




	
27 May 2000




	
Landsat 8

	
OLI

	
705 Km

	
185 km

	
7 March 2014

	
30 m

15 m for the panchromatic




	
19 April 2018




	
Sentinel 2

	
MSI

	
786 km

	
290 km

	
26 November 2015

	
10, 20 and30




	
24 May 2016




	
13 July 2016




	
20 November 2016




	
29 May 2017




	
13 July 2017




	
20 November 2017




	
14 May 2018




	
8 July 2018




	
10 November 2018
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Table 2. Formula of the used and tested indices to analyze soil salinity.
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	Index
	Abbreviation
	Formulas
	Satellite/Sensor
	Context
	References





	Salinity index
	SI-KHAN
	(B1 ∗ B3)0.5
	IRS-1B LISS-II
	desertic
	[52]



	Normalized Salinity Index
	NDSI_KHAN1
	(B3 − B4)/(B3 + B4)
	IRS-1B LISS-II
	desertic
	[52]



	Brightness Index
	BI
	(B3 + B4)0.5
	IRS-1B LISS-II
	desertic
	[52]



	Normalized Difference Salinity Index
	NDSI_KHAN2
	(B2 − B3)/(B2+B3)
	IRS-1B LISS-II
	desertic
	[52]



	Normalized Difference Salinity Index
	NDSI
	(B4 − B5)/(B4 + B5)
	ASTER
	semi-arid
	[14]



	visible infrared salinity index
	SIvir
	2 ∗ V − (R + PIR)
	ASTER
	arid
	[53]



	Salinity index 4
	SI
	(B12 + B22)0.5
	SPOT2
	Semi-arid
	[54]



	Salinity index 1
	SI-1
	(B4/B5)
	Landsat 5- TM
	Semi-arid
	[55]



	Salinity index 2
	SI-2
	(B7 − B4)/(B7 + B4)
	Landsat 5- TM
	Semi-arid
	[55]



	Soil salinity and sodicity index 1
	SSSI-1
	(B5 − B6)
	EO-1 ALI
	Semi-arid
	[56]



	Soil salinity and sodicity index 2
	SSSI-2
	(B5 ∗ B6 − B6 ∗ B6)/B5
	EO-1 ALI
	Semi-arid
	[56]



	Salinity index
	S1
	(B1/B3)
	IRS-1B LISS-II
	desertic
	[57]



	Salinity index
	S2
	(B1 − B3)/(B1 + B3)
	IRS-1B LISS-II
	desertic
	[57]



	Vegetation index and soil salinity
	VSSI
	2 ∗ B2 − 5(B3 + B4)
	Landsat TM
	temperate
	[58]



	Salinity index
	SI
	(B3 ∗ B4)0.5
	Landsat TM
	temperate
	[58]



	Salinity ration
	SR
	(B3 − B4)/(B2 + B4)
	Landsat TM
	temperate
	[58]









2.4. Model Construction and Evaluation


The 25 soil samples were collected to occupy the entire study area, the linear (ML), logarithmic (Mlog), polynomial D2 (MP2) and polynomial D4 (MP4) model were used to build a predictive relationship between the measured and the predicted electrical conductivity of the soil [59,60,61,62]: The associated formulas are as follow:


Y = a + b ∗ X,



(1)






Y = a + b ∗ ln (X),



(2)






Y = β0 + β1X + β22 +… + βhXh,



(3)




where:




	1.

	
Linear model




	2.

	
Logarithmic model




	3.

	
Polynomial model, where (h) is called the degree of the polynomial (in our case, we have used h = 2 “quadratic” and h = 4 “quartic”).




	(a)

	
The ordinate of the point of intersection of the line with the vertical axis in X = 0




	(b)

	
The slope of the line, which passes through the cloud of points.




	(Y)

	
The predicted electrical conductivity.




	(X)

	
The measured electrical conductivity.















The coefficient of determination (R2), root mean square error (RMSE), Nash–Sutcliffe efficiency (NSE), and percent bias (PBIAS) were calculated to evaluate the performance of each model. The associated formulas are as follow [59,60,61,62]:


   R 2  =    (      ∑   i = 1  N   (   O i  − Ō  )   (   P i  −     P ¯      )        ∑   i = 1  N     (   O i  − Ō  )   2    ∑   i = 1  N     (   P i  −     P ¯      )   2       )   2  ,  



(4)






  NSE = 1 −     ∑   i = 1  N     (   O i  −  P i   )   2      ∑   i = 1  N     (   O i  − Ō  )   2    ,  



(5)






  RMSE =       ∑   i = 1  N     (   O i  −  P i   )   2   N    ,  



(6)






  P B I A S =     ∑   i = 1  n  (  O i  −  P i  ) ∗ 100     ∑   i = 1  n   O i     



(7)




where:



N is the number of data samples; Pi and Oi are the predicted and observed values, and        P ¯          and  Ō  are their means, respectively. The RMSE is independent of the units, and the smaller the RMSE value, the more accurate. The more R2 and NSE close to one, the more efficient the model is. The optimal value of PBIAS is 0.0, which indicates that the model is performing well, for positive PBIAS indicates model underestimation bias, and vice versa for negative PBIAS values.



The standardized precipitation anomaly index SPAI (Equation (8)) is used to explain and validate the variation in soil salinity in the Tafilalet plain. The SPAI was developed by McKee et al. [43]. It is a statistical indicator used for the characterization of local or regional droughts. Based on a long-term precipitation history, the SPAI makes it possible to quantify the difference in precipitation for a period, deficit or surplus, compared to the historical average precipitation for the period. Long-term monthly rainfall data (1983–2019) were collected from the regional office for agricultural development of Tafilalet.


  S P A I =   P i − P m  S  ,  



(8)




where:



Pi: the monthly rainfall of year i; Pm: the average rainfall of the series on the considered time scale; S: the standard deviation of rainfall calculated from the whole time series. In our case, the temporal series of precipitations is spread over a period of 36 years from 1983 to 2019.





3. Results and Discussion


3.1. Salinity Model Validation: Visual and Statistical Analysis


In order to understand if the applied models are relevant and reliable to accurately predict soil salinity classes in this desert landscape, a validation procedure was carried out to examine its ability to predict results against ground truth. In order to achieve this step, the analysis and validation of the map derived from soil salinity were performed visually with reference to field observations and auxiliary data.



Figure 2 corresponds to the presentation of the linear correlation between the values of the indices, which represent the soil salinity estimated by each index used in this work, and the values of the real salinity resulting from the measurements of the electrical conductivity (EC1:5) in the laboratory. The p-values and the correlation coefficient (R) brought out the most appropriate indices for monitoring soil salinity by remote sensing in this environment with a high water stress index. The linear model application is presented in Figure 2, and the statistical results are also shown in the graphs to show how the spatial variation of soil salinity can be predicted by applying the linear regression model. SI-KHAN, VSSI, BI, S3, and SI-DEHNI indices were highly significant in predicting the spatial variation of soil salinity, as they met all of the model selection criteria such as low p-value and high R (Figure 2), which reflects the reliability of these indices in detecting soils affected by the phenomenon of salinization. The maps (Figure 3) show the result of applying all the indices on the reference scene after normalization (Equation (9)).


  N V =   X − min  ( X )    max  ( X )  − min  ( X )    ,  



(9)




where:



NV is the normalized value of the index; X is the proper value of each index at a given point.



The detection of soils salinity, in this area classified under water stress, and which suffers from a multitude of environmental problems, such as silting up and the scarcity of water resources, or even zero except for contributions from Hassan Addakhil dam. It is a priority to correct and prevent the definitive destruction of the structure and texture of the soils in the Tafilalet Oasis, which consequently disrupts the socio-economic stability of the population in the Tafilalet area.



The development of a regression model between the soil salinity predicted by the spectral indices and the measured one is not easy given the confusion between the different entities detected. The suggestion of a more efficient model will make it possible to estimate the values of the electrical conductivity (salinity) precisely from the indices values. The indices accepted by the linear model and which have correlation coefficients between 0.68 and 0.89 and p-values between 2.6 (10−4) and 5.4 (10−9) are the object of the logarithmic application, the polynomial D2 and the polynomial D4 models to increase the precision and performance of the soil salinity estimation techniques (Figure 4). The application of the models for each index, as shown in Figure 4, gives an idea of the reliability of the models that compare the deviation between the estimated and observed values. The more the deviation and the smaller, the more reliable the model. Except for VSSI, all the indices are positively correlated with the ground measurements. This difference is presented by the line between the values observed in each sample (black dots) and the estimated values obtained by the model (red dots).



The representation of the models in the form of maps (Figure 5) helps to visualize the interval of variation of the electrical conductivities (EC1:5) values (salinity) instead of the indices intervals. Saline lands are generally observed in the southern and western parts of the study area.



From the obtained statistical results (Table 3) and the correlation between the soil salinity estimated on the reference scene and the salinity observed in the field, the polynomial model D2 of SI-KHAN index [52] is more suited to our study context. The performance of this model is very good, validated by the low value of RMSE and PBIAS, which is equal to 1.868% (<10%). Equation (10) linked to this model will allow better discrimination and mapping saline lands by its application to the entire time series of satellite images acquired for the study interval.


    EC  1 : 5   ( Predicted )   =   8038.211   +    [   (   (  − 2.248254   ×     10  2   )    ×   S  I  K H A N    )    +    (  1.697257   ×      (  S  I  K H A N    )   2   )   ]  ,    With   S  I  K H A N   =   B 1 × B 3     



(10)








3.2. Spatio-Temporal Change Trend Analysis of Soil Salinity Correlated with Drought Index


The salinity of the soils in the Tafilalet plain is a hazard that threatens the development of vegetation, in particular date palms. In addition, salinity affects the living organisms in the soil, where soil renewal is a very slow process, which requires monitoring to prevent its degradation. Table 4 shows the spatio-temporal variation of salinity and the rate of change over a 34-year period. The salinity of soils is controlled by two major factors, natural and anthropogenic, which contains several sub-factors; this makes it a complex problem. The first factors include the nature and soil types, topography, precipitation, temperature, soil permeability, depth of the water table in relation to the soil, the shape of the watershed, and the speed of the wind. For the anthropogenic factors which control the salinity, we cite the nature of the cultures, the system adopted in the irrigation, the nature of the water exploited in the irrigation, the type of fertilizers, and the direct or indirect polluting discharges.



The area treated in this work is classified under hyper-arid climate [49], which is characterized by low precipitation and high temperature that contribute to anthropogenic activities to catalyze soil salinization. The standardized precipitation index, which is a meteorological indicator of drought applied to a time series of precipitation from 1983 to 2019, shows that the plain has experienced several periods of drought, including the famous one in 1984 (Table 4).



Table 4 shows the results of applying polynomial model D2 of the salinity index on a series of satellite images as well as the SPAI values, which define the drought intensity for each period. The variation of the SPAI is negatively correlated with the variation of saline land surfaces with a correlation coefficient equal to −0.65, which is acceptable given the existence of other factors which control the soil salinization phenomenon. The availability of precipitation plays a primordial role in controlling the soil’s chemical composition for periods of excess water circulation in the soils, leading to their leaching and consequently the reduction of soil mineralization through infiltration processes and leading towards that for deficit periods.



The spatio-temporal distribution of saline soils (Figure 6) in the Tafilalet plain is very variable. The monthly variations are more important than the annual ones. In 1984, the saline surface was estimated at 36.02 km2, which is the maximum value of the time series. This is explained by the severe regional drought recorded in the same period. The return of favorable climatic conditions such as precipitation generates a fall in saline surfaces between 1990 and 2000 estimated at 1.52 km2 via the leaching of soils by the influx of meteoric water. From the year 2000 until 2010, the impact of drought is observed by the increase in soils affected by the phenomenon of salinization with an estimated area of 2.24 km2. The salinity intensity is low compared to that of 1984, given the difference in drought intensities recorded in these two periods.



From 2010 to 2015, the surfaces occupied by salinity remained more or less unchanged, this is explained by the stability of the drought index and by the Green Morocco strategy launched in 2013, which changed the way lands were used in agriculture and the use of irrigation water in the Tafilalet plain. Beyond 2015, the temporal resolution is increased to detect the effect of seasonality on soil salinity. We observe sudden changes from one month to another, November is a month where soils salinity is regulated, and the plain receives precipitation in the form of thunderstorms, which leaches the accumulated excess of mineralization along the months of the year. The saline soils in the plain, as shown in Table 4, have a general tendency to decrease’ the decrease is estimated by 17.02 km2 between 1984 and 11 October 2018, the values occupied in the eighties and nineties are higher compared to other years of study (Figure 6). The increased surfaces go from 1984 (36.02 km2) until 1996 (30.17 km2), registering an estimated change rate of −5.85 km2. In 2005 and 2014, two peaks were observed reflecting the increase in saline surfaces, which respectively represent 32.32 and 35.67 km2. From 19 April 2018 until 11 October 2018, the decrease is quite remarkable, going from 25.22 km2 to 19 km2.



The spatial distribution of salinity varies from year to year. Maps represented in Figure 6 show that the most affected places by salinity are in the non-vegetated part of the plain. The vegetation cover ensures a humid microclimate at the level of the superficial part of the soils, which decreases the intensity of evaporation and consequently the reduction of soils salinity. Over the vegetated area, crops performed as a soil protector (shadow), where the portion of the exposed area into the net radiation is small, which decreases evaporation and lowers the concentration of salinity.





4. Conclusions


The present study focuses on the detection mapping of saline lands in the Tafilalet plain (Morocco) and on the evaluation of the drought cyclicity impact on soil salinity dynamics and its spatio-temporal trend over a period of 34 years (1984–2018). Based on a time series of Landsat (TM, ETM+, and OLI) and sentinel 2 (MSI) satellite images, as well as rainfall data archived over 35 years and in situ measurements, this study made it possible to detect and maps soil salinity in Africa’s largest oasis. We have concluded that the second-degree polynomial model of salinity index (SI-KHAN) is the most efficient in detecting and mapping soil salinity in our context, with a coefficient of determination (R2) and the Nash–Sutcliffe Efficiency (NSE) equal to 0.93 and 0.86 respectively. Percent bias (PBIAS) calculated for this model is equal to 1.868% < 10%, and the low value of the root mean square error (RMSE) confirms its very good performance compared to the 16 indices tested. Water stress is a factor that leads to the intensification of the land salinization process in the Tafilalet plain, as shown by the standardized precipitation anomaly index (SPAI), which is strongly correlated with soil salinity.



The spatio-temporal distribution of soil salinity in the Tafilalet plain is highly variable and negatively correlated with the standardized precipitation anomaly index (r2 = −0.65). Deficit periods lead to an accumulation of mineralization in soils favored by the high values of evapotranspiration governing the desert domain and vice versa for excess periods, which favors the infiltration of salts in the soil. Saline soils occupied an estimated area of 36.02 km2 during the famous national drought of 1984. The fall of saline surfaces is observed between 1990 and 2000, thus reflecting favorable climatic conditions, such as the contributions of meteoric waters that wash the soils. The drought impact is also recorded during the period 2000–2010 with less intensity than that of 1984. From 2010 to 2015, the areas occupied by salinity remained more or less unchanged. This is explained by the stability of the drought index and by the Green Morocco strategy launched in 2013. Beyond 2015, the effect of seasonality on soil salinity is observed in the abrupt changes in soil salinity from month to month. The month of November is the regulating month of the salinity of the soils because, in this period, the plain receives precipitation in the form of thunderstorms that leach excess mineralization accumulated throughout the months of the year. However, this study gives an idea of the state of soils with respect to salinity and allows us to map saline soils via remote sensing techniques. The soils in the plain of Tafilalet are very sensitive because of the climate that reigns the region. The protection of soils leads to the protection of agriculture and consequently the economy of the region.
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Figure 1. Map showing the study area and sampling point’s locations. 
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Figure 2. Scatter plots of indices values vs. measured EC1:5 (µS/cm) using linear regression models. 
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Figure 3. Spatial variability of the different normalized salinity indices. 
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Figure 4. Scatter plots of indices values vs. EC1:5 measured by different models (µS/cm), showing the difference between values observed (black dots) in the field and values estimated (red dots) by the model. 
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Figure 5. Spatial distribution of soil salinity values by different indices and models (the unit is microsiemens per centimeter [µS/cm]). 
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Figure 6. Maps of spatio-temporal variability of soils salinity from 10 July 1984 to 10 November 2018. 
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Table 3. Statistical results of the evaluation of models performance (R2 in Blue color, NSE in Green color and RMSE (µS/cm) in black color, ML: Linear Model, Mlog: Logarithmic Model, MP: Polynomial Model).
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	SI-KHAN
	VSSI
	S3
	BI
	SI-DEHNI





	ML
	0.794 

0.891

1363.160
	0.623

0.789

1613.641
	0.461 

0.679

3849.202
	0.585 

0.765

1698.066
	0.634 

0.796

1586.838



	Mlog
	0.847

0.920

1108.005
	0.789

0.888

1191.479
	0.626 

0.791

4012.786
	0.777 

0.882

1228.093
	0.781 

0.884

1216.199



	MP2
	0.857 

0.926

1119.833
	0.813 

0.901

1132.108
	0.682 

0.826

4066.773
	0.806 

0.898

1152.354
	0.809 

0.899

1143.353



	MP4
	0.746 

0.864

1519.815
	0.525

0.725

1827.096
	0.380 

0.616

3766.247
	0.538 

0.733

1800.108
	0.542 

0.736

1791.024
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Table 4. Variation of saline lands in correlation with the drought index over a time series of 34 years (green color: decrease, red color: increase, yellow color: unchanged).
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Time

	
Area (km2)

	
Dynamics of Change

	
%/Total Area

	
SPAI

	
Drought Intensity






	
10 July 1984

	
36.02

	

	
8.56

	
−0.99

	
severely dry




	
9 June 1990

	
34.06

	
−1.96

	
8.09

	
−0.96




	
24 May 1996

	
30.17

	
−3.89

	
7.17

	
−0.13

	
moderately dry




	
13 August 1999

	
26.15

	
−4.02

	
6.21

	
−0.02




	
27 May 2000

	
32.54

	
6.39

	
7.73

	
−0.37




	
30 March 2005

	
32.32

	
−0.22

	
7.68

	
−0.13




	
4 September 2010

	
34.78

	
2.46

	
8.26

	
−0.55




	
7 March 2014

	
35.67

	
0.89

	
8.47

	
−0.63




	
26 November 2015

	
36.07

	
0.40

	
8.57

	
−0.64




	
24 May 2016

	
32.01

	
−4.06

	
7.60

	
−0.15




	
13 July 2016

	
34.43

	
2.42

	
8.18

	
−0.85




	
20 November 2016

	
15.35

	
−19.08

	
3.65

	
1.86

	
very wet




	
29 May 2017

	
26.04

	
10.69

	
6.18

	
−0.65

	
moderately dry




	
13 July 2017

	
27.23

	
1.20

	
6.47

	
−1.01

	
severely dry




	
20 November 2017

	
20.37

	
−6.86

	
4.84

	
−0.70

	
moderately dry




	
19 April 2018

	
25.22

	
4.85

	
5.99

	
1.59

	
very wet




	
14 May 2018

	
28.19

	
2.98

	
6.70

	
1.52




	
8 July 2018

	
35.55

	
7.36

	
8.44

	
−0.82

	
moderately dry




	
10 November 2018

	
19.00

	
−16.55

	
4.51

	
0.94
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