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Abstract

:

Global information on the spatio-temporal variation of parameters driving the Earth’s terrestrial water and energy cycles, such as evapotranspiration (ET) rates and surface soil moisture (SSM), is of key significance. The water and energy cycles underpin global food and water security and need to be fully understood as the climate changes. In the last few decades, Earth Observation (EO) technology has played an increasingly important role in determining both ET and SSM. This paper reviews the state of the art in the use specifically of operational EO of both ET and SSM estimates. We discuss the key technical and operational considerations to derive accurate estimates of those parameters from space. The review suggests significant progress has been made in the recent years in retrieving ET and SSM operationally; yet, further work is required to optimize parameter accuracy and to improve the operational capability of services developed using EO data. Emerging applications on which ET/SSM operational products may be included in the context specifically in relation to agriculture are also highlighted; the operational use of those operational products in such applications remains to be seen.
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1. Introduction


Water secures livelihoods and economic growth. Agriculture alone consumes 70% of global fresh water [1,2]. As global population and the human desire for a higher protein diet grows, pressure on the world’s scarce water supply will increase. This pressure and demand for water shows a high geographic variance and there is no doubt that global droughts but also flood risk, are threatening regional food security. These risks are reflected in the Davos Risk Register [3] that rates “water crises” as the 3rd highest global risk for impact. Furthermore, agriculture is competing with industrial, household and environmental users for scarce water supply [4]. These demands combined with the potential forward impact of climate change demonstrate that there is an urgent need to garner a better understanding of the natural processes driving the global hydrological cycle [5,6,7]. In particular, more exact information on the spatio-temporal variation of parameters such as surface soil moisture (SSM) and evapotranspiration (ET) rates are of key significance. Specifically, these parameters exert a strong control on the Earth’s water, carbon cycles and ecosystem functioning [8,9]. Tools to quantify both ET and SSM have a crucial role in understanding the Earth’s climatic system on the longer term but by enabling increased water use efficiency they can also have significant economic, environmental and social impact on the shorter term. For the latter, data is required at high spatial and temporal resolutions to inform decision makers on sustainable utilisation and management of water [10].



There are numerous techniques available to derive SSM and ET using ground instrumentation. Ground measurements have certain advantages, such as providing a relatively direct measurement, instrument portability, simple installation, operation and maintenance, the ability to provide measurement at the desired depth and also the relative maturity and stability of the methods. Nevertheless, such techniques have proven difficult to implement, especially over large areas. This reflects the complex, expensive and labour-intensive challenges in deploying a network of in-situ sensors at a study site. In addition, current field equipment typically determines only localized estimates of SSM which must be aggregated for measuring the parameter over large spatial scales. The placement of the in-situ sensors is then key to obtain representative estimates [11]. Various ground-based observational networks have been established in basins of different characteristics around the globe, aiming to systematically collect, archive and distribute a wide variety of relevant data for use in research activities [12,13]. A review of the available ground-based methods including their relative strengths and limitations and available operational networks can be found in [14,15].



Conversely, the advent of Earth Observation (EO) technology has provided novel and economically feasible means to derive temporally consistent coverage of ET and SSM at different spatial scales [16,17,18]. EO provides regional to global scale parameter estimation and enables non-invasive synoptic views in a spatially contiguous fashion, providing estimates from otherwise inaccessible regions. Another advantage is that observations can be obtained over remote areas which are otherwise inaccessible for in-situ measurements. In addition, the development of EO has enabled the scientific community to investigate previously unsolvable problems, such as spatial variability and scale of observation [19]. These are the main characteristics that make EO one of the most efficient and cost-effective techniques for obtaining spatio-temporal estimates of ET as well as of SSM [20,21].



Remote sensing instruments do not directly measure either soil water content and/or the turbulent heat fluxes. The spectral measures they provide have to be combined with a physical or semi-empirical model and an inversion algorithm in order to estimate the parameters. A plethora of retrieval methods have been proposed for estimating spatially distributed ET and SSM utilising spectral information acquired in selected regions of the electromagnetic radiation spectrum; often combined with ancillary surface and atmospheric observations. Those techniques are well understood but each has atypical strengths and weaknesses, see recent reviews [20,21,22]. Some of those approaches have shown promising potential for providing accurate estimates of spatial-temporal estimates of surface heat fluxes and SSM, with accuracies reported in the ranges of 50 Wm−2 and of 0.04 m3·m−3 respectively; accuracy levels required by many applications [23]. At present, there are several operational products available providing ET and SSM estimates, each with their own strengths and limitations.



In light of the above, this paper aims at providing an overview of the state of the art of EO techniques to derive operational estimates of both ET and SSM. In this context, we critically discuss the challenges and caveats associated with the derivation of accurate estimates of ET and SSM parameters from space. We make suggestions on how future work should be directed to enhance the accuracy and operational capability of services developed using EO data. The paper closes with a reflective discussion on how existing or future EO operational products could lead to new applications related specifically to attain more sustainable agricultural practices, which is of the utmost importance since agriculture is the world’s largest consumer of fresh water.




2. Operational Retrievals of ET from EO


2.1. Methods for ET Retrievals from EO


The prospect and capability of EO technology in deriving regional maps of ET fluxes became available first in 1972 with the launch of the LANDSAT MSS and later on, in 1978 with the HCMM (Heat Capacity Mapping Mission) and TIROS-N satellites [24]. Since then, a plethora of methods have been proposed for estimating ET fluxes utilising spectral information acquired in different regions of the electromagnetic radiation spectrum. A non-exhaustive list of EO systems and of their technical specifications providing at present data suitable for the retrieval of ET is summarised in Table 1 below.



An overview of the remote sensing-based estimation of ET has been provided previously by several authors [20,26]. Remote sensing-based techniques have the capability to estimate spatial and temporal variation of ET from catchment to global scales. To generalise, remote sensing-based methods employed today for the estimation of energy fluxes are classified into: (1) methods that involve the use of statistically-derived relationships between ET and vegetation indices such as the Normalized Difference Vegetation Index (NDVI) or the Fractional Vegetation Cover (FVC); (2) physical models that calculate ET as the residual of Surface Energy Balance (SEB) through remotely sensed thermal infrared data; (3) other physical models that involve the application of the combination of Penman-Monteith and Priestley-Taylor types of equations and (4) data assimilation methods adjoined to the heat diffusion equation (and through the radiometric surface temperature sequences).




2.2. Operational Capability of EO Technology in ET Estimation


2.2.1. Spinning Enhanced Visible and Infrared Imager (SEVIRI)


Land Surface Analysis Satellite Applications Facility (Landsaf) distribute an operational product of the latent heat (LE) flux, based on observations from the MSG-2 Spinning Enhanced Visible and Infrared Imager (SEVIRI) radiometer, a co-funded space mission between the European Space Agency (ESA) and EUMETSAT Space Agencies. This product has been developed in the framework of the EUMETSAT “Satellite Application Facility” (SAF) on Land Surface Analysis (LSA). The spin-stabilised Meteosat Second Generation (MSG) is a geostationary satellite with a temporal coverage of 15 min. SEVIRI is a multispectral radiometer with a spatial resolution of 3 km at nadir (1 km for the high-resolution visible channel) and 12 spectral channels from the visible to TIR. An example of the ET product is shown in Figure 1.



Briefly, the method developed by LSA-SAF allows estimation of both the instantaneous and daily total ET by the MSG SEVIRI radiometer. It follows a physical approach and can be described as a simplified Soil Vegetation Atmosphere Transfer (SVAT) model modified to accept EO data combined with data from other sources as forcing. The SVAT model employed is essentially a simplified version of the SVAT model TESSEL [27], which computes land surface processes taking both EO and atmospheric parameters as inputs [28]. The algorithm is then adapted to accept real-time data from meteorological satellites as forcing. The main forcing to the model comes from the remote sensing inputs including the daily albedo [29] and half-hourly short-wave [30] and long-wave fluxes [31]. In order to provide ET with a limited amount of missing values, a gap filling procedure is also adopted in the operational algorithm. The daily ET operational product is derived by temporal integration of instantaneous ET operational product values. The integration limits correspond to the first (theoretically at 00:30 UTC) and last (theoretically at 24:00 UTC) existing slots for a given day and the integration step is 30 min.



These two products are provided for the full disk divided in four sub regions (Europe, North Africa, South Africa and South America) and are distributed by the Satellite Application Facility (SAF) on Land Surface Analysis (LSA) [32], from where a series of other operational products are also distributed. A detailed description of the operational algorithm for ET estimation from SEVIRI is available in [33,34]. The MET product contains instantaneous values of ET (in mm h−1) plus an associated quality flag. ET retrievals from this operational product is found to be generally 25% if ET is greater than 0.4 mm h−1 and 0.1 mm h−1 in any other case [18,33,34,35]—see example of validation studies shown in Figure 2 below which comes from a recently published work of one of the co-authors of this manuscript, [35]). Yet, to our knowledge, very few studies have been concerned with establishing the accuracy of the SEVIRI ET instantaneous operational product, particularly at a continental scale [35,36,37].




2.2.2. Geostationary Operational Environmental Satellite (GOES)


A product has been developed to provide operational information on ET for North America based on Geostationary Operational Environmental Satellite (GOES) observations acquired in the visible and infrared parts of the electromagnetic spectrum. This product is generated from the Atmosphere-Land Exchange Inversion model (ALEXI) surface energy balance model [38,39]. This is a the Two-Source Energy Balance (TSEB) approach based on the partitioning of the composite surface radiometric temperature into soil and canopy temperatures, based on the fractional vegetation cover. ALEXI has been specifically designed to minimise the need for ancillary meteorological data while maintaining a physically realistic representation of land-atmosphere exchange over a wide range in vegetation cover conditions. It is also one of few diagnostic land-surface models designed explicitly to exploit the high temporal resolution afforded by geostationary satellites [25]. These advantages make ALEXI capable of routine, long-term mapping of ET and soil moisture stress. A complete ALEXI processing infrastructure has been developed to automatically ingest and pre-process all required input data, to execute the model and to post-process model output which can later be visualised or used in practical applications or research. Because thermal infrared (TIR) retrievals of Land Surface Temperature (LST) are possible only under clear-sky conditions, a gap-filling algorithm has been implemented to estimate ET during cloudy intervals [38,39]. The gap-filled model currently runs daily on a 10-km resolution grid covering the continental US (CONUS) using data from GOES. ALEXI is constrained to operate on spatial scales of 5–10 km, where atmospheric forcing by uniform land-surface behaviour becomes effective. Also, ALEXI ET is retrieved over clear-sky pixels daily and ALEXI drought product is generated over 1 to 6 month compositing periods each day. The generated ET maps are converted to the required formats (GRIB and others) and sent to OSPO for QC monitoring, to ESPC distribution server for distribution and to NCEI/CLASS for archiving.



Outputs of the algorithm include the daily ET product and 2, 4, 8 and 12 week composite of the Evaporative Stress Index (ESI) computed from the ET daily estimates over North America at 8 km. The ALEXI ET estimates—consequently the GOES ET product—have been rigorously evaluated against multi-source in-situ ET observations and various existing drought indices, e.g., US Drought Monitor, Standardised Precipitation Index (SPI), etc. Findings of those studies suggest that the GOES ET algorithm performs well over a range in climatic and vegetation conditions and is capable of producing an average value of 5.5 mm h−1 within an uncertainty of ± 0.5 mm h−1, when operated with an effective surface emissivity of 0.96 ± 0.02 and a heat flux coefficient “B” of 0.20 ± 0.05 [38,39].




2.2.3. MODerate Resolution Imaging Spectroradiometer (MODIS)


Observations from the polar-orbiting MODerate Resolution Imaging Spectroradiometer (MODIS) sensor are used to derive operationally global evapotranspiration (ET)/latent heat flux (LE)/potential ET (PET)/potential LE (PLE) from a product named MOD16-ET. This product has a spatial resolution of 1 km and is available on an 8-day, monthly and yearly basis. The MOD16 ET product is available from the University of Montana’s Numerical Terradynamic Simulation group.



In the product, ET estimation is based on the Penman-Monteith equation, following a technique proposed by Mu et al. [40,41]. Terrestrial ET includes evaporation from wet and moist soil, from rain water intercepted by the canopy before it reaches the ground and the transpiration through stomata on plant leaves and stems. Vertically, ET is the sum of water vapour fluxes from soil evaporation, wet canopy evaporation and plant transpiration at dry canopy surface. Canopy conductance for plant transpiration is calculated by using LAI to scale stomatal conductance up to canopy level. Daily minimum air temperature (Tmin) is used to control dormant and active growing seasons for evergreen biomes. For a given biome type, two threshold values for Tmin and vapour pressure deficit (VPD) are listed in the Biome-Property-Look-Up-Table (BPLUT) to control stomatal conductance [40,41]. MODIS 8-day fraction of Photosynthetically Active Radiation (fPAR) is used as vegetation cover fraction to quantify how much surface net radiation is allocated between soil and vegetation; MODIS 8-day albedo and daily surface downward solar radiation and air temperature from daily meteorological reanalysis data are used to calculate surface net radiation and soil heat flux; daily air temperature, Vapour Pressure Deficit (VPD) and relative humidity data and 8-day MODIS LAI are used to estimate surface stomatal conductance, aerodynamic resistance, wet canopy, soil heat flux and other key environmental variables. MODIS land cover is used to specify the biome type for each pixel and the biome-dependent constant parameters for the algorithm are saved in a Biome-Property-Lookup-Table (BPLUT). Except for minimum daily air temperature and VPD, which are adopted directly from the MODIS global terrestrial gross and net primary production (MODIS GPP/NPP), the BPLUT is tuned largely based on a set of targeted annual ET for each biome derived from MODIS GPP and water use efficiency calculated from eddy flux towers.



A number of studies have been performed evaluating the ET retrieval accuracy by the product at different ecosystem types (e.g., [42]). Overall results from those studies have shown that the algorithm is able to provide ET at a resolution which is useful in a number of applications related to global terrestrial water and energy cycles and environmental changes [42,43]. For example, Jia et al. [44] evaluated spatiotemporal MODIS ET products in the Hai river basin. Inaccuracies, such as over- or under-estimation and no relationship were observed between the flux tower and MOD16 ET estimates in the above publications. Errors or uncertainties are assumed to be caused by misclassification of land cover types from the global MODIS land cover product, scaling from flux tower to landscape and algorithm limitations. Jovanovic et al. [45] evaluated the MOD16 ET product and found that the MOD16 method underestimated ET. Authors also pointed out the need to evaluate global remote sensing products again at long term monitoring sites in South Africa.






3. Operational Retrievals of SSM from EO


Monitoring of the Earth system from the vantage point of space-borne instruments is nearing its half-century mark. For the most part of this half-century, the instruments have mostly measured in the visible and infrared regions of the spectrum where reflected sunlight and terrestrial thermal emissions are strong and detectable. About mid-way through the half-century, advanced microwave instruments were introduced, adding new perspectives to the study of the Earth’s system. This is especially true for the hydrological cycle, since microwave sensors have allowed for the first time to measure the Earth’s SSM. A variety of methods have been explored for the estimation of soil moisture using EO data from long-heritage optical and thermal infrared sensors and from relatively new microwave sensors [21,46,47]. Among them, theoretical and experimental evidences support the idea that satellite microwave observations are best suited for the retrieval of the Earths’ surface soil moisture on an operational basis. This review will focus on the retrievals of SSM from EO and the operational products available.



The main advantage of microwaves is that they allow the quantitative measurement the Earths’ surface soil moisture as the direct relationship of soil emissivity (or reflectivity) with soil water content and that the atmosphere is almost transparent at these frequencies. In contrast, optical and thermal sensors are only able to provide an indirect estimation [21,47]. Microwave remote sensing encompasses both active and passive forms, depending on the sensor and its mode of operation. While active sensors (scatterometers or Synthetic Aperture Radars-SAR) measure the energy reflected from the land surface after transmitting a pulse of microwave energy, passive sensors (radiometers) measure the self-emission of the land surface. At microwave L-band (1–2 GHz frequency), or “the water frequency channel,” the signal is sensitive to the top 5 cm soil moisture and penetrates through low to moderate layers of vegetation canopy (see recent review by [48]). At higher frequencies (C and X-bands, at 4–8 & 8–12.5 GHz frequency respectively) the signal is sensitive to shallower soil moisture layers and is able to penetrate only through low vegetation densities (C and X-bands) [49]. Dedicated inversion algorithms have been developed to retrieve surface soil moisture tailored to the frequency, measurement concept and characteristics of the different microwave sensors set on space. This intense activity has led to a suite of EO microwave satellite soil moisture data products spanning since 1978 to present. At the time of writing (December 2017), five quasi-operational, i.e., available either in near real time (NRT) or few days after sensing, satellite surface soil moisture products are available from: (1) the Advanced SCATterometer (ASCAT) on-board Metop-A and Metop-B satellites, starting from January 2007 [50]; (2) the Soil Moisture and Ocean Salinity (SMOS), Earth Explorer mission, starting from January 2010 [51]; (3) the Advanced Microwave Scanning Radiometer 2 (AMSR2) on-board the Global Change Observation Mission for Water, GCOM-W starting from July 2012 [42]; (4) the Soil Moisture Active and Passive (SMAP) mission (L-band radiometer) starting from April 2015 [52]; and (5) the disaggregation of SMOS soil moisture using Aqua/Terra MODIS fine-scale information, starting from January 2010. The BEC L4 product is currently providing 1 km soil moisture maps in NRT over the Iberian Peninsula [53,54]. An example of this product is shown in Figure 3 below (adopted from [54]). Recent research studies have shown that its coverage and temporal resolution could be enhanced using MSG SEVIRI data [55] and that finer spatial scales could be reached by using finer optical information [56,57]. An example of operational product from the ESA’s SMOS satellite is shown in Figure 3.



In the near future, higher resolution (<1 km) soil moisture products are expected to become available based on the SAR sensor on-board Sentinel-1 (e.g., [58,59,60,61]) as well as from advanced disaggregation approaches (see review by [62]). Further details of the existing operational SSM products are provided in Table 2.



Soil moisture was recognised by the Global Climate Observing System to be an essential climate variable in 2010. This underscores the potential of the above-mentioned data sets to support climate studies and, in a broader context, the interest in the operational estimation of satellite soil moisture. The ESA Climate Change Initiative (CCI) is one of the first initiatives to merge the different satellite microwave products available into a temporally and spatially consistent data set [57,63]. It is currently providing a multi-decadal soil moisture observational data record that covers partially the last 37 years and is expected to progressively incorporate latest satellite soil moisture products, reaching NRT capabilities by next year [60]. Note that, long-term soil moisture datasets are needed for climate studies and also to undertake robust assessments of the impact of using EO-based soil moisture estimates in Earth Science applications.



Continuity of observational records of surface soil moisture is ensured by the new generations of C-band radiometers (on-board GCOM-W2, GCOM-W3) and C-band scatterometers (on-board MetOp-C, MetOp-SG) and by new mission concepts at L-band, such as the Water Cycle Observation Mission (WCOM) from the Chinese Academy of Sciences, the US and Indian NASA–Indian Space Research Organization Synthetic Aperture Radar (NISAR) and the Argentinian Satélite Argentino de Observación Con Microondas (SAOCOM).



The main benefit of EO soil moisture data is its spatio-temporal coverage and its relatively lower cost for large scale applications as compared to in-situ or airborne acquisitions. The accuracy of the satellite microwave SSM products has been demonstrated in a number of validation studies comparing satellite retrievals with in-situ observations and/or outputs of land surface/hydrological models [61,64,65,66]. Also, the number of applications already using these products has grown in the last years, providing an indirect assessment of their quality. In this regard, a broad and non-exhaustive list of applications that will potentially benefit from the use of satellite soil moisture information includes hydrology [67,68,69], meteorology [70,71] and water resource management [72,73]. The reader is referred to [74] for a comprehensive review of operational applications using satellite soil moisture retrievals. The rest of this section presents sample research studies with focus on the use of soil moisture data on agro-ecology and water management related applications.



Agriculture and Agri-Food Canada (AAFC) has developed a system to integrate multi-sensor soil moisture data (through data intercalibration), therefore allowing the seamless use of AMSR, SMOS and SMAP for agroclimate risk monitoring and reporting [75]. The feasibility of detecting vegetation drought with ASCAT-derived soil moisture was reported in a recent study [76]. Agricultural drought indices based on SMOS soil moisture information have also been developed [77,78]. Using the Famine Early Warning Systems Network (FEWS NET), it was shown that a water requirement satisfaction index could be reformulated to take advantage of a SMAP-like product and provide improved crop yield estimates [79]. At higher spatial resolution (1 km), the experimental BEC L4 SSM product has been shown useful in assessing the impact of dry soil conditions on the decline of different tree species in Catalonia [80], in the determination of the water stress factor used to estimate Gross Primary Production in Mediterranean ecosystems [81] and in predicting the extent and occurrence of wildfires in the Iberian Peninsula [82,83].



Since the amount of water used for irrigation is largely unknown on a global scale, the capability of EO SSM data to provide irrigation assessment can potentially have a tremendous impact in future applications. In this regard, satellite soil moisture estimates were used to account for irrigation—otherwise not possible through model simulations—in a data assimilation framework for forecasting yields of grain crops in Africa [84]. More recently, [85] showed that AMSR-E soil moisture data could be used for discerning the shifting over time in the irrigation practices in north western India and [86] highlighted that the ESA CCI SM product can be used to detect irrigated areas in eastern China by comparing trends in satellite precipitation and soil moisture.




4. Challenges in Operational Estimation of ET/SSM


4.1. Challenges in Operational Estimation of ET


One major challenge in satellite ET estimation is the availability of high resolution imagery at both spatial and temporal scales. Generally, low or moderate resolution imagery is typically available at higher temporal resolution for e.g., MODIS but facing challenges with respect to spatial resolution (~1 km) and available only at 1 week or greater temporal resolution. On the other hand, SEVIRI has high temporal resolution but available at 1–3 km spatial resolution. Data from new remote sensing platforms could prove very useful for downscaling ET estimates to scales that more closely approximate actual agricultural fields. Some researchers attempted multi-sensor fusion to obtain high spatial temporal ET information; yet, presently not available for operational applications. Satellites such as Sentinels 2 and 3 by the European Space Agency (ESA), could provide ET data at high spatial and temporal frequency. Sentinel-2 can provide data in different regions of the electromagnetic spectrum with a revisit time of 5 days at the equator and 2–3 days at mid-latitudes. Therefore, such data can be very useful for vegetation-based ET models, including NDVI and the leaf area index (LAI). In addition, Sentinel-3 is able to provide thermal imagery at 1km resolution with revisit times of approximately 1 day at the equator. Such data can be utilised for developing methodologies to downscale coarser resolution SSM operational products (e.g., from SMOS) to 1 km. However, such approaches are at present at a relatively early stage of development and more research is needed in this direction.



Another major problem is developing algorithms for estimation of ET in heterogeneous landscapes such as in case of crops where agricultural plots are small and need different irrigation practices with respect to crop types. In developing countries like India, Pakistan, Bangladesh etc. are having marginal lands and following either a canal-irrigated system or from groundwater wells using the pumps. This cause a problem in retrieval of ET because of high variation in water level in the agricultural plots, as multiple cropping practices are dominating in these countries to optimize the yield. Most globally-available datasets are at a resolution of 1 km (MOD16) or coarser (PT-JPL, MOD16, GLEAM, SEBS-LF), which is significantly larger than irrigated patches in many areas and hence is a major challenge in obtaining a good quality ET. Even in the United States, where agricultural fields are large, 1 km resolution can be too coarse to resolve individual fields and to map ET differences by crop [87]. The global datasets were designed for ET estimation over large spatial scales, often as input to community land surface models, rather than to assess crop-specific ET. In heterogeneous irrigated landscapes in semi-arid climates, extreme spatial variability in soil moisture and ET means that extremes of low and high ET may occur in a single 1 km pixel, which significantly reduces ET estimates in the 1 km aggregated average. This could result in an underestimation of ET from irrigated cropland if no further disaggregation technique were applied.



Therefore, more complex algorithms that use all visible and NIR bands to model ET in a moving window may be more successful in irrigated landscapes [88]. Techniques such as image sharpening can also be attempted by combining imagery from different satellite platforms, for example by using Landsat to sharpen MODIS imagery, though this has similar problems as the intra-platform sharpening technique in areas where temperature-NDVI relationships are complicated by surface irrigation [39]. Furthermore, from an algorithmic point of view, nearly all available methods in deriving estimates of LE and/or H fluxes have been developed essentially for cloud-free conditions.



In addition, there are significant challenges in evaluating the accuracy of derived ET operational products. This is due to a lack of appropriate “reference” data for different ecosystems worldwide. Evidently, ground instrumentation itself can be limited and our ability to measure ET is dependent on the type of the instrumentation used and the characteristics of the site on which this instrumentation is installed (e.g., an error of 20% is typically expected in the ET measurement by eddy covariance in rugged terrain [14]). The spatial representativeness of the “reference” measurement and how does that compare to the satellite-derived prediction of ET from the operational product is also a question that is hard to answer. To our knowledge, few studies have so far been concerned with establishing the accuracy of such operational products, particularly so at continental or watershed scales [18].




4.2. Challenges in Operational Estimation of SSM


There are number of challenges in the satellite soil moisture estimation for agricultural applications. A key challenge is that the spatial and/or temporal resolutions provided at present by the available operational products do not sufficiently represent the spatio-temporal dynamics/variations and uncertainties of SSM at small scales [21,46]. Many hydrological applications require information on soil moisture at sub-daily temporal resolutions, where this time-dependent data is needed to initialise and update forecast, storm water management, flood or hydrological models. Therefore, there is a requirement for the development of operational SSM information at the requisite spatio-temporal scale for the monitoring of hydrological processes and applications.



Furthermore, another challenge is related to the penetration depth of the EO signal and the depth on which the soil moisture can be retrieved. In visible/IR or even for some wavelengths in the microwave region of the spectrum the penetration depth is very poor. The latter leads to an incomplete picture of the soil moisture profile and is found to be not very suitable for agricultural applications which involves depth wise soil moisture measurements, such as in is the case for of irrigation water demand estimation. The other important problem relevant to this in satellite soil moisture retrieval is the presence of dense vegetation covers, which causes uncertainty in soil moisture retrievals [89]. Therefore, retrieval models able to quantify the vegetation contribution to emissivity are needed for robust soil moisture retrievals, (see recent retrieval approaches for soil moisture and vegetation optical depth at L-band: [90,91]).



A further challenge is related to the acquisition conditions under which SSM can be retrieved. During cloudy conditions soil moisture retrieval from visible/IR satellite produce is not possible. Microwave can provide retrievals under all weather conditions however, they are strongly affected by Radio Frequency Interference (RFI) [92]. In addition, SSM retrieval in areas with high pixel heterogeneity, specially in agro-ecosystems with varying crop type, can cause very significant differences in the behaviour of retrieved SSM [93,94]. This includes regions with the presence of free water within the pixel. Other important factors are the spatial and temporal resolutions of the retrieved soil moisture [9]. As soil moisture is highly variable, sub daily or hourly records are needed for an accurate application of soil moisture especially for irrigation scheduling, this is not possible with present microwave sensors which are on polar orbits and provide measurements during dawn and dusk [95]. Possible solutions to this would be a microwave sensor on a geostationary platform or a retrieval approach combining a polar-orbiting microwave sensor with a VIS/IR geostationary [55].



Lesser accuracy in the soil moisture retrieval due to the variety of reasons mentioned above can cause uncertainty in irrigation scheduling practices. Thus, providing a full characterization of the errors associated with an operational product is another challenge. Remote sensing scientists need to improve the characterization of the errors associated to the soil moisture products and their consistency. To ensure that these operational products can be exploited at full potential, efforts should be directed towards their validation and error characterisation under different climatic and vegetation biomes [18,35]. Such studies should also include the implementation of sensitivity analysis as integrated part of the verification [96].





5. Future Applications with Emphasis in Agriculture


5.1. Water & Agriculture


As already stated at the start of the manuscript, it is estimated that agriculture consumes up to 70% of the world’s fresh water supply [1]. Siebert et al. [97] now estimate that up to 273 M ha of land are irrigated with the majority deployed in south Asia (77 M ha), east Asia (60 M ha) and the United States (29 M ha). The need to increase water use efficiency is seen as a key driver of the sustainable intensification of agriculture [3,98]. This recognizes the key challenge of the need to develop novel technologies that can provide food for an expanding global population, whilst minimising impacts on the environment. Operational estimation of SSM and ET has the potential to underpin water use efficiency across global agricultural applications.



Despite this overwhelming global need, EO operational products approaches in relation to SSM and ET have not been widely adopted by the agricultural community. This is surprising as there is now a global trend towards the development of precision irrigation technology [99]. Ultimately, precision irrigation technology drives water use efficiency by carefully targeting moisture application directly to the needs of individual plants rather than for a whole crop. A key technical barrier to the wide scale adoption of precision irrigation techniques include the availability of operational EO estimates of ET and SSM estimates at high spatio-temporal resolutions.




5.2. EO & Field Irrigation


To date, EO approaches to optimise in field irrigation decision support have focused on optical satellite technology [100,101] via the estimation of key biophysical parameters such as leaf area index (LAI), surface albedo, crop height and in turn key crop coefficient (Kc) required to estimate water requirements. The system reported by Voulo et al. [100] has been deployed in Italy (IRRISAT), Austria (EO4Water) and Australia (IRRIEYE) with a resolution of 20 m. However, all optical EO applications for agricultural irrigation decision support require high temporal frequencies (days not weeks) of image data. There are now increasing numbers of EO platforms that can provide the necessary suite of data and the issue of cloud cover can be overcome using microwave data. This is a critical issue for irrigation support within agriculture. The working capital deployed by farmers to grow crops is extremely high, so in global regions that have significant cloud cover precision irrigation techniques reliant on optical EO techniques to estimate ET and SSM are unlikely to be commercially robust.



Precision irrigation techniques also require high spatial resolutions as SSM is known to vary considerably within fields [102]. These complex spatial variances in soil moisture are driven by multiple factors such as changes in site elevations, soil type, soil density, underlying changes in geology, variances in local crop growth, nutrition etc. For field and precision irrigation, it is critical that on site spatial variance is well understood. However, even ground-based sensors (such as TDR and neutron probes) are of little value in understanding field scale variances in soil moisture. These devices have very small fields of view (cm) and interpolation over field scales would require prohibitive numbers of instruments. However, radar-based EO sensors offer an emerging approach to estimation of soil moisture spatial variability on a field scale (km2). However, robust higher spatial resolutions with EO can only be achieved with calibration against accurate ground truth instruments that measure at within field scale resolutions.



Recent advances in novel ground sensors; in particular cosmic neutron albedo detectors (cosmos sensors) will facilitate necessary ground truth data provision. Cosmos sensors provide direct field scale measurement of soil moisture to within a c. 150 m radius of the sensor [103]. Recently, Evans et al. [104], who described a UK network of ground-based cosmos sensors, showed a reasonable correlation on two different sites (R2 = 0.46, n = 837 days and R2 = 0.59, n = 0.59) between soil moisture retrieved from ASCAT (grid 12.5 km2) and the novel ground sensors. These results were achieved despite a mismatch in the spatial resolutions of the ASCAT and cosmos stations. A further manifestation of cosmos sensor technology has been described by Dong et al. [105]; this group developed a mobile version of the cosmos sensor (“cosmos rover”), which can be deployed on a utility vehicle. The rover was designed to provide rapid estimations of soil moisture across large geographical regions (where there is a lack of ground truth data), or high spatial resolution measurements within a single field. We do foresee that the combination of novel ground truth data (e.g., cosmos sensors) with new high resolution EO active MW platforms (e.g., Sentinel-1) offers significant potential to develop high resolution operational products within field maps of soil moisture. This combination could enable the large-scale and cloud independent, use of EO to underpin in field and precision irrigation decision support.



In addition, irrigation decision support also requires estimates of biophysical parameters in particular LAI and the crop parameter Kc (for a full description of the approach see [49,106]). If cloud denies optical recognition of these parameters then SAR must also be used. The use of radar technologies to estimate LAI is well established (see [49,107,108]). These approaches are not without issues, the radar response can saturate at high LAI [49,109] and the results can be confounded by changes in soil moisture content. However, Bériaux et al. [110] showed that the issues with soil moisture confounding can be partially offset with limited input of independent estimates of ground soil moisture (e.g., TDR or cosmos stations) are included within the LAI estimation framework. It is clear though that in order to be able to use both optical and SAR in remote sensing applications still is required considerable research in order to reach the reliability (e.g., cloud obscuration) and system resilience to support real time precision irrigation application.





6. Conclusions & Future Work Directions


This paper provided a review of the state of the art in the use of EO data to derive operational estimates of ET and SSM. It also discussed emerging applications that can potentially benefit from the integration of ET/SSM operational products. The review suggested there is a significant progress made in recent years in the estimation of ET and SSM parameters from space but further work is required in order to be able to use those products in support of sustainable water management, particularly so at a spatio-temporal scale for the monitoring of hydrological processes and practical applications. Evidently, there are still a number of challenges to be addressed to optimize parameter accuracy and uncertainty and to improve the operational capability of services and practical applications developed using EO data. Despite the breadth of space technology and the promising accuracies reported by different techniques measuring SSM from EO sensors currently in orbit, still primary challenges in using existing operational ET and SSM data remain. Among the key directions on which future work should be directed to address those challenges in both ET and SSM products are included the following:




	
Thanks to advances in instrumentation, space technology and algorithm development, the new generation of satellite sensors are rapidly increasing their capabilities in terms of spatio-temporal resolution and accuracy of retrieved parameters. Also, new technologies such as cubesat and nano-satellites, if well designed, have the potential to provide high spatial-temporal resolution at low costs [71].



	
Although new satellites are planned or already in orbit for estimation of SSM and ET, a better characterisation of the retrievals can only be obtained after development of more robust algorithms. As science is progressing at a good pace, more research devoted to the improvement of present SSM and ET retrieval algorithms is needed to enable a seamless integration of EO-derived information in practical applications. Present challenges to obtain reliable estimates of ET and SSM include the reconstruction of the environmental parameters from the measured signal by using a minimum of auxiliary data. Furthermore, development of new algorithms especially designed for different crop types are needed for an effective monitoring of ET and SSM over agro-ecosystems.



	
In some areas, agricultural fields might be too small for satellite observations for precision irrigation and measurements would have to be taken locally. This is probably especially the case in regions which do not have the financial means for these types of measurements. To address, this issue many researchers are working to produce fine resolution maps for local applications by using the spatial downscaling/disaggregation techniques [55]. Spatial downscaling/upscaling and synergistic approaches can be used to integrate data from different sensors and provide ET/SSM information at the required spatio-temporal resolution, covering the need of agro-hydrological applications. These spatially disaggregated maps are well validated in many regions and could be an alternative to poorly gauged basins/areas. Note, however, that there is generally a trade-off between high spatial resolution and high accuracy and therefore providing the final product with uncertainty bounds is paramount.



	
Data assimilation can be used to constrain models with in-situ and satellite ET/SSM data in decision support systems that enable improved natural resource management, disaster prevention and response and other benefits to society. Also, recent improvements on radar physical modelling and on new SAR and TIR sensing capabilities hold great promise for ET/SSM soil moisture measuring at very high resolution.



	
Benchmarking of the operational products of ET/SSM at different spatial scales and under a range of environmental and climatic conditions against in-situ and modelled estimates and also detailed inter-comparisons between the available satellite products is a very important step that needs to be taken in order to establish the accuracy and uncertainty of the retrieved biophysical parameters, which is a requirement for its use in operational applications.








In this paper, we have provided a comprehensive review on the use of EO estimates of ET and SSM for agricultural applications. The review of literature indicates that more research in the technical literature domain is required on appraisal of ET and SSM over agricultural areas. Also, further studies should focus on estimating and improving ET using the SSM information from the EO dataset, perhaps by using the multi sensor fusion techniques or assimilation of SSM in ET algorithms for e.g., in GLEAM (Global Land Evaporation Amsterdam Model—https://www.gleam.eu/), which has provision for assimilation of SSM to correct random forcing errors.
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Figure 1. SEVIRI ET product on 6 August 2011 at different hours on the same day for Spain. The spatiotemporal variability of ET throughout the day can be observed. 
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Figure 2. Examples of the agreement between in-situ and predicted ET from SEVIRI for the different seasons for year 2011 for different sites. In particular, results are shown for: (a) FR MAU; (b) ES AGU; (c) IT MBO; (d) UK EBU. Green represents the in-situ ET daily mean, Red is the SEVIRI-predicted ET, Blue is daily standard deviation of the in-situ ET. Figure adopted from [35]. 
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Figure 3. An example of the SMOS L4 disaggregated product over the Iberian Peninsula from November 4, 2010, SMOS afternoon pass. First two rows contain images of Landsat RGB composite (left), SMOS L2 soil moisture (centre) and SMOS data disaggregated at 1 km (right) (first row) and REMEDHUS (second row), The layout of permanent stations within REMEDHUS is overlaid to the Landsat composite. The third row contains the MODIS/Terra NDVI (left), SMOS L1C horizontal TB at 42.5 (centre) and MODIS/Terra LST (right) from the same day, used to generate the soil moisture map at 1 km. Figure adopted from [55]. 
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Table 1. Examples of current and future satellite-based TIR imaging systems, along with characteristics spatial and temporal resolutions (after [25]).
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	Pixel Scale
	Spatial Resolution
	Temporal Resolution
	Past Sources
	Current Sources
	Future Sources





	Coarse
	5–20 km
	15 min
	MSG
	GOES
	GOES



	
	
	
	
	MSG
	MSG



	
	
	
	
	AIRS
	CrIS



	Moderate
	1 km
	Daily
	AVHRR
	MODIS
	SENTINEL-3



	
	
	
	ATSR
	VIIRS
	



	Fine
	60–120 m
	Once every 5–16 days
	LANDSAT
	LANDSAT
	LDCM



	
	
	
	
	ASTER
	HyspIRI







Note: GOES (Geostationary Operational Environmental Satellite), MSG (Meteosat Second Generation), AIRS (Atmospheric Infrared Sounder), MODIS (Moderate Resolution Imaging Spectroradiometer), AVHRR (Advanced Very High Resolution Radiometer), ATSR (Along Track Scanning Radiometer), ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer), CrIS (Cross-track Infrared Sounder), VIIRS (Visible/Infrared Imager Radiometer Suite), LDCM (Landsat Data Continuity Mission), HyspIRI (Hyperspectral-Infrared Imager).
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Table 2. Present (June 2017) remote sensing soil moisture data products with near real-time capabilities.
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	Product Name
	Sensor Type
	Distribution
	Spatial Resolution
	Temporal Resolution (Days)/Coverage





	MetOp/ASCAT soil moisture
	Microwave scatterometer (C-band)
	http://www.eumetsat.int
	12.5–25 km
	2/global (2007+)



	SMOS L2/L3 soil moisture
	Microwave radiometer (L-band)
	https://smos-ds-02.eo.esa.int/

http://bec.icm.csic.es/land-datasets/
	35–60 km
	2–3/global (2010+)



	GCOM-W1/AMSR2 soil moisture
	Microwave radiometer (C and X bands)
	https://earthdata.nasa.gov/
	25 km
	1/global (2012+)



	SMAP L2/L3 soil moisture
	Microwave radiometer (L-band)
	https://nsidc.org/data/smap
	40 km
	2–3/global (2015+)



	SMOS BEC L4 soil moisture
	Fusion of microwave (L-band) and optical (VIS/IR)
	bec.icm.csic.es
	1 km
	2–3/regional (2010+)
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