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Abstract

:

Soil salinization and its detrimental agricultural, environmental, and socioeconomic impact over extended regions represent a major global concern that needs to be addressed. The sustainability of agricultural lands and the development of proper mitigation strategies require effective monitoring and mapping of the saline areas of the world. Therefore, robust modeling techniques and efficient sensors that assess and monitor the spatial and temporal variations in soil salinity within an area, promptly and accurately, are essential. The aim of this paper is to provide a comprehensive and up-to-date review of the modeling approaches for the assessment and mapping of saline soils using data collected by the EM38 and EM38MK2 (MK2) sensors at different scales. By examining the current and latest approaches and highlighting the most noteworthy considerations related to their accuracy and reliability, the intention of this review is to elucidate and underline the role of the EM38 and the MK2 type in the recent needs of detecting and interpreting soil salinity. Another aim is to assist researchers and users in selecting the optimal approach for future surveys and making well-informed decisions for the implementation of precise management practices. The study’s findings revealed that the integration of the EM38 and MK2 sensors with remote sensing data and advanced methods like machine learning and inversion is a promising approach to the accurate prediction and mapping of the spatiotemporal variations in soil salinity. Therefore, future research focused on validating and expanding such sophisticated modeling applications to regional and global scales should be increased.
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1. Introduction


Soil salinization has been considered one of the most challenging global threats, affecting large cultivated and irrigated areas all over the world. Its detrimental impacts on environmental quality, agricultural productivity, and socioeconomic stability are about to become even more pronounced in the coming years due to climate change [1]. The extent of soil salinity along with the frequency of floods and duration of droughts, as a consequence of climate change, are expected to be more intense and exacerbated in the arid and semi-arid regions where the sustainability of natural resources is imperative [2]. Considering the increasing demands for global food supplies and arable land, these effects necessitate urgent control and mitigation. For this purpose, regular and accurate monitoring of soil salinity distribution and its spatial variations across multiple scales is crucial for preventing soil salinization hazards and preserving the long-term sustainability of agricultural and environmental systems.



Successful monitoring of soil salinization requires rigorous modeling techniques and advanced tools to reliably assess the soil salinity levels and interpret its severity in different areas of the world. Recently, satellite remote sensing technology has been widely applied as an effective tool for identifying and mapping the soil salinity of large-scale areas [3]. However, the sensors are incapable of detecting the subsurface distribution of the soluble salts and the highly spatial heterogeneities in the soil profile [4]. Thus, their implementation is usually combined with other sensors or data for more accurate results [5].



On the other hand, proximal sensing (PSS) technology with ground-based, electromagnetic induction (EMI) sensors can quantify and characterize the spatial patterns of soil salinity within the soil profile by measuring the soil’s apparent electrical conductivity (ECa). Besides the popular EM38 sensor, a variety of commercial EMI devices have also been developed, enabling the investigation of the solute’s variability at different soil layers and allowing soil salinity mapping, particularly on the field scale [6].



Despite the accessibility of improved proximal sensing devices such as the EM38MK2 (MK2), an upgraded type of EM38, and the range of studies that evaluate various EMI data conversion techniques for the soil salinity assessment [7,8,9,10], the choice of the most suitable approach for each survey is still a challenging task. The uncertainties that emerge with their application depend on a number of site-specific environmental factors, including the complex interactions of soil properties that affect the ECa and distinct data processing requirements, which can significantly impact the credibility of the results. Furthermore, while the technical guidelines and considerations regarding the employment of EM38 in soil salinization surveying have been well documented by existing reviews and scientific publications [11,12,13], a concise compilation of the currently available approaches that convert ECa measurements by the EM38- and the MK2-type sensors into soil salinity as expressed in ECe has not yet been attempted.



In this respect, the objective of this paper is to provide a comprehensive and up-to-date review of the modeling approaches for monitoring and mapping the saline soils using the EM38 and the MK2 sensors. Through an examination of the approaches and techniques that have been applied for ECe assessment and mapping using the obtained ECa measurements, the aim of this review is to foster a deeper understanding of the sensor’s efficiency in the recent and constantly rising demands of detection and monitoring soil salinity.



Specifically, in the following sections:




	
The fundamental principles underlying the EM38 and MK2 probes are described, offering thorough insight into their operational mechanisms, capabilities, and constraints.



	
Subsequently, the modeling approaches that utilize the EM38 and the MK2 data, for the estimation, prediction, and interpretation of the ECe at different scales, are extensively discussed. The various models and methods that have been developed and convert the sensor’s ECa values into ECe are explored, highlighting the most noteworthy considerations regarding their accuracy and reliability.



	
Finally, the fusion of the EM38, MK2, and remote sensing data for monitoring and mapping the saline soils is overviewed and followed by a brief summary of conclusions and future directions.








By addressing these aspects, the aim of this review is to enrich the current field of soil salinization research and elaborate on the potential of EM38 and MK2 sensors in the future modeling and assessment of soil salinity and eventually in developing precise management practices that will prevent land degradation and protect resources.




2. Materials and Methods


With the aim of obtaining a comprehensive and up-to-date overview of the modeling approaches that utilize the EM38 and MK2 data, we adopted an in-depth research methodology. Initially, for the collection and the thorough examination of the literature related to our objective, an online search using academic databases and search engines was employed. These included Elsevier Scopus, ScienceDirect, MDPI, as well as Google Scholar. The research criteria and the keywords that were applied in the selected electronic resources were: (“EM38” OR “EM38MK2” OR “EMI”) AND (“salinity models” OR “soil salinity”) OR (“Remote Sensors” AND “soil salinity”). The types of publications scoped for our review were restricted to those written in English. This encompassed journal articles, research papers, review papers, book chapters, conference papers, theses, and technical notes related to the principles and characteristics of the EM38 and MK2 sensors.



From searching all the databases, we retrieved a total of more than 300 articles. In order to identify and acquire the most relevant literature from the gathered publications, we reviewed their titles and abstracts. After excluding duplicates and less relevant publications, the remaining articles were full-text reviewed. Ultimately, a total of 170 documents were selected, analyzed, and cited in the present study.




3. Results


3.1. Fundamental Principles and Considerations of the EM38 and MK2 Sensors


3.1.1. Basic Operational Features of EM38 and MK2 Sensors


The deployment of electromagnetic induction (EMI) instruments has been consolidated in agricultural science and soil surveying since the 1970s [14,15,16]. Owing to their low cost and their capability to detect the spatial variations in edaphic properties and heterogeneities within the field and at larger scales, in real time, and non-destructively [17,18], they have been studied and used for numerous environmental and geophysical applications [12].



Unlike other geophysical methods such as TDR and GPR, the quantification of soil salinity’s spatial variations by electrical resistivity (ER) and EMI devices has become a vital component of precision management implementations [11,19]. This is mainly amplified by the measurements of apparent electrical conductivity (ECa), which have been found to be correlated with soil salinity estimates and can be used as an indirect indicator for many soil properties [20]. Frequency domain reflectometry (FDR) technology, including WET sensors, has also been successful in the appraisal of soil salinity in the laboratory [21,22,23] and in situ [19,24] using ECa measurements. Nevertheless, the single utilization of these probes might be exacting and locally restricted since they have a substantially smaller measurement volume and are invasive, as their operation is based on contact with the soil and its sublayers [24].



Over the years, commercial EMI sensors, such as the DUALEM (Dualem Inc., Milton, ON, Canada), EM31, EM34 (Geonics Ltd., Mississauga, ON, Canada), and Profiler EMP-400 (Geophysical Survey Systems, Inc., Salem, NH, USA) have been investigated for the assessment of various soil properties, including soil salinity, and their performance has been documented [25,26,27].



The ground conductivity meter EM38 (Geonics Ltd., Mississauga, ON, Canada), introduced in 1980, was revolutionary in soil salinization surveys due to its light weight, portability, and the large volume of ECa measurements taken in various types of soils and fields, e.g., stony, which until then were difficult to acquire with electrode-based devices [28,29]. Thus, it quickly gained the attention of the agricultural community and became the most frequently applied tool for monitoring and mapping soil salinity [20]. The adaptation of EM38 can also be attributed to the fact that it was intentionally designed to support the assessment of near-surface variations in soil properties and specifically of soluble salts that affect crops within the rooting zone [30,31].



The EM8 sensor is constructed with two coils, one transmitter and one receiver coil, which are installed at the opposite ends of the instrument with a fixed spacing of 1 m, and it operates at a 14.6 kHz frequency. The orientation of the coils determines the cumulative depth response of the instrument associated with the ECa measurements. When located in the horizontal configuration (EMh), the device’s signal corresponds to a depth range of roughly up to 0.75 m, whereas in the vertical mode (EMv) the penetration depth is approximately up to 1.5 m. The depth range of the instrument sufficiently covers the root volume of most plants [32]. These depth-weighted responses of ECa, however, are theoretical measuring depths that rely on a non-linear function in homogeneous soils. As a result, the absolute depth values cannot be easily defined [33].



Since its release, the EM38 has undergone several modifications, updates, and technical improvements, including the addition of a GPS receiver, which allows for accurate georeferencing of the data, and the development of user-friendly software for data analysis and visualization. The dual-dipole EM38 DD sensor is an example of these modifications. This version consists of two EM38 units attached together and placed horizontally and vertically for recording simultaneous EMh and EMv measurements [34,35].



In 2008, the EM38MK2 (Geonics Ltd., Mississauga, ON, Canada) was launched as an updated version of the original EM38 instrument [30]. The MK2 type encompasses new attributes and enhancements regarding the depth range response, stability, and facilitations concerning the field survey and data acquisition. Compared to its predecessor, the MK2 has hardware and software that offer more automation in operation, easier processing, and better interpretation of the raw data. In particular, it can simultaneously measure both soil conductivity (Q/P) and magnetic susceptibility (I/P) within two discrete depth ranges. It entails temperature compensation circuitry, which reduces the occurring temperature drifts during the survey, and it supports automatic calibration without laborious adjustments. This can be achieved through a wireless Bluetooth data logger, which enables the collection of the data and the communication with the instrument conveniently from a relative distance. Alternatively, data recording can be performed through a serial port. The duration of field operations has also been enhanced with the addition of a power connector, which allows for the use of an external rechargeable battery [36]. Both instruments are presented in Figure 1.



Besides the technical advancements, the main fundamental difference between the two sensor types lies in the second receiver coil of the MK2, which corresponds to an additional depth range of measurements. The MK2 consists of one transmitter coil and two receiver coils that are positioned at two fixed distances of 1 m and 0.5 m from the transmitter coil, respectively. Hence, in the MK2, the effective depth range is determined by both the coil separation and the dipole modes of horizontal and vertical orientation. Consequently, with the new coil (0.5 m coil separation), measurements of ECa can be additionally taken at two distinct depths: at 0.375 m depth when the device is placed in horizontal mode (EMh) and at 0.75 m in the vertical mode (EMv) (Figure 2). This version allows users to detect and investigate variations in shallower layers, which may be optimal for precise agriculture practices [26,33]. Moreover, along with the rest of the depth ranges of the sensor, the profile of soil salinity distribution up to a 1.5 m depth can be promptly acquired and evaluated.



The relative differences, advantages, and applicability of the EM38 and MK2 sensors over various geophysical instruments in mapping of soil properties have been discussed in a few studies [12,26,39,40]. Gebbers et al. [26], by comparing a variety of EMI and other technology devices (ARP03, CM-138, EM38, EM38-DD, MK2, OhmMapper, Veris 3100), concluded that the main disadvantage of EM38, EM38-DD, and CM138 sensors is their sensitivity to deeper soil layers, which is irrelevant to the crop’s rootzone. On the other hand, MK2, ARP03, OhmMapper, and Veris3100 were found to be more effective in detecting shallower soil variations that are important for precision agriculture. Likewise, the EM31 and EM34 sensors, which have exploration depths of up to 6 and 60 m, respectively, may also be considered inappropriate for detecting the variability in shallower soil layers [12]. In a study conducted by Dooltitle et al. [39], the use of EM38 and the multifrequency device GEM 300 was investigated, revealing that both sensors provide reasonable estimates of soil salinity. Moreover, Urdanoz et al. [40], by comparing the EM38 and the DUALEM sensor, indicated that although EM38 tends to produce slightly higher horizontal ECa readings than the DUALEM, both sensors can be used interchangeably. Generally, the EMI sensors exhibit close similarities in their collected data, with the main differences attributed to the different operational modes and sensing depths [30].




3.1.2. Principles of the EM38 and MK2 Operation


The operation of the EM38 and MK2 instruments is based on the principles of EMI and has been established by McNeil [41,42]. Once the sensors are turned on and properly calibrated for recording ECa measurements, the transmitter coil sends, at a frequency of 14.6 kHz, an alternating electrical current to the soil, generating a primary magnetic field (Hp). When the primary field interacts with the subsurface, it induces electrical currents (eddy currents) that, in turn, produce secondary magnetic fields (Hs). These secondary fields interact with the receiver coils by inducing alternating currents in the coils. The sum of the amplitude and phase of the induced voltages from the primary and secondary fields is amplified in an output voltage, which is read by the user.



Accordingly, under low induction number (LIN) conditions, where Nb << 1 and assuming homogeneity in the depth profile, the apparent electrical conductivity, ECa, is sensed and expressed as the ratio of the primary (Hp) and the secondary magnetic fields (Hs) (Equation (1)), where f is the operating frequency (Hz), μο, the magnetic permeability of free space (4π10−7 H m−1), s is the intercoil spacing (m), and ω = 2πf [41].


  ECa =  4  2    π f μ   0   s 2         H s     H P       



(1)







Besides other factors, ECa readings by the EM38 and MK2 sensors for an investigated depth range are influenced by the orientation and coil spacing of the instruments. The relative ranging depths for the horizontal and vertical modes have been determined by McNeil [41] in homogeneous soils as non-linear functions that describe the relative contribution to the secondary magnetic fields in respect to normalized depth z.



Consequently, the depth-weighted response, which indicates the cumulative depth response R(z) of the sensors, is a non-linear function that represents the relative contributions of all soil electrical conductivities from a soil volume below a normalized depth z. The R(z) equations, based on the horizontal and vertical orientation and expressed as a percentage (%) of the measured signal, have been defined for 1 m (Equations (2) and (3)) and 0.5 m (Equations (4) and (5)) coil separation [33,41]:
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   R H   z  =     4        z  0.5        2  + 1     1 ∕ 2   − 2    z  0.5      



(5)




where z (m) is the depth and RH(z) and Rv(z) are the cumulative relative ECa for horizontal and vertical mode, respectively.



From the derived cumulative functions, the depth of investigation (DOI), which refers to the depth from which more than 70% of the signal response derives, can be determined for each sensor. Heil et al. [33] compared the two instruments and examined the effective depth responses for each orientation and coil distance. The coil spacing of 0.5 and the horizontal mode are generally influenced by near-surface variability, making them more suitable for shallower depths. Instead, the 1 m spacing coil and the vertical mode seem to have an increased sensitivity along with the depth. It is noteworthy that the EM38’s vertical response decreases drastically at depths above 90 cm, in contrast to MK2. Practically, the DOI of the sensors may vary under natural soil conditions due to existing heterogeneities and the interrelations of ECa with subsurface soil features that affect the signal.



In addition to the effective depth ranges when placed on the ground surface, both devices can be lifted at different heights above the soil surface to investigate interval depth variations and model the distribution of salt content in the soil layers [43,44,45]. Also, they are designed for handheld measurements or can be mounted on non-metallic sleds and attached to vehicles for mobile measurements. The mobile and real-time collection of ECa data by the EM38 and MK2 sensors is a simple process owing to their software and the direct connection to the GPS. Thus, they can be an ideal option for monitoring and mapping soil salinization at field scales [46,47,48].




3.1.3. Considerations in the EM38 and EMK2 Applications


One of the key factors in the employment of the EM38 and MK2 sensors is that on all occasions of soil salinity surveying, either at field or larger scales, site-specific calibration is required. Therefore, soil sampling for ground-truth data cannot be omitted [30].



Another important consideration when using these probes for the collection of ECa measurements is their susceptibility to metal and electrical interference, like fences and power lines. In comparison to other technologies, such as capacitance sensors, the presence of metallic objects in the study area can affect the signal, especially in the horizontal configuration [36]. Although the detection of metals may be beneficial for archaeological prospecting [49], for efficient soil salinity estimation and mapping, uniform, metal-free soils are a prerequisite. Furthermore, as the manufacturer recommends, in the automatic mode of ECa recording, more frequent calibrations might be needed to minimize any potential effects from the drifts on the accuracy [50]. The drifts by temperature are stronger in the original EM38 [20,33], while for the MK2, they are considered insignificant due to the internal enhancements. An exception might arise in the case of near-surface measurements with the 0.5 m spacing coil, where the effects from the drifts need to be managed [50].



Finally, one of the most concerning and constraining aspects of EM38’s utility for determining solute distribution within the soil is its application under dry moisture conditions or in fields where there is insufficient moisture through the penetration depths. Conducting ECa surveys in fields where soil water content levels are less than those of field capacity and reportedly under 50% [51] can lead to unreliable and biased results. Likewise, ECa measurements in shallow and moderately deep soils above bedrock should be avoided [30,52].





3.2. Modeling Approaches for the Assessment and Mapping of ECe Using the EM38 and MK2 Data


The conventional strategies for the assessment of soil salinity consist of soil sampling and laboratory estimation of the electrical conductivity of saturated paste extract, ECe, which is the standard method. These laborious, costly, and time-consuming methods tend to be impractical for fields and large-scale areas since they are point-based and cannot provide a sufficient number of measurements for extended monitoring [30,53]. The non-invasive, cost-effective, and rapid measurements of ECa by the EM38 and the latest MK2 have become one of the most widely accepted and reliable alternatives for determining the spatiotemporal variation in soil salinity in arid and semi-arid regions [54]. In practice, the main benefit of these EMI instruments is that they allow quick and large numbers of georeferenced ECa measurements, which can be significantly correlated to the spatial variability of soil properties and especially soil salinity, providing information on the soil quality of the croplands [30,55,56]. In addition, the obtained data can be efficiently utilized to generate detailed maps of subsurface property spatial patterns and processes. These high-resolution maps enable the design of field and large-scale sustainable management decisions [10].



ECa is the weighted average of the vertical electrical conductivity distribution within the soil volume as depicted in a one-dimensional (1D) earth model [57]. It is influenced by various physical and chemical soil properties and their interrelations [19]. In this sense, factors such as soil moisture, soil salinity, texture, mineralogy, and temperature affect the EM38 signal and need to be considered when interpreting geospatial ECa measurements with respect to a particular property survey [51,58].



In salt-affected areas where ECa values are higher than 2 ds m−1, the spatial variability of solute concentration has been proven to be the dominant factor contributing to ECa, and the provided soil moisture is close to field capacity across the research district [30,59]. In this instance, EMI measurements can most likely be directly correlated with soil salinity mapping [48]. In non-saline soils and soils with relatively low conductivity levels, however, ECa is strongly related to a function of soil properties, which include soil water content, the amount and type of clay, cation exchange capacity (CEC), organic matter (OM), and soil temperature [20,60,61,62,63,64]. Among them, volumetric water content and clay proportion have been reported as the major factors affecting the values of ECa [61,62,63,65,66]. In most situations of ECa surveying, soil moisture and soil salinity are considered the most influential factors, whereas the effect of other factors, like soil temperature, is weaker. It is worth mentioning that the strength of the effect of each soil property on ECa varies depending on specific soil conditions.



The complex relationships between ECa and soil properties have been examined in numerous site-specific management studies and described by various models. The volumetric water content of the soil is the primary pathway for electric current flow [60,67], thus exhibiting a strong positive relationship with ECa. When water content drops below a threshold value, ECa decreases significantly and becomes negligible since the conductance path ceases to exist. Moreover, like soil salinity, water content is considered a dynamic property, meaning that after certain circumstances (e.g., rainfall, nonuniform irrigation applications), it can gradually change across the field and soil profile, complicating the interpretation of its effects on ECa [11]. Similarly, the high concentration of the dissolved salts in the soil solution leads to an increase in ECa readings [60,62]. In non-saline soils, the increase in soil moisture enhances the pathway for current to flow through the soil, resulting in higher values of ECa. The contribution of soil texture to the spatial patterns of ECa varies according to the particle sizes and the charge density of their surface area. ECa values tend to be higher in fine-textured and clay-rich soils due to their larger surface area, which allows them to absorb and retain more ions [62,68]. Conversely, in coarser-textured soils, ECa tends to decrease and exhibit larger variations. Soil texture can influence the water-holding capacity of the soil. Therefore, in uniform cropping systems, soils with high clay and water content are likely to lead to an increase in ECa [60,62]. In conditions with highly spatial texture variations, however, characterizing soil ECa variability becomes difficult [69]. In addition, temperature fluctuations during the survey have a substantial impact on field measurements. Due to the positive temperature dependency of ECa, which increases by almost 2% for every 1 °C temperature rise, ECa readings are recommended to be referenced at 25 °C using corresponding equations [41,64]. Finally, cation exchange capacity (CEC) and organic matter (OM) also show a positive correlation with ECa [62,70]. Overall, various soil properties and their influence on ECa are summarized in Table 1.



The depth-weighted average conductivity of ECa does not indicate the distribution of the actual salt concentration with depth in the soil profile but rather reflects the average cumulative response of the sensor, weighted according to respective soil depths [41,42]. Thus, a modeling approach to establish a relationship between ECa measurements and true salinity levels like ECe, or EC1:5, at various depths is necessary for the prediction and monitoring of soil salinization across different spatial and temporal scales. The conversion of the EM38 data for soil salinity analysis encompasses a variety of simple or more advanced statistical and mathematical procedures, integration with data and sources from other technologies, as well as spatial modeling techniques. Among these, the preferred modeling approach can be applied to estimate, predict, and map the soil salinity profile, leading to precise rootzone management and mitigation of salinization impacts.



Based on the land use, the size of the study area (e.g., plot [71], field [7], landscape [72], regional [10], urban greenery [73]), and the purpose of the salinity survey, several approaches applying the EM38 and MK2 sensors have been reported for assessing soil salinity in terms of ECe and displaying its spatiotemporal characteristics.



3.2.1. Deterministic and Stochastic Conversion of ECa


One of the initial considerations in the assessment of ECe using an EM38 sensor depends upon the conversion of ECa through a stochastic or deterministic approach [70,74,75].



ECe values can be deterministically predicted from the in situ ECa data using geophysical models that have been developed based on the laws of EMI response to saturated or unsaturated conditions [12,76]. In this non-geostatistical approach, ECa readings are converted into ECe through theoretically or empirically determined formulas that incorporate physicochemical soil characteristics estimated or measured within the study area [35]. Well-established models such as Archie’s 1942 model [77] and the dual pathway parallel conductance (DPPC) of Rhoades et al. [67,78] describe the ECa as a multiplicative function of soil parameters under different porous media and soil circumstances. These and other similar models [79] have been broadly examined for the detection and estimation of water and solute concentrations in the soil profile.



While deterministic models acknowledge the significance of the complex interactions between ECa and soil properties, their application in soil salinization monitoring is limited by their static nature. The requirement for precise information on additional soil properties such as soil water content or texture and the dynamic process of soil salinity, varying over space and time, makes this approach suitable mostly for local and short-term simulations [80,81].



An alternative method to overcome the challenges in interpreting the spatiotemporal variations in ECe with EM38 measurements is the stochastic or geostatistical approach [35]. This modeling technique relies on the correlation of ECa data with ECe for the direct prediction of soil salinity. This involves using soil sampling and geostatistical or spatial regression models. During the ECa survey, a number of soil samples are collected from the measurement points and analyzed to determine the corresponding ECe. The paired set of ECe and ECa values is then used to establish an ECe = f (ECa) relationship with the aid of regression and geostatistical analysis. Subsequently, this developed calibration equation is applied to predict the ECe values from the remaining non-sampled ECa measurements [7,82].



The site-specific calibration between ECe and the simultaneous EM38 or MK2 measurements, as a necessity for the accurate appraisal and mapping of soil salinity, has been the center of attention in numerous studies [7,8,83,84,85,86]. Over the past decades, the calibration of ECa data has been extensively explored and improved at field and local scales due to advancements in geostatistics and data processing tools. However, uncertainties in the generated maps of soil salinity still emerge from the employment of these techniques [87]. Furthermore, monitoring the spatial and temporal trends of soil salinity at a regional scale demands continuous data and calibration parameters from different fields, which may not always be available or easily accessible [88,89].



Geostatistical methods have been indispensable tools in soil salinity monitoring and mapping, as they are applied to model and predict the spatiotemporal variability in large salt-affected areas. Based on the spatial dependence and structure of the georeferenced variables, techniques like kriging and variogram modeling offer the advantage of predicting ECe values at unsampled locations [90], with relatively high accuracy [91]. They require dense soil sampling with approximately more than 50 sampling points to ensure reliable calibration with minimum errors [92]. Therefore, their application is not recommended for field surveys [91].



Spatially referenced regression models, on the other hand, have gained great recognition due to their simplicity and the reduced need for soil sampling [53]. They are regression equations with optional trend surface variables that assume an independent underlying error structure. This error is related to the variations between ECa and estimated ECe values. Despite their benefits, as regards their predictive efficacy, they cannot reach the same degree of accuracy as the geostatistical models [7,93]. Nonetheless, the regression modeling approach yields viable results in most cases of regional scales [94,95]; hence, it remains one of the most appealing and preferable calibration techniques.



These approaches are also adopted when applying ECa-directed soil sampling for soil salinity mapping [11,35,51]. According to this concept, when a correlation between measurements and soil salinity exists, geospatial ECa measurements can be used to construct a directed sampling plan for the selection of the optimal soil sampling sites. This method is accomplished either deterministically, through design-based sampling schemes, or stochastically with model-based sampling designs.



Based on ECa-directed soil sampling, in fields where salinity is not the dominant soil property influencing the EM38 measurements, the variations in ECa can act as a surrogate for identifying the site locations that depict an adequate range and variability of the soil salinity. The soil samples collected from these particular sites can then serve as ground-truth data for the accurate calibration of ECa to ECe. The calibration model, in turn, results in producing spatially reliable maps of soil salinity across multiple scales [48]. In saline soils with uniform texture and water content conditions, however, the ECa variation is mainly attributed to salt concentration; thus, it can be used as a soil salinity indicator.



The overall process of ECa-directed sampling for mapping the spatial distribution of soil salinity may be expedited by the available commercial software packages. The ECe Sampling Assessment and Prediction (ESAP) developed in USDA [96] is a conductivity modeling software, which based on a response-surface sampling design, may generate the minimum set of sampling points needed for the calibration of the EM38 measurements to ECe. Additionally, it embraces both deterministic and stochastic methods for the prediction of the spatial ECe values from the ECa survey data [71]. To date, several researchers have used the ESAP programs with EM38 readings as a tool to delineate and map ECe distribution at irrigated fields [71,97,98,99] and district scales [100]. Amezketa [71], using customized ESAP software and EM38 data, assessed and displayed the spatial patterns of soil salinity at an irrigated plot in Spain. The accuracy of the developed models for the multiple-depth ECe values ranged from R2 = 0.38 in the topsoil (0–30 cm) to R2 = 0.90 in the subsurface (30–60 cm). Also, based on the selected calibration models, the average ECe profile (0–90 cm) was mapped. Slimane et al. [100], after obtaining EM38 readings from a 240 ha region of Tunisia, imported the data into the ESAP to determine the appropriate soil sampling locations and to estimate and map the spatial variability of the area’s ECe. According to the study’s results, the average R2 of the prediction models for different soil depths was approximately 0.78, (0.6 ≤ R2 ≤ 0.8) and the ECe variation maps showed that salinity increased with depth.



Besides this general classification, the most common and current modeling approaches for the conversion of EM38 and MK2 data into soil salinity are listed below. Each of these models includes techniques that can be applied individually or in combination to achieve the specific objectives they are intended for. Essentially, simple regression techniques could be appropriate for ECe estimation in the field, but for mapping the spatiotemporal variability of ECe in irrigated regional districts, more sophisticated procedures might be necessary. The purpose of conducting a salinity survey with EM38-type sensors, whether qualitative or quantitative, is of major importance in defining the level of accuracy and the modeling approach to be utilized [101]. The following section focuses on the diverse approaches that address the conversion of raw EM38 and MK2 data into ultimate ECe values and their representations across a variety of scales and applications, as documented in the existing literature. The categorization of the available modeling approaches serves as a means to comprehend their fundamental characteristics and techniques and explore the range of their consistency and weaknesses. It is important to note that the types of models presented in the study are not rigidly distinct but may share common attributes. The various categories are designed to provide guidance and facilitate the identification of areas where the methods of soil salinity appraisal and mapping can be enhanced.




3.2.2. Regression-Based Models (Linear, MLR, Simple Depth-Weighted Coefficients, Established Coefficients, Modeled Coefficients, Mathematical Coefficients)


The earliest studies that were carried out for soil salinity assessment using the EM38 probe were entirely based on producing sets of regression equations and searching for calibration coefficients for a specified range of depths at the site of interest. In order to detect the salinity distribution within the field, the weighted ECa data are transformed to determine the ECe profile by fitting linear or non-linear regression models at depth intervals and calculating the coefficients for each depth range. This framework involves the development of empirical calibrations relating the instrument’s horizontal and vertical observations, either separately or in combination, to ECa measured with a probe at known depth intervals [102,103,104]. The predicted equations of the probe’s ECa can then be reconstructed to estimate the soil ECe. Alternatively, equations are developed to directly relate the sensor’s measurements to a single weighted ECe value [83,105] or ECe at different depth increments. Typically, in these approaches, the vertical profiling of ECe is derived through a one- or two-step process that leverages the operational dipole modes of the sensor and depends on the establishment of regression relationships between the obtained and the ground-truth conductivity data. They utilize the field EM38 readings, taken on the soil surface or at distinct heights above it, to define the ECa layering and the collection of soil samples from corresponding depth increments for the construction of calibration models [106].



The various published calibration model functions that have been retrieved mainly through linear (LR) [83] and multiple linear (MLR) regression analysis [71,84,85,107] include known approaches such as depth-weighted coefficients [105]; established coefficients, which are empirical-mathematical coefficients [108,109]; modeled coefficients [103]; mathematical coefficients based on the theoretical EMI depth response function [110]; and the logistic profile model [85]. Johnston et al. [111] compared several of the developed calibration approaches to evaluate their performance in soil salinity estimation. As they reported, the established coefficients of Corwin and Rhoades [108,109] and the modeled coefficients of Slavich [103], which predict the probe ECa, exhibited results with low bias but with significant errors. Also, the depth-weighted coefficients model of Wollenhaupt et al. [105], which determines the weighted ECe, was observed to perform poorly with high error values (RMSE = 5.33). Furthermore, Triantafilis et al. [85] indicated that the logistic profile, which consists of a mixed nonlinear model, can provide smoother and less erratic prediction profiles than the established coefficients and the multiple-regression coefficients model [104].



The common trait of the proposed models and approaches is that they all use regression parameters that are site-specific and time-dependent to a significant degree [112]. Hence, they will not perform at the same level of accuracy when applied in dissimilar soil conditions to those they have been developed in. The fluctuations in the prediction results can be attributed to the variations in soil volumetric water content and soil texture across different locations [111,113] and to misleading homogeneous assumptions [85]. This arises from the fact that the calibrations of ECa measurements are being established, assuming that soil salinity is the only soil property affecting the response of the EM38, thus excluding the influence of other soil factors in the equation. In these instances, a strong relationship between EM38 data and ECe values can be confirmed [12]. Additionally, since most of these calibration models rely on linear equations, they use a best fit line through the data, usually an ordinary least-squares (OLS) regression, a technique that is accompanied by certain attributes. This prediction method is associated with key assumptions such as the normality and independence of errors and homoscedasticity for obtaining valid coefficients [93,114]. Therefore, deviations from meeting these criteria can compromise the reliability of the coefficients and result in inaccurate predictions and potentially biased conclusions for the salt-affected area.




3.2.3. Geostatistical Models


The comprehension and characterization of soil salinity spatial distribution constitutes a fundamental element of the sustainable management practices and prevention of soil salinization [7,115,116]. Due to the need for high spatial resolution data and expanding coverage, determining and mapping the spatial variations in soil salinity at the land and regional scales by soil sampling appears unfeasible [30,117].



In contrast, this process can be accomplished by using the EM38 and MK2 instruments and performing spatial predictions at the field and land scales [30,55]. The promptly collected ECa data can be employed with geostatistical methods, enabling the quantification and interpretation of the spatial variability of ECe over large areas [118,119]. Soil salinity severity maps may also be generated to support the proper decision-making for crop and land management [120].



The geostatistical models, in the context of conversion, refer to a set of geostatistical methods and tools, such as interpolation and variogram analysis, which are implemented as a means of modeling, predicting, and mapping the spatial variations [92] of soil salinity from the sensor’s data. The geostatistical processes can be carried out by appropriate software packages.



More specifically, the models are constructed to analyze the spatial patterns of the data and also predict values for the variable at unsampled locations, diminishing the weakness of point measuring from proximal sensing and creating a constant spatial coverage [73,121]. Considering the scientific concern and practical constraints in characterizing the distribution of soil salt in a continuous space, the contribution of geostatistics, which identifies the spatial variation structure and predicts unsampled data, is significant.



The analysis, definition, and quantification of the variance structure of soil salinity can be achieved with variogram calculations, whereas the prediction of the spatial variability of ECe for generating informative salinity maps is obtained with an interpolation method.



The spatial prediction and mapping of ECe, based on geostatistics, can be potentially adopted in two different ways. The ECa measurements can be initially interpolated for the prediction of unsampled ECa values, and the amount of spatial ECa data can then be calibrated for the estimation of ECe and eventually analyzed with a variogram. This approach has proven to have controversial results depending on the interpolation method and the density of the EM38 data [8,119].



The second and most established method prioritizes the prediction of ECe by developing a relationship between ECa measurements and ECe values, usually with linear regression analysis [94,122,123]. Thereafter, variogram analysis and interpolation techniques can be applied to the predicted ECe for mapping and evaluating the spatial patterns of soil salinity across the study area. The accuracy of this modeling approach depends on various factors that need to be taken into account. Aside from ensuring the quality of the EM38 data, the primary aspect is associated with the selection of the interpolation technique and the distinct sampling design that they require [7]. In a similar sense, the sampling scheme is essential for the reliability of the variograms [92]. Moreover, different and more sophisticated approaches than linear regression for calibrating ECa data might perform with higher accuracy [120].



To date, there is a diversity of geostatistical interpolation methods available, several of which have been examined and compared using the EM38 and MK2 sensors for the prediction and mapping of the spatial variability of ECe at the landscape [124], district [8,120], and regional scales [94,123]. They extend from basic kriging to more contemporary tools, such as ordinary kriging [123], universal kriging, and hybrid interpolation techniques that integrate different technologies, like regression kriging, co-kriging [7], indicator kriging [122], or 3D kriging [94]. All geospatial procedures, including variogram analysis, interpolation methods, and spatial data visualization, can be executed with commercially available software packages, such as Geostatistics Software GS+ [123], Golden Software Surfer [97], ESRI ArcGIS [122] and ArcMap [120], and Geo R [82]. Yet, despite the variety of these spatial estimation tools, there has not been a single optimal method reported for the interpolation of the data [73]. For example, Jantaravikorn et al. [120], after identifying a strong ECa–ECe correlation for both modes of EM38 (r = 0.86 and r = 0.87), examined the accuracy of four distinct spatial interpolation methods for soil salinity prediction on categorized validation datasets using ESRI ArcMap and SAGA software. The predicted horizontal and vertical ECa data were then classified to create soil salinity severity maps. ordinary co-kriging was found to be an accurate interpolation method for predicting soil salinity when using the horizontal data of the sensor (R2 = 0.85), while the deterministic inverse distance weighting (IDW) was found to be more suitable for the vertical mode (R2 = 0.83).



The applicability of these methods has been investigated mostly for the prediction and interpretation of the spatial distribution of soil salinity at a point in time. Recently, Xie et al. [123], based on ECa data using the MK2 and the geostatistical methods of semivariograms and ordinary kriging, which were conducted with the aid of Geostatistics Software (GS + 7.0) and ArcMap 10.2, respectively, quantified and interpreted the spatiotemporal distribution and variations in regional soil salinity across several years. The satisfactory results of the linear prediction model, which was conducted with ECa measurements for the topsoil (R2 > 0.90), indicate the use of the MK2 in the assessment and mapping of the spatiotemporal variability of soil salinity and foster the potential for further applications under similar soil conditions.



In the field, changes in solute distribution on a spatial and temporal scale have been characterized and evaluated in three dimensions using the MK2 and the non-geostatistical interpolation method of inverse distance weighting (IDW) [125]. In this work, multivariate linear models were established for the relationship of ECe with ECa in various soil layers and times. The predicted ECe values were then interpolated using the deterministic 3D IDW technique. Besides the high model reliability (0.82< R2 < 0.99), the 3D IDW was also proven to predict the three-dimensional spatiotemporal variations in soil salinity with good accuracy and R2 values ranging from 0.76 to 0.77.



Regardless of the option of a deterministic or geostatistical interpolation method, mapping the spatiotemporal characteristics of solute distribution by the geostatistical modeling approach comes with certain limitations. The existence of a strong relationship between ECe and ECa measurements is a basic requirement [11]. In addition, the accumulation of high-quality data following specific distributional assumptions for the prediction of unsampled values is necessary. Finally, since these methods are based on the spatial dependence of the variables, they may not be suitable for processing and predicting more complex and non-spatial relationships.




3.2.4. Inversion Models


Monitoring and mapping of the vertical extent of salinity within the soil profile using the EM38 probes has been remarkably improved by the inversion approach [126]. Inversion modeling is an evolving and steadily increasing applied process for the estimation and mapping of depth-specific soil salinity from EMI data [48,127]. It consists of various complex algorithms and calculation methods that enable the conversion of the recorded ECa data to depth-specific estimates of electrical conductivity. The inverted data are then modeled using calibration techniques for the prediction of ECe at any depth [128,129] or depth increments [130], and the production of multidimensional (1D, 2D, 3D) maps of the salinity profile for the investigated district [131]. The rapid and efficient assessment of solute distribution with depth is essential for acquiring an accurate and real-time quantitative interpretation of the salt dynamics in the profile and especially in the rootzone [112,132].



Recently, the growing interest in inversion procedures for the spatiotemporal analysis of soil salinity has been associated with the development of multi-coil (e.g., CMD-Mini Explorer) and multi-frequency (e.g., GEM 2) EMI sensors, which are designed to take simultaneous measurements at multiple depth ranges [132,133,134]. However, the cost and limited access to these instruments [126] make the application of EM38 and MK2 an attractive alternative.



Several inversion approaches that employ EM38 data have been explored for modeling the vertical patterns of solutes. Some of the initial attempts were linear [135] and non-linear models [136], which included the Tikhonov regularization to invert the ECa data. The data in these cases were obtained by taking multi-height EM38 measurements in the horizontal and vertical orientations at different sites. Second-order Tikhonov regularization is a mathematical method suggested for reducing possible data errors and stabilizing the inversion process. It is applied as a technique to overcome the “ill-posedness” and the “non-uniqueness” that are encountered in the inversion. These problems entail measurement or data errors that can induce significant changes in the outcome and the fact that there might be more than one solution for different ECa profiles [117,137]. In addition to these issues, the 1D inversion models, as mentioned above, though applicable, characterize only the vertical distribution with depth, thus providing limited information on the actual transfer of salt within the soil profile [131,138].



Other approaches, in order to predict the estimates of soil salinity in discrete soil layers, joined the EM38 measurements with ECa data from different EMI sensors, like the EM31 [139] or EM34 [140], and inverted them with a 1D algorithm with 2D smoothness constraints to display the vertical and lateral variations in soil salinity in the subsurface along transects [139]. Moghadas et al. [141] proposed a joint inversion of the horizontal and vertical EM38 data using a probabilistic optimization algorithm. The derived one-dimensional inversion models were merged to generate a 3D image of the subsurface distribution of soil salinity at a regional scale. To evaluate the robustness of the models, the inverted data were calibrated to ground-truth ECe values using linear regression for certain depths. As observed, the models exhibited a good prediction (R2 = 0.67) for the shallow layers (30 cm), while for the deeper soil layers (60, 90 cm) the discrepancies were attributed to the high clay content of the study area.



The efficient models that have been developed during the last decade rely on advanced inversion strategies that can extract 2D or 3D electromagnetic conductivity images (EMCIs) of the spatial distribution of soil salinity from the ECa data [131]. Software packages like EM4Soil have been released to assist in the process of inversion of ECa data directly in 1D [72], 2D [128,142,143], or quasi-3D [126,129] layered conductivity values and generate EMCIs by applying inversion parameters. The prediction of ECe from the inverted EM38 readings can be achieved with high accuracy by establishing simple calibration equations, such as linear regression (LR) [128,129,130]. Farzamian et al. [126], addressing the need for affordable and easily accessible monitoring tools as an alternative to non-available multi-coil instruments, proposed the use of multi-height EM38 data and a quasi-3D inversion algorithm for the development of ECe maps in the landscape. They indicated that by collecting multiple ECa measurements at different heights, a single regional calibration equation (LR) instead of discrete depth-specific calibrations may predict the ECe at any desired depth.



By these means, detailed maps of the spatial patterns of ECe across various depths in large and landscape-irrigated areas can be efficiently produced. Also, the quasi-3D inversion models of ECe can be combined with remote sensing to create a 3D map and illustrate the quantitative and qualitative spatial distribution of soil salinity in the survey area [130]. The application of inverse modeling to the three-dimensional distribution of soil salinity is an important evolutionary step for characterizing and interpreting the lateral and vertical variations within the soil profile. This contribution might be particularly prominent in mapping the local 3D patterns of the solutes variability in more complicated irrigation schemes, such as micro-irrigation systems [99].



Moreover, the temporal distribution of soil salinity with depth has been examined most recently by using time-lapse inversion of ECa measurements with multiconfiguration systems [132,144,145]. Time-lapse inversion of ECa data by EM38 and MK2 instruments is a challenging approach that has not been investigated for soil salinity assessment [146,147] and only with a strictly limited scope for moisture content distribution, which involves measurements from the electrical resistivity tomography (ERT) [145,146,148]. The difficulty is ascribed to the complex dynamics of solutes, which can vary significantly within the soil profile. Therefore, the method requires multiple local soil data and measurements to be repeated over time for the determination of the solute’s temporal trend [48]. A recent attempt has been made by Paz et al. [127], who collected repeated measurements by the EM38 sensor at specific locations and dates and inverted them to obtain time-lapse EMCIs of the vertical profiling of the layered estimates of electrical conductivity. By using a pre-constructed calibration model of ECe for the same area, the layered conductivity estimates were converted to predict ECe. The prediction model was found to be adequately precise (R2 = 0.88) in depicting the spatiotemporal variations in soil salinity with depth and across the study area.



While the inversion modeling approach yields positive outcomes in the spatiotemporal mapping of soil salinity, it should be mentioned that the credibility and the accuracy of its application depend on the quality of the acquired data and regularization factors [148]. Therefore, thorough validation using datasets independent of those employed in the prediction process is pivotal for minimizing uncertainties in the results [127] and ensuring the credibility of the survey. Furthermore, when using time-lapse inversion at regional scales, the establishment of precise local-specific calibrations needs to be taken into account. High temporal variations in dynamic soil properties, such as water content, can have a substantial impact on the assessment of the solute variations and consequently misdirect soil treatment decisions [127].




3.2.5. Machine-Learning-Based Models


Lately, a new modeling approach has been introduced for characterizing and quantifying the spatial variations and depth distribution of soil salinity with data from EM38 and MK2 devices. This encompasses the integration of ECa measurements, remote sensing data, and environmental variables with machine-learning (ML) technology to generate digital soil maps (DSMs) of ECe in large arid zones [4,52,149,150]. According to this approach, the prediction and mapping of salt-affected areas can be substantially improved when proximal sensed data and multi-spectral information from remote sensing imagery are incorporated [54], and advanced machine-learning algorithms are utilized to assess and model the relationship of ECe with these multiple variables [4,150].



Plenty of modeling methods have been elaborated and extensively used in DSM applications for various soil properties [151], including soil salinity. However, advanced methods that utilize various machine-learning algorithms with EMI and the EM38 and MK2 probes in particular for the prediction of soil salinity are currently being explored. The growing interest in machine-learning modeling is attributed to its ability to process huge volumes of datasets and identify the complex and non-linear interactions between soil properties and various environmental features [152]. For soil salinity assessment, the models use a composite of statistical and mathematical formulas through which they capture and “learn” the relationship between the spatial variations in ECa data and input variables. After successful training, they can predict the unknown spatial patterns of soil salinity at large scales [4].



Contrary to geostatistical models, machine-learning models employ a more computational operation for the prediction of soil salinity’s spatial variability. While geostatistical modeling relies on the spatial dependency structure of the data, machine-learning-based models use algorithms that detect the relations and patterns between soil properties and the variables.



There are many machine-learning algorithms available for the prediction and digital mapping of soil properties, with varying principles, complexity, and overall performance. Some of them include decision trees (DTs), random forest (RF), support vector machines (SVMs), genetic programming (GP), and artificial neural networks (ANNs). Among them, random forest has been proven to be a reliable and robust option for developing prediction models of soil salinity and producing explicit digital soil maps, particularly in arid areas [10]. Ding et al. [4], based on the dipole mode of the portable MK2, established a random forest model with ECa measurements, auxiliary variables from remote sensing, and environmental products for predicting the spatial variations in different land types of the oasis agroecosystems in China. The good relationship between the horizontal and vertical ECa data with ECe at all depth increments indicated ECa as a valid predictor for modeling the spatial variations in soil salinity. The application of random forest models with ECa measurements and auxiliary data was found to have high accuracy, with R2 ranging from 0.77 to 0.84 for all coil configurations. Furthermore, according to the results for various land uses, the derived RF prediction models of ECa seemed to perform better for the deeper soil layers and the bare lands, with an R2 range from 0.84 to 0.91. Slightly different results for all depth intervals (0.61 < R2 < 0.65) were demonstrated in the same regional area when RF models of ECe were constructed with the involvement of MK2 measurements and remote sensing imagery as covariates [150].



Owing to the implementation of machine-learning-based models with the use of the MK2 probe, fine-resolution maps of soil salinity in large areas may be produced [150,153]. Moreover, the magnitude of influence the diverse soil, environmental, or other site-related variables have in the prediction of soil salinity can easily be exhibited and evaluated [149]. Their capability to provide complex non-linear interrelations between soil properties and a vast amount of existing data without making any distributional assumptions may offer great opportunities in future surveys of soil salinity mapping.



Despite the inspiring benefits, their application is associated with practical weaknesses. The prediction of subsurface soil salinity using machine-learning techniques is primarily driven by the diverse variables that are utilized as inputs for their training. Thus, collecting and employing accurate and relevant attributes from the available resources require some level of data expertise. Also, given that the efficiency of these models depends on the quality of the input data, there cannot be a unique algorithm for assessing the spatial and temporal variability of soil salinity in all soil and site circumstances with the same accuracy.




3.2.6. Hybrid Models


The nature of soil salinity comprises alterations over time and space. The diverse changes, which extend from the complex distribution in the rootzone to spatial variations across the field and larger scales, are crucial to determine in order to interpret and control the sources of soil salinization. These issues, however, need to be reconciled with rapid and resilient methods, as precise irrigation systems and soil sustainability strategies at the regional and global levels are imperative. The application of individual modeling techniques like simple regression-based models may fail to adapt to all these requirements. To this end, hybrid models have emerged, which combine different methods and data sources for estimating and mapping the spatial variations in soil salinity at different scales [101].



The hybrid modeling approach is presented as a broader category of models that encompasses the integration of multiple techniques with data obtained by proximal EM38 and MK2 devices and additional data mainly derived from remote sensing.



These models incorporate geostatistical, machine learning, and empirical methods to leverage the strengths and advantages of each approach and overcome the constraints or weaknesses that they might have as individual models in soil salinity assessment [154]. Particularly for the detection and mapping of the spatial distribution of solutes within the profile and across a large area, the hybrid models based on EM38, MK2, and remote sensing data integrate advanced hybrid geostatistical techniques like regression kriging with machine-learning algorithms, such as random forest or Cubist. This fusion of approaches and data sources can identify and predict the complex relationships of solutes with different variables within the profile and, at the same time, determine the soil salinity’s spatial variations in the study area.



This innovative and promising modeling approach could potentially lead to more accurate predictions of spatiotemporal patterns of soil salt content and eventually to a better understanding and representation of soil salinity dynamics at a regional level. To date, however, few studies have examined its efficiency in monitoring and mapping soil salinity using the EM38 and MK2 probes.



The hybrid modeling approach of Taghizadeh-Mehrjardi et al. [149] combined remote sensing and MK2 data with hybrid geostatistical methods and machine learning. They applied regression kriging for the spatial prediction and digital mapping of horizontal and vertical ECa using auxiliary data at certain depth intervals. Then, the advanced machine-learning algorithm Cubist (regression tree) was applied to the set of variables to model the spatial distribution of ECe values at the standard depths. As they documented, the prediction models of ECe in the arid region of Arkadan had varying accuracy (0.11 < R2 < 0.78), with the spatial distribution performing better in the upper soil (0–30 cm).



Another hybrid approach for modeling and mapping the spatial variations in soil salinity is the combination of multi-spectral data from high-resolution remote imagery with measurements from the MK2 and the use of partial least-squares regression (PLSR) [101]. As was reported, the constructed spectral-PLSR-based prediction models could reliably (R2 = 0.67) detect and monitor the variations in soil salinity in the oasis region of the Keriya River in China.



In an attempt to explore methods for integrating new sources of soil data as inputs in DSMs, Zare et al. [52] compared three approaches using MK2 measurements and ECe data collected from a region near the saline Maharlu Lake in Iran. They concluded that the approach involving the combination of machine learning, quantile random forest model, and regression co-kriging on the residuals, with R2 values up to 0.79, can be effectively used for the prediction of ECe. Also, the MK2 data were found to be a reliable and meaningful input for digitally mapping the soil salinity variations, especially in cases where there is a lack of appropriate remote sensing data.



Nonetheless, the hybrid modeling approach, in order to be applicable, requires a correlation between the input variables. Specifically for generating soil salinization maps, a strong relationship between ECa measurements and ground-truth data of ECe needs to be valid. In addition, the selection of the appropriate modeling techniques according to the existing survey data plays a significant role in the reliability and accuracy of the results [154].



A summary of the documented modeling approaches for the assessment and mapping of soil salinity by the EM38 and MK2 measurements is presented in Table 2. Each modeling approach is accompanied by the various techniques or methods that have been employed within it. Referenced studies for each case are also shown for further exploration.





3.3. Fusion of the EM38, MK2, and Remote Sensing Data for Soil Salinity Monitoring and Mapping


To mitigate the global impacts of soil salinization, there is an urgent need to retrieve accurate information on its status in arid and semi-arid regions quickly and consistently. This has prompted researchers to gradually develop more robust approaches that integrate multiple data and technologies to interpret the changes in soil salt content and preserve the agricultural sustainability of the irrigated systems in these areas [155,156]. In the last few years, these efforts have focused on the combination of remote sensing data with ground-based EMI sensors for complementary and potentially high-precision monitoring and mapping of soil salinity variability at different scales [1,54,56,149,157].



Remote sensing, by providing repetitive, current, and prompt high-resolution images like those of WorldView 2, has become a valuable tool for identifying and mapping the solutes’ spatiotemporal variations across the surface of large and severely saline areas [158,159]. The capability, however, of the available multi-spectral satellite data is restricted to the detection and assessment of surface soil salinity [160], disregarding the three-dimensional spatial distribution of salt content in the soil profile. Moreover, spectral reflectance can be problematic in regions with slightly low to moderate salinity levels and limited or no visible salt features due to interference from other site factors, such as vegetation cover or soil type [159,161].



On the contrary, the EM38 and MK2 sensors have been broadly employed and evaluated for the quantification and characterization of soluble salt distribution within the subsurface and the rootzone. The fusion of EM38 and MK2 field measurements with multi-temporal [162,163] and multi-spectral [73,101,124,150] remote sensing datasets has been documented in a few soil salinity surveys, which vary from agricultural and urban greenery systems to different soil crops, irrigation schemes, and scales. In most circumstances, particularly in bare lands and large arid or semi-arid areas, it has been suggested as an effective, inexpensive, and time-efficient method for predicting and monitoring the spatiotemporal variations in soil salinity with relative accuracy [54,101,149,163].



For instance, Wu et al. [162], based on acquired MK2 field measurements and ECe from soil sampling, used multi-temporal remote sensing (vegetation indices) data to develop salinity models of the severely salinized region of Dujaila in Iraq. The derived multi-year maxima-based models, which were applied for mapping and tracking the spatiotemporal changes in the salt-affected areas, achieved high accuracy in predicting soil salinity, with R2 reaching a value of 82.5. Vegetation indices such as the NDVI that are utilized in remote sensing tend to become a significant innovative tool for mapping the entire rootzone salinity at the regional scale and potentially in the field and landscape as well [48]. However, they need to be calibrated. Thus, even though the process of ground-truth data collection can be considerably reduced owing to the MK2 measurements [52], it remains a necessity for appropriate field calibration [160]. Ding and Yu [54] constructed regression models using EM38 readings and various spectral indices from satellite images for the prediction and evaluation of seasonal and spatial variations in soil salinity in the Delta Oasis of the Tarim Basin, China. They also examined three interpolation techniques for assessing the distribution patterns of salt concentration within the region. According to their findings, the fusion of EM38 data with salinity indices from remote sensing images can provide the assessment of salinity at a regional scale for both dry and wet seasons with fairly high accuracy. Moreover, the results indicate the importance of EM38 measurements in designing rapidly and simply the most suitable soil sampling strategy for the survey. Additional soil sampling is needed for the interpolation’s accuracy. Among universal kriging, spectral index regression, and regression kriging, the regression kriging with nested spherical model was found to have the closest fit to the measured ECa (R2 > 0.90).



On other occasions, however, the combination of the sensors seems to need further research. By employing an EM38 sensor and using data from remote sensing, Nouri et al. [73] investigated the soil salinity in urban greenery spaces of the Adelaide Parklands in Australia. In order to predict the variations in solutes at different spatial and temporal scales, regression models for the EM38 were developed with various vegetation and salinity indices from high-resolution satellite images. The EM38 data were validated with ECe values from soil samples. As the authors observed, although the soil-adjusted vegetation index (SAVI) was found to be a good predictor, the proximal sensor was considered more efficient than the spectral indices in predicting soil salinity in urban landscapes in semi-arid climates. Additionally, Gharsallah et al. [124] observed that, in large arid lands that are densely planted, such as an irrigated olive orchard, multivariate models of EM38 data with soil spectral indices from low-resolution images may exhibit poor accuracy in predicting and mapping the soil salinity distribution (R2 < 0.12). Nonetheless, in these models, the integration of vegetation indices and high-resolution images may resolve the influence of the dense tree canopy on the remote sensing reflectance and improve the overall reliability [124].



The fusion of field EM38 and MK2 data with remote sensing techniques, including high-quality satellite data and selected indicators like vegetation indices, can contribute to more thorough and concordant maps of soil salinity. Monitoring the spatial and temporal distribution of solutes through field EMI surveys and remote sensing can be sufficiently accomplished without excessive soil sampling. This can accelerate the understanding of soil salinization severity at multiple scales and lead to rapid remediation measures.





4. Discussion


From the results of the research, it was observed that the approaches utilizing the EM38 and MK2 data for soil salinity assessment and mapping have been centered around regression-based (calibration) models, geostatistical methods, deterministic interpolation methods, inversion models, machine-learning algorithms, and hybrid modeling.



According to the reviewed literature, the developed calibration models exhibit limited applicability since they use entirely site-specific equations and regression coefficients that cannot be accurately applied in different locations [48,85,111,112]. Moreover, these models rely on distributional and subsurface homogeneous assumptions, which exclude from their equations the impact of influential soil properties, such as soil texture and soil water content, on ECa measurements [63]. Nevertheless, linear regression can be employed as a viable, easy, and simple calibration technique in conjunction with the geostatistical [94,122,123] and the inversion [126,127,128,129,130] modeling approaches. The geostatistical models have contributed significantly to the prediction and interpretation of soil salinity spatial variations over the years. With a diversity of classic and more advanced interpolation methods available, they have been proven to provide relatively accurate estimations of ECe on a range of soil scales [94,120,123]. However, since their application depends on the spatial structure of the collected data, their solitary use is not suggested in circumstances where more complex and non-spatial relationships among the variables need to be assessed. As was observed from the findings, the inversion modeling approach has gained wide acceptance in the scientific community, and its applications in salinity surveys using the EM38 and MK2 sensors are increasing and evolving. The benefit of these methods lies in the easy conversion of multiple ECa measurements through software to determine ECe at different depths and generate detailed multidimensional (2D, 3D) images of the soil salinity profile with high accuracy [118,119,120,126,128,142,143]. Besides the variety of studies that characterize the spatial variations using the EM38 and MK2, recent studies have made efforts to assess the temporal variability of solutes, yielding good results [127]. In all cases, the inversion prediction models require rigorous validation with independent datasets to be credible [127]. Machine-learning-based models have also emerged as a powerful approach in the current field of soil salinity monitoring and mapping. Their capability to process immense amounts of data and capture complex, non-linear interrelations between the sensor’s ECa data and a plethora of input variables is considered their major advantage over other modeling techniques. The findings from the literature demonstrated that the implementation of machine-learning techniques combined with MK2 data, auxiliary data from remote sensing, and environmental variables can predict with significant accuracy the spatial and temporal variability of soluble salts on the large scale of arid zones and generate fine-resolution maps [4,52,149,150]. Recently, an increasing number of studies have focused on developing such integrating approaches and coupling them with hybrid techniques of geostatistical interpolation and machine learning. These approaches have been found to produce reliable soil salinity predictions and DSMs, particularly in the arid regions of the world [52,149], but caution is needed in the selection of the proper techniques. In a similar sense, the review’s findings highlighted the fusion of the EM38 and MK2 data with high-quality satellite data and vegetation indices from remote sensing as an effective, rapid, and promising method for the prediction and mapping of the spatiotemporal variations in soil salinity in large arid areas [54,101,149,162,163].




5. Conclusions and Future Directions


By exploring the latest modeling approaches for the assessment and mapping of soil salinity using the EM38 and MK2 sensors, we attempted to enrich and enhance the current research field of soil salinization monitoring and mitigation through this review. Specifically, through a comprehensive summary of the applied approaches and methods, the paper intended to elucidate and underline the role of EM38 and MK2 in the detection and interpretation of soil salinity and facilitate researchers and users in making well-informed decisions concerning future salinity surveys and agricultural treatments.



The advantage of the EM38 and MK2 sensors in soil salinity surveys is their capability to collect rapid and effortlessly numerous field ECa measurements that can be conveniently related to soil salinity, especially in high-salt-affected areas. By applying simple or more sophisticated modeling approaches, the ECa data can be converted to salinity estimates of ECe, revealing valuable insights into the spatiotemporal patterns and depth distribution of solutes at various scales and land types. Due to the complicated interactions of soil salinity with various soil properties and factors and its continuous changes over time and space, the measurements by EM38 and MK2 sensors are pivotal for the subsurface mapping of saline soils in a timely manner. The enhanced ground conductivity meter MK2, which is easy to operate and cost-effective compared to the latest multi-coil sensors, can be significantly useful in subsurface salinity mapping, especially in cases where other soil data sources, such as remote sensing, are unavailable.



To date, despite the research and technological progress, there is not a universally approved and applicable modeling approach for the assessment and monitoring of soil salinization. Therefore, the construction of efficient salinity models using the EM38 and MK2 probes should be carried out considering the available approaches and their adaptation under different soil and environmental conditions. It is essential to have a full understanding of the current modeling options and their techniques so the optimal method can be selected and the spatiotemporal characteristics of the salt-affected areas can be accurately identified and interpreted.



In this sense, by using the sensor’s field readings at various depths and employing an inverse modeling technique, the spatial and temporal variability of soil salinity at large irrigated farms can be predicted and quantified in 3D maps. This enables the detailed monitoring of soil salt variations within the field and the design of proper soil management practices. Moreover, advanced approaches like hybrid models, which combine EM38 and MK2 readings with multiple site-specific datasets and methods like machine learning and interpolation, may overcome the limitations of single model applications and increase the accuracy of ECe predictions. Subsequently, the interpretation of the complex soil salinity dynamics across the study area can be fulfilled. Finally, the recent trend of integrating georeferenced EM38 and MK2 measurements with remote sensing data indicates great opportunities in delineating the soil salinity distribution within the rooting zone and across large arid regions. This approach can improve the implementation of precise and timely sustainable strategies and substantially reduce the need for excessive soil sampling.



Consequently, further exploration of such promising methods at multiple scales is crucial for generating reliable and up-to-date salinity maps. More attention should be directed toward extending and validating the inverse modeling at a regional scale and in distinct irrigation systems to create consistent 3D maps of the spatiotemporal variability of soil salinity. In addition, efforts to incorporate machine-learning algorithms with multi-period remote sensing data, auxiliary variables, and EMI data should be intensified to track and map the long-term variations in soluble salt depositions at the regional level, refine the method, and expand it toward global-scale predictions. Furthermore, a deeper investigation of the diverse environmental, topographic data, and spectral indices as covariates is needed to identify and optimize the predictor variables of soil salinity mapping in different soil conditions and cultivation systems.



Ultimately, the validation of robust, sophisticated approaches that combine field measurements using sensors like the EM38MK2 and contemporary technologies can potentially minimize the time, labor, and cost of ground-truth data and render a fundamental basis for the efficient prediction and real-time monitoring of soil salinization at the field, regional, and global scales.
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Figure 1. The EM38-MK2 and EM38 devices. (a) The EM38 in horizontal mode. (b) The EM38 in vertical mode (from Geonics Ltd., Catalano [37] and Siddique [38]). 
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