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Abstract

:

Waterlogging is an increasingly important issue in irrigated agriculture that has a detrimental impact on crop productivity. The above-ground effect of waterlogging on crops is hard to distinguish from water deficit stress with remote sensing, as responses such as stomatal closure and leaf wilting occur in both situations. Currently, waterlogging as a source of crop stress is not considered in remote sensing-based evaporation algorithms and this may therefore lead to erroneous interpretation for irrigation scheduling. Monitoring waterlogging can improve evaporation models to assist irrigation management. In addition, frequent spatial information on waterlogging will provide agriculturalists information on land trafficability, assist drainage design, and crop choice. This article provides a scientific perspective on the topic of waterlogging by consulting literature in the disciplines of agronomy, hydrology, and remote sensing. We find the solution to monitor waterlogging lies in a multi-sensor approach. Future scientific routes should focus on monitoring waterlogging by combining remote sensing and ancillary data. Here, drainage parameters deduced from high spatial resolution Digital Elevation Models (DEMs) can play a crucial role. The proposed approaches may provide a solution to monitor and prevent waterlogging in irrigated agriculture.
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1. Introduction


In irrigated agriculture, waterlogging is a common problem with detrimental impact on crop productivity [1]. Waterlogging prevents aeration of the root-zone and induces secondary soil salinization, as salts are unable to leave the soil profile [2]. Waterlogged soil conditions affect plant physiology by causing low oxygen availability in the roots, a reduction of the availability of nutrients, and a change in microbial activity. These effects of waterlogging hamper crop growth and yield significantly [3]. For example, Dennis et al. [4] estimated a EUR 180 million annual loss in wheat production due to waterlogging in Australia.



Worldwide, roughly twenty percent of irrigated land is burdened by waterlogging and secondary soil salinization resulting from over-irrigation or poor sub-surface drainage [5]. This is especially the case for (semi-)arid areas with high evaporation rates [6]. Researchers have reported issues related to waterlogging around the world, such as in Australia [3,7,8], Pakistan [9], India, among other countries [10,11].



For example, waterlogging and secondary soil salinity in the Lower Arkansas River of Colorado causes significant damage to agriculture [1]. The agricultural land in this basin has been irrigated since the 1870s, and reported issues with waterlogging date back to the beginning of the 20th century. Waterlogging increased over the decades as a consequence of continuous irrigation and inadequate drainage, causing the water table to rise within the rootzone. Moreover, 25 percent of the agricultural area in the Lower Arkansas River basin has a water table at less than 1.5 m. Houk et al. [1] calculated agricultural profits are approximately 40 percent less as a consequence of waterlogging and associated soil salinity.



In the last 50 years, the global area equipped with irrigation has almost doubled [12]. The global coverage of irrigated areas is expected to increase alongside the projected rise in global population [13]. Moreover, the future increase in population calls for sustainable agricultural intensification, as the majority of the world’s arable land is already cultivated [14,15,16]. Irrigated crop production globally is 2.5 times more productive than rain-fed crop production [17]. Therefore, irrigation is internationally promoted as a technique to help sustain future food demand [15].



The increase in irrigated areas is expected to increase fresh water abstraction rates. Presently, agriculture already accounts for approximately seventy percent of the total freshwater withdrawals [18]. Studies show that the socio-economic impact, due to an increased demand on our freshwater resources may be just as large as the pressure resulting from climate change [19,20].



Therefore, to manage freshwater in a sustainable manner and optimize productivity, it is necessary to focus on enhancing water use efficiency and water productivity in irrigated agriculture [21]. Here, monitoring plays a crucial role: to track (crop) water use and assess opportunities for improvement. Satellite remote sensing can be a powerful tool in monitoring and evaluating crop water use [22,23]. Optimizing irrigation water use, in an irrigation scheme for example, can benefit from frequent spatial evaporation updates on the actual development of the crop and its water requirement [24,25,26], as farmers tend to over-irrigate in the absence of objective information on crop status and water requirement [25].



Satellite-based evaporation algorithms are increasingly common in irrigation scheduling, to irrigate the right quantity at the right time [25,26]. In these evaporation algorithms crop stress is directly or indirectly inferred through satellite data by spectral indices, thermal bands, or passive microwave observations, where the term crop stress is inferred to include all kinds of crop stresses, such as water stress [27], nutrient stress [28], or stress resulting from disease or pest [29]. Therefore, if these algorithms are used for irrigation purposes, stress resulting from other stresses than water deficit may cause overirrigation. For example, stress resulting from waterlogging can be wrongly interpreted as a need for irrigation, while adding more irrigation water might in fact worsen waterlogging problems [30].



Considering the above, monitoring waterlogging could therefore contribute to the prevention of waterlogging in irrigated agriculture. By identifying which areas are prone to waterlogging, irrigation could be reduced or drainage improved. This would improve both irrigation water use as well as crop productivity. Additionally, an operational monitoring system can provide agriculturalists information on land trafficability, drainage, or crop selection [3].



Satellite remote sensing has the potential to monitor and identify waterlogging in agricultural fields. However, there is limited research available on waterlogging within the remote sensing community [31,32,33]. Literature focussed on waterlogging in irrigated agriculture is even more limited [34,35]. Therefore, the aim of this research is to provide a perspective on how waterlogging could be monitored in irrigated agriculture. This article starts by reviewing literature on the topic of waterlogging within the disciplines of agronomy and hydrology. Then, we look at what has been done so far in terms of waterlogging in satellite remote sensing. Here, we will also discuss the presence of waterlogging in current remote sensing-based evaporation algorithms. Throughout the article we use an irrigated sugarcane plantation in Xinavane, Mozambique as a case study. The plantation has waterlogging issues throughout the estate and provides an excellent opportunity to demonstrate how waterlogging is detectable in different remote sensing products. Next, we review approaches that have proved successful in the field of inundation detection and discuss how they might be adapted to address the challenges associated with monitoring waterlogging in irrigated agriculture. Finally, these aspects will be synthesized to present a roadmap towards the development of a methodology to monitor waterlogging with remote sensing for sustainable irrigated agriculture.




2. Waterlogging and Its Impact


Waterlogging is the accumulation of excess water in the rootzone [36]. Agronomists also define soil submergence, where even the aerial (above-ground) plant tissue is partly or completely flooded [37]. When a soil is waterlogged or submerged, pores are predominantly filled with water. However, to sustain proper crop growth a good soil needs to consist of a combination of soil, air, and water. Both waterlogging and soil submergence can create a situation where there is less than 21 percent oxygen in the soil, this is called hypoxia [37,38]. Anoxia occurs when there is a complete absence of oxygen [39].



The response of crops to (partial) submergence or waterlogging differs [40]. In general, when plants are partially submerged, shoot elongation may be suppressed to keep carbohydrates for when flooding disappears. On the other hand, when a plant is fully submerged, rapid elongation can occur to reach the surface of the water. The influence of waterlogging, partial submergence, and full submergence all negatively affect the yield. Here, we define waterlogging as the situation where the rootzone is deprived of oxygen, irrespective of partial or full submergence.



The absence or scarcity of oxygen under waterlogged soil conditions hampers the gas exchange in and around the plant, as water slows down the gas diffusion necessary for major physiological processes in the plant [38]. Vital processes such as photosynthesis and transpiration are heavily affected by waterlogging as these require exchange with atmospheric gases [38,39]. The absence of oxygen inhibits or prevents the roots from taking up ions. This disturbs the water potential in the cells of the plant and leads to a decrease in stomatal conductance (the degree of stomatal opening) [41].



There are many effects of physiologic and morphological responses to oxygen deficit to aerial plant tissue, and they are crop- and variety-dependent. Generally, above-ground symptoms of waterlogging include wilting of the plant, leaf yellowing, reduction of plant growth, and grain yield [3,42]. Importantly, leaf wilting of the plant is often interpreted as water deficit stress [3]. Morphological adaptations or symptoms as stomatal closure or leaf wilting can occur both under crop stress due to water deficit as well as due to waterlogging, see Figure 1.



Waterlogging inhibits root development, leading to a decrease of root length and weight [43]. Ultimately, the damage to the root system negatively impacts the nutrient and water uptake of the crop, and may result in a physiological water deficit above ground [44]. To survive waterlogged soil conditions crops can develop adventitious roots [45]. The adventitious roots grow from the stem and closer to the surface in order to access oxygen [42].



The impact of waterlogging on crop yields can vary in different regions due to the variation in climatic conditions, soil types, crop type, crop variety, crop age, and management differences [42]. Each crop and variety responds differently to waterlogging, and the duration of waterlogging is key to the impact on crop yield [41]. Figure 2 provides an overview of the effect of waterlogging duration on the yield for different major crops based on data collated from the literature. Raw data can be found in Appendix A.



From Figure 2 it can be observed that the selected crops experience a reduction in yield when waterlogging occurs. Most terrestrial crops are sensitive to water excess in the rootzone [38]. However, some crop types are more resistant to waterlogging than others. For example, a few study results on wheat show a yield reduction of 30 percent where waterlogging prevailed for 60 days [46,47,48]. On the other hand, most tomato varieties already experience severe yield reduction after a few days of waterlogging [49,50,51].



Please note that the effect of duration can differ for the same crop type in Figure 2 as some experiments use different varieties or a different onset of waterlogging within the growing season. In all development stages waterlogging is an issue. However, the impact differs because of different coping mechanisms in the crop stages [42,43]. For example, the impact of waterlogging on corn and soybean growth is largest in the initial or development stage [52,53,54,55,56,57]. Germination and seedling establishment are frequently mostly impacted by waterlogging [42].



There are also crops more resistant to waterlogging. For instance, paddy rice is cultivated on flooded soils. However, when completely submerged, paddy rice yield may be negatively affected [41]. Another example of a waterlogging-resistant crop is sugarcane, which can withstand weeks of waterlogging or inundation [27,58]. Nonetheless, long-term or permanent waterlogging is detrimental to sugarcane productivity and can result in secondary soil salinization [59,60].



An example of the effects of waterlogging to crop productivity can be observed in an irrigated sugarcane plantation in Xinavane, Mozambique, see Figure 3A–C. In this plantation, there are a lot of productivity issues associated with waterlogging [61,62]. During a large soil survey waterlogged areas were documented [62]. From Figure 3A it is visible that the majority of the waterlogged areas coincide with low crop productivity. Figure 3B,C show photographs of the waterlogged areas. The photographs show how sugarcane growth is hampered as a result of waterlogging.



Waterlogging is also noted as a driver behind yield instability in other areas [63]. Martinez-Feria and Basso [63] assess temporal yield variability in maize, soybean, wheat and cotton in the US Midwest. They prove largest in-field variability can be found in depressional areas, where waterlogging occurs in wet years.



For the majority of the experimental results in Figure 2, the focus lies on the effect of waterlogging with a duration of <10 days to assess the impact on yield. The effect on crop yield can already be significant in a few days. Therefore, both transient or permanent waterlogging needs to be monitored and prevented for optimal crop productivity. Monitoring waterlogging is especially useful in areas where it can be controlled, such as in irrigated or drainage agriculture.



The spatial extent of waterlogging varies from small-scale depressions to large-scale shallow groundwater tables. Waterlogging is related to absence of or limited drainage, and occurs in local depressions, poorly constructed irrigation schemes, (irrigated) wetlands, or areas with impermeable soils, for example [64]. Small-scale depressions in a field may induce waterlogging, but a shallow groundwater table may also enhance the development of waterlogged soils. To prevent or mitigate waterlogging adequate drainage is required [11,64].



Geographically, waterlogging occurs in both natural and human induced circumstances. In natural circumstances, waterlogging may occur when there is a high water table and water is continuously or at once added to the surface by rain or a flood event [3]. These naturally waterlogged areas can be found globally in wetlands, river basins, or lakesides, for example [65]. Waterlogging may also be caused by human interventions such as irrigation, wrongly designed drainage methods, and other surface alterations (e.g., ridges) [65,66]. Due to continuous irrigation, waterlogging is prevalent in agricultural areas in mostly arid and semi-arid areas where irrigation is needed to sustain agricultural production.



Previous research within hydrology and agronomy focused on modeling and monitoring waterlogging in irrigated agriculture to optimize crop productivity. For example, the crop models SWAGMAN, DRAINMOD, and APSIM take the effect of water excess stress on crop yield into consideration in agricultural management [3]. Recently, efforts were made to model waterlogging in irrigated paddy rice to understand human interventions in the irrigation schemes and the resulting yield reduction of waterlogged area [66]. To simulate waterlogging in irrigated agriculture, natural processes need to be considered, but also the hydraulic structures created by humans and the interventions taken place within the system are of importance (e.g., irrigation, gates) [66]. The model developed by Chen et al. [66] is able to predict accurate water levels within the irrigated rice system, but it requires a lot of data. Moving towards an operational monitoring system for waterlogging, satellite remote sensing could provide a less data-intensive solution. There is need for an operational monitoring system that identifies waterlogged areas to support decision-making in irrigation scheduling, drainage, or crop selection [3,66].




3. Waterlogging and Satellite Remote Sensing


There is limited research on waterlogging within the remote sensing community [31,32,33], especially in an irrigation context [34,35]. Within the agricultural water management community, Singh [9] reviewed literature to analyze the applications and GIS techniques available for the management of water in irrigated agriculture. Most of the techniques available focus on delineation of waterlogged areas, where the use of optical data in these studies are common. For example, Choubey [33] uses the infra-red band to delineate waterlogged areas. Normalized Difference Vegetation Index (NDVI) and Normalized Difference Water Index (NDWI) are also common indices used to delineate waterlogged areas [32,34,67,68]. Ultimately, the results are generally static risk maps delineating perennial and/or permanent waterlogged areas. The analysis of temporal variation in, for example, Enhanced Vegetation Index (EVI) or Land Surface Temperature (LST), are particularly useful for identifying waterlogged croplands [69].



The use of Digital Elevation Models (DEM), with or without the combination of optical data, has also played a role in research on delineation of waterlogging within remote sensing [32,35]. El Bastawesy and Ali [35] mapped waterlogging hazard with the help of hydrological parameters analyzed with GIS. A DEM was used to visually interpret the natural sinks in the area under study. Another example is Singh and Pandey [32], where the extent of waterlogging is spatially analyzed with Modified Normalized Difference Water Index (MNDWI) and a DEM.



However, as pointed out in Section 2, waterlogging is a process that changes in space and time in response to physical surface changes, precipitation and/or irrigation application. The aforementioned studies result in delineation of waterlogged areas, but do not monitor the actual areas subject to waterlogging over time. Ideally, an operational system should track the extent of area waterlogged in time. This is essential to provide agriculturalists with timely information on land trafficability and drainage to support decisions related to crop choice and land management practices. Furthermore, information on the waterlogging state is essential to correctly identify the underlying source of crop stress, and to improve irrigation advice based on satellite-based evaporation models [3,61].



Several researchers have demonstrated the potential of satellite remote sensing for irrigation scheduling, but also to assess the water use on global and catchment scale [22,70]. Examples of remote sensing-based evaporation algorithms can be found in Table 1. Table 1 shows that several of these methodologies are now downscaled to fine spatial and temporal resolution with the help of data from new satellites or improved algorithms [71,72]. This opens up an era of research to integrate valuable remote sensing information for field-scale water management [70].



In all remote sensing-based evaporation algorithms in Table 1, crop stress is directly or indirectly incorporated through satellite data by spectral indices, thermal bands, or passive microwave observations. The observed crop stress includes all kinds of crop stresses, such as water stress [73], nutrient stress [74], or stress resulting from disease or pest [29]. In current remote sensing-based evaporation calculations any kind of crop stress will translate into a need for irrigation.



However, waterlogging will also result in the closure of stomata or leaf wilting (see Figure 1), which in turn affects the surface temperature or eventually NDVI observed by the satellite [30]. In current evaporation algorithms, there is a dominant focus on water deficit, and stress resulting from water-logging may be overlooked or misinterpreted as water deficit stress. Scientific reviews on remotely sensed evaporation algorithms for irrigation focus mainly on water deficit stress [22,26,75,76,77,78], and do not consider stress resulting from waterlogging. If such algorithms would be used for irrigation scheduling, this might in fact worsen waterlogging problems [30].



To illustrate this, the irrigated sugarcane plantation in Xinavane, southern Mozambique, is considered. Many fields in the plantation are burdened by permanent waterlogging, see Figure 4. Figure 4B–D give a snapshot of an optical (RGB, Sentinel-2B), NDVI (Sentinel-2B), and Thermal image (B10, Landsat-8) in a field where waterlogging is occurring on the particular dates displayed [79]. From groundwater and field observations the centred field in Figure 4B–D is waterlogged: groundwater levels are within the rootzone and the centre of the field is fully submerged [79]. From Figure 4B you can see the effects of permanent waterlogging (and soil salinization): in some parts the sugarcane is barely growing. The latter is also visible in Figure 4C,D. The parts where sugarcane is barely growing results in a lower NDVI and higher surface radiometric temperature due to the exposure of bare soil.



Thermal Infrared bands and NDVI are common and important building blocks for ET algorithms, see Table 1. Often the surface radiometric temperature is partitioned using NDVI/LAI to retrieve soil and canopy temperature which are crucial to calculate latent heat. However, in the case of waterlogging underneath a canopy the algorithm will be able to visualize the effects of waterlogging only once the adverse effects of waterlogging already occurred. Namely when the NDVI/LAI is low due to hampered crop growth (see bare soil spots Figure 4C).



The latter example is illustrative of how waterlogging can be overlooked or misinterpreted as water deficit stress when these algorithms are used for irrigation. Nevertheless, it is important to include waterlogging stress to inform sustainable irrigation water use and productivity. In this context, Jones [30] also pointed out that it is critical to distinguish water deficit-related stomatal closure from the responses to other stress, which can also lead to stomatal closure. Therefore, monitoring waterlogging can be of help to interpret evaporation algorithms in irrigated agriculture.




4. Detection of Waterlogging with Different Remote Sensing Techniques


Detection of surface water with satellite remote sensing is based on the difference between radiometric properties and temperature of water and other surfaces [94]. There are several theoretical possibilities to detect surface water or waterlogging with satellite data: using passive microwave sensors, optical (VIS) or Near-infrared sensors (NIR), Synthetic Aperture Radar (SAR), or scatterometry. The advantages and disadvantages of each of the first three techniques to detect waterlogging with satellite imagery will be assessed. A summary can be found in Table 2.



First, waterlogging can be detected by passive microwave frequencies [95,96,97]. By combining data from different wavelengths, polarizations, and/or viewing angles, it is possible to retrieve information of the soil surface. Due to the high contrast in dielectric properties between water and dry soil, microwave observations are particularly suitable for sensing water in the topsoil or on the surface [98].



Passive microwave observations show sensitivity to the underlying surface wetness that enables detection of surface water even in densely vegetated areas [96,99,100,101,102]. The polarization difference increases with increasing soil wetness [100]. For example, soil moisture to a depth of 0.8 mm can be sensed with the Ka-band (37 Ghz) frequency [103]. A combination of different frequencies has also been used to detect surface wetness [104].



Higher frequency passive microwave channels, such as Ka-band, are partly influenced by atmospheric circumstances and vegetation and ideally should be corrected for those [105]. Low frequency passive microwave channels, such as the L-band radiometer on SMOS and SMAP, are less affected by canopy and atmospheric conditions [106] and are well suited to soil moisture monitoring.



The difficulty in using passive microwave observations to detect waterlogging is that their resolution is coarse. Observations at lower frequencies have a lower spatial resolution than observations at higher frequencies (e.g., L-band’s spatial resolution is in the order of 36 km). There are operational products that downscale brightness temperature observations. For example, NASA provides a downscaled 9 km resolution brightness temperature and soil moisture product [107]. This enhanced L-band product has, to our knowledge, not yet been used in research to detect surface water.



To illustrate the potential value of passive microwave remote sensing here, Figure 5 shows a comparison of satellite derived soil moisture from L-band observations over the sugarcane plantation in Xinavane and from a reference area with no irrigation. Here a downscaled version of SMAP L-band observations based on a new deconvolution method [108] and converted to soil moisture with the Land Parameter Retrieval Model gridded at 100 m is used [109]. Outside of the rainy season the average soil moisture is higher than the reference area without irrigation. Despite the coarse spatial resolution, L-band passive microwave observations are capable of detecting differences in surface soil moisture even under the dense sugarcane canopy.



Secondly, it is possible to detect surface water with VIS and NIR sensors. The physical radiation over different wavelengths in the VIS and NIR domain are distinctly different for water, compared to other surfaces. Longer wavelengths in the VIS and NIR bands are absorbed more by water than shorter VIS. Due to these spectral response patterns, water bodies can be delineated per pixel [110]. In addition, VIS and NIR sensors observe at a high spatial resolution, e.g., Sentinel-2 at a 10 m spatial resolution [111].



Nevertheless, Figure 6A shows a NDVI time-series (Sentinel-2) of a water logged and non-waterlogged field in the sugarcane plantation Xinavane, Mozambique (See Figure 3). The NDVI values in the timeseries of the waterlogged field are lower compared to the non-waterlogged field, as a result of hampered crop growth due to waterlogging. This confirms there is information within the optical spectrum on waterlogging. In addition, the standard deviation in the field dealing with waterlogging is larger. The latter is visible in Figure 6B, where a snapshot of the two fields show the waterlogged field (blue) shows less uniformity than the non-waterlogged field (gray).



A limitation of this technique is the inability to acquire observations under cloudy conditions [112]. Since waterlogging may also result from intensive rainfall events, the inability to have observations under cloudy conditions hampers the ability to continuously monitor waterlogging. In addition, VIS and NIR data are sensitive to the reflectance at the top of the canopy and cannot penetrate a dense canopy to provide information from the underlying surface [110]. This is highly problematic in agricultural applications where we need to monitor the surface under crops.



Third, active microwave observations may also provide information on waterlogging. SAR transmits a microwave pulse and measures the backscattered power of each returning signal [110]. These observations can be obtained in different wavelengths and polarizations. Generally, open water surfaces are distinguished by low backscattering coefficients [94]. Data from SAR are able to detect surface water bodies underneath vegetation [113,114]. For example, SAR can detect water beneath a slender leaf crop such as rice [114]. However, the signal is influenced by vegetation and the signal saturates under a thick canopy [115].



Unlike VIS and NIR data, SAR data are less influenced by atmospheric effects and observations can be made on cloudy days [112]. In addition, SAR provides data at high spatial resolution. Sentinel-1, for instance, provides SAR backscatter at a 5 × 20 m resolution [116]. Sentinel-1 data have a revisit time of six days with platform A and B, but coverage varies around the globe. For example, for the sugarcane plantation in Xinavane there is an observation every 12 days. To observe waterlogging, however, high temporal resolution is required, since most terrestrial crops are negatively effected by waterlogging in a matter of days (see Section 2).



The spatial and temporal resolutions of current available satellite products will limit the operationability of monitoring waterlogging in irrigated agriculture. Future missions, with higher spatial and temporal resolutions can become game-changers in the future. For example, ESA’s ROSE-L mission will provide high spatial and temporal resolution L-band data that is especially of interest to flood mapping, in particular below vegetation [117]. Additionally, Global Navigation Satellite Systems - Reflectometry (GNSS-R) signals can be an interesting data source to monitor waterlogging [118].



Several sources of remote sensing data contain useful information on waterlogging. Combining them provides complementary information on waterlogging at a range of spatial and temporal scales, and provides a way to circumvent the limitations of the individual data streams.




5. Downscaling Using Ancillary Data


In addition to combining observations from different parts of the electromagnetic spectrum, the use of ancillary data can provide a means to downscale passive microwave observations to higher spatial resolutions needed to monitor within-field waterlogging. In this regard, future research on monitoring waterlogging can benefit from the work done so far within monitoring inundation. Recently (global) inundation products were introduced that combine different satellite products with passive microwave remote sensing, also referred to as hybrid approaches [94,119,120]. By combining different satellite products, different sensitivities to surface properties are differentiated, but also higher spatial resolutions are obtained [112]. Two examples are Global Inundation Extent from Different Satellites (GIEMS) and Surface Water Microwave Product Series (SWAMP) [119,121].



Table 3 gives an overview of the characteristics of these inundation products. In recent years several researchers have attempted to downscale global and regional surface water products to higher spatial resolutions [94,120,122,123]. These methodologies all require high resolution ancillary data to improve the resolution of the passive microwave observations. Prigent et al. [94] distinguishes two strategies to improve the resolution of coarse scale surface water products: (1) downscaling using high spatial resolution satellite observations; (2) downscaling using topography information. Although waterlogging requires even higher spatial and temporal resolutions, these existing methodologies set a basis for an approach to monitor waterlogging.



In these inundation products the underlying assumption is the passive microwaves signal used is linked to the fraction of land inundated [94,120,124]. However, in irrigated agriculture there is a very important additional driver besides topography and precipitation, namely irrigation and man-made drainage. The underlying assumption used in current inundation models need to add derivatives of irrigation effects or detection of irrigation in order to monitor waterlogging.



To monitor waterlogging future studies should focus on how to include human-made drivers inducing waterlogging. Future scientific studies need to focus on using: (1) monitoring waterlogging with ancillary data by looking at derivatives of irrigation, and (2) waterlogging occurrence from drainage parameters deducted from high spatial resolution DEMs. These DEMs can be developed with data from LiDAR or Unmanned Aereal Vehicles (UAVs). A determining factor in suitability for DEM to monitor waterlogging is the vertical accuracy, which is still too large in available global satellite products, e.g., TanDEM-X with a vertical accuracy of two meters [126].



For example, in the sugarcane plantation in Mozambique permanently waterlogged areas occur in poorly drained areas, see Figure 7. The Height Above Nearest Drainage (HAND) was computed with a DEM from LiDAR observations. LiDAR data were provided by the agricultural department of the plantation and acquired between 17 and 27 September 2015. LiDAR return points were classified as ground or non-ground, where the ground points were correlated with Ground Control Points (GCP) to create a DEM. The Root Mean Square error between the return points and GCP was 0.04 m. For Figure 7A a DEM with a spatial resolution of 13 by 13 m was used. To compute the HAND model, the height of the drainage point of each irrigation section was subtracted from the height of the other points in the irrigation section catchment. Figure 7 shows the distribution of HAND is different in waterlogged fields compared to non-waterlogged fields. This illustrates topographical information withholds information on waterlogging or the potential to be waterlogged [124].




6. Conclusions


Waterlogging is a localized phenomenon (e.g., ponds within a field) and can induce crop stress within a few days. Within agronomy, studies on crop stress focus more on water deficit stress, as compared to stress resulting from waterlogging. However, waterlogging is a common and adverse problem in (irrigated) agriculture. Most terrestrial crops are susceptible to waterlogging, but the intensity of the negative effects depend on crop type and variety, duration, timing, among other factors. Within (irrigated) agriculture, waterlogging needs to be prevented to optimize yield, water productivity, and soil quality. Furthermore, failure to tackle persistent waterlogging can induce secondary soil salinization, a process that is hard to reverse.



The above-ground effect of waterlogging on crops is hard to distinguish from water deficit stress, as responses such as stomatal closure and leaf wilting occur in both situations. Currently the origin of crop stress is not distinguished by remote sensing-based evaporation algorithms and these may therefore be erroneously interpreted as a need for irrigation. In sum, before evaporation estimates from satellite data can play a role in optimizing the field-scale water use in irrigated areas, evaporation algorithms must be able to identify water stress only in the case of a water deficit in the root-zone. Here, monitoring waterlogging can play a role.



Efforts in modelling waterlogging are data-intensive and it is worthwhile to explore whether satellite remote sensing provides opportunities for an operational system to monitor waterlogging. In recent years studies within remote sensing on irrigated agriculture have focussed on static delineation of waterlogging. However, waterlogging is a dynamic process that requires frequent monitoring. Future research to create a remote sensing-based monitoring system to prevent waterlogging can learn from research on the remote sensing of inundation.



To demonstrate the information on waterlogging present in different remote sensing data products, we use an irrigated sugarcane plantation in Xinavane, Mozambique, as a case study. The plantation faces issues with waterlogging and, therefore, use the information to illustrate how different sensing techniques may contain information on waterlogging. However, each sensing technique has its own limitations. Consequently, there is not just one sensing technique suitable to monitor waterlogging. Opportunities to monitor waterlogging lie in hybrid approaches combining different satellite products to optimize temporal and spatial resolution. Future scientific routes should focus on complementing remote sensing data with ancillary data, and waterlogging occurrence from drainage parameters deduced from high spatial resolution DEMs (with LiDAR or UAVs).



Remote sensing can be used to identify areas that are frequently subject to waterlogging, information that can be used to make smarter crop choices and to improve drainage. Remote sensing data from multiple sources can be combined with ancillary data to monitor transient waterlogging at high temporal and spatial resolution. This can provide real-time information on trafficability, and potential crop damage. Most importantly, this provides an essential input to evaporation estimation algorithms used for irrigation support. In addition to conserving water resources, the correct attribution of crop stress to waterlogging rather than water deficit stress would ensure that waterlogging is not further exacerbated by the application of additional irrigation.
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Table A1. Different field studies researching the effect of waterlogging on crop productivity. The information in the table was used to create Figure 2. Timing refers to crop stage of the onset of waterlogging.
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	Crop
	Location
	Timing
	Duration (Days)
	Yield Reduction (%)
	Reference





	Corn
	Missouri, USA
	Development
	3
	10.0
	Kaur et al. [53]



	Corn
	Missouri, USA
	Development
	7
	29.0
	Kaur et al. [53]



	Corn
	Missouri, USA
	Development
	3
	21.0
	Kaur et al. [53]



	Corn
	Missouri, USA
	Development
	7
	36.0
	Kaur et al. [53]



	Corn
	Varanasi, India
	Development
	5
	21.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	19.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	51.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	55.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	33.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	43.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	80.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	21.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	78.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Development
	5
	76.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	12.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	15.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	29.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	31.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	21.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	28.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	44.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	26.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	33.0
	Shah et al. [52]



	Corn
	Varanasi, India
	Mid
	5
	29.0
	Shah et al. [52]



	Corn
	Shandong, China
	Initial
	6
	26.0
	Ren et al. [54]



	Corn
	Shandong, China
	Development
	6
	21.0
	Ren et al. [54]



	Corn
	Shandong, China
	Mid
	6
	13.0
	Ren et al. [54]



	Soybean
	Missouri, USA
	Mid
	8
	14.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	20.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Development
	8
	5.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	24.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Development
	8
	17.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	24.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	39.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	23.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Development
	8
	1.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	12.0
	Rhine et al. [55]



	Soybean
	Missouri, USA
	Mid
	8
	20.0
	Rhine et al. [55]



	Soybean
	Ohio, USA
	Initial
	3
	20.0
	Sullivan et al. [56]



	Soybean
	Ohio, USA
	Initial
	3
	20.0
	Sullivan et al. [56]



	Soybean
	Ohio, USA
	Initial
	6
	93.0
	Sullivan et al. [56]



	Soybean
	Ohio, USA
	Initial
	6
	93.0
	Sullivan et al. [56]



	Soybean
	Louisiana, USA
	Initial
	7
	29.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Initial
	7
	9.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Development
	7
	18.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Development
	7
	64.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Mid
	7
	93.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Mid
	7
	67.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Late
	7
	23.0
	Linkemer et al. [57]



	Soybean
	Louisiana, USA
	Late
	7
	18.0
	Linkemer et al. [57]



	Wheat
	Pisa, Italy
	Development
	4
	2.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	8
	2.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	12
	2.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	16
	6.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	20
	8.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	40
	20.0
	Pampana et al. [46]



	Wheat
	Pisa, Italy
	Development
	60
	30.0
	Pampana et al. [46]



	Wheat
	Arkansas, USA
	Development
	28
	42.0
	Arguello et al. [48]



	Wheat
	Arkansas, USA
	Development
	14
	13.0
	Arguello et al. [48]



	Wheat
	Lleida, Spain
	Development
	4
	18.0
	Marti et al. [47]



	Wheat
	Lleida, Spain
	Development
	8
	19.0
	Marti et al. [47]



	Wheat
	Lleida, Spain
	Development
	12
	13.0
	Marti et al. [47]



	Wheat
	Lleida, Spain
	Development
	16
	28.0
	Marti et al. [47]



	Wheat
	Lleida, Spain
	Development
	20
	38.0
	Marti et al. [47]



	Wheat
	Lleida, Spain
	Development
	24
	46.0
	Marti et al. [47]



	Cotton
	Xinxiang, China
	Initial
	2
	0.5
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Initial
	4
	0.5
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Initial
	6
	4.8
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Initial
	8
	13.1
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Initial
	10
	18.3
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Development
	2
	4.3
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Development
	4
	4.8
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Development
	6
	8.3
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Development
	8
	20.2
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Development
	10
	27.9
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Mid
	2
	14.3
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Mid
	4
	23.1
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Mid
	6
	26.7
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Mid
	8
	36.9
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Mid
	10
	38.8
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Late
	2
	0.0
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Late
	4
	0.5
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Late
	6
	4.8
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Late
	8
	4.8
	Wang et al. [127]



	Cotton
	Xinxiang, China
	Late
	10
	7.6
	Wang et al. [127]



	Tomato
	Manikganj, Bangladesh
	Development
	3
	54.0
	Tareq et al. [49]



	Tomato
	Manikganj, Bangladesh
	Development
	6
	65.0
	Tareq et al. [49]



	Tomato
	Manikganj, Bangladesh
	Development
	9
	77.0
	Tareq et al. [49]



	Tomato
	Manikganj, Bangladesh
	Development
	12
	85.0
	Tareq et al. [49]



	Tomato
	Taiwan
	Development
	2
	24.0
	Ezin et al. [50]



	Tomato
	Taiwan
	Development
	4
	44.0
	Ezin et al. [50]



	Tomato
	Taiwan
	Development
	8
	60.0
	Ezin et al. [50]



	Tomato
	Odisha, India
	Development
	1
	29.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	2
	65.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	1
	47.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	2
	59.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	1
	30.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	2
	54.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	1
	44.0
	Mohanty et al. [51]



	Tomato
	Odisha, India
	Development
	2
	66.0
	Mohanty et al. [51]
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Figure 1. The similarities in response to the crop on above-ground features in times of waterlogging (left) and water deficit (right). The situation and response of the crop beneath the surface is different. 
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Figure 2. The relation between duration of waterlogging (in days) and yield reduction (in percentages). Each dot represents a study result from literature. The size of the dots illustrate the onset of waterlogging within the growing season. 
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Figure 3. (A) An overview of the average yield per field in Xinavane between 2008–2019 in Ton Cane per Hectare (TCH). The black striped shapefile displays the areas with waterlogging issues [62]. (B,C) illustrate what happens in the field to the growth of sugarcane in waterlogged areas. 
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Figure 4. (A) the extent of permanent waterlogging documented by a sugarcane plantation in Xinavane, Mozambique [62]. (B) a snapshot of a true-color composite by Sentinel-2B on 14 April 2019. (C) a snapshot of NDVI observed by Sentinel-2B on 14 April 2019. (D) a snapshot of surface radiometric temperature (B10) observed by Landsat-8 on 15 April 2019. 
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Figure 5. Timeseries of satellite soil moisture for an irrigated (blue) and non-irrigated reference area (gray) as derived from enhanced L-band microwave observations of NASA SMAP [108]. The lightblue bars on top indicate precipitation events measured by a meteorological tower within the irrigated area. 
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Figure 6. (A) NDVI timeseries observed by Sentinel 2B of a waterlogged (blue) and non-waterlogged field (gray). The black vertical line denotes the observation date of the snapshot in B. (B) NDVI snapshot on 30-12-2018 of the waterlogged (blue border) and non-waterlogged field (gray border). 
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Figure 7. (A) A kernel density estimation and histogram of the distribution of the average HAND per field with waterlogging issues (blue) and without waterlogging issues (gray) as reported by Vilanculos and Mafalacusser [62]. (B) A spatial overview of the HAND throughout the plantation considering drainage pumps. 
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Table 1. An overview of different remote sensing-based evaporation algorithms and their characteristics. The spatial and temporal resolutions are the highest resolutions found in the literature. LST: Land Surface Temperature, NIR: Near infra-red, FPAR: fraction of photosynthetically active radiation.
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	Name
	Spatial Res
	Temporal Resolution
	Crop Stress Product
	Crop Stress Bands
	Source





	MODIS ET
	30 m
	Daily
	EVI, NDVI, LST
	TIR, Red, NIR
	[72,80]



	SEBAL
	30 m
	Daily
	EVI, NDVI, LST
	TIR, Red, NIR
	[81,82]



	GLEAM
	100 m
	Daily
	VOD, Microwave SM
	X, C, L-band
	[71,83]



	Alexi
	5–10 km
	Daily
	LST, fPAR
	TIR, Red, NIR
	[84,85]



	DisAlexi
	30 m
	Every 5–16 days
	LST, fPAR
	TIR, Red, NIR
	[85,86]



	SSEB
	120 m
	Daily
	LST, NDVI
	TIR, Red, NIR
	[87,88]



	TSEB
	30 m
	Every 8 days
	LST, NDVI
	TIR, Red, NIR
	[89,90]



	METRIC
	30 m
	Every 8 days
	EVI, NDVI, LST
	TIR, Red, NIR
	[90,91]



	WaPOR
	30–100 m
	Every 10 days
	LST, NDVI
	TIR, Red, NIR
	[92]



	PT-JPL
	70 m
	Daily
	NDVI
	Red, NIR
	[93]










[image: Table] 





Table 2. Disadvantages and advantages of different remote sensing techniques to detect waterlogging.
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Disadvantages

	
Advantages






	
Passive microwaves

	
coarse spatial resolution,

	
almost daily observations,




	
downscaling needed,

	
detects beneath canopy (frequency dependent)




	
saturation (crop specific)

	




	
VIS and NIR

	
cloud interference,

	
inundation easily detected,




	
saturation

	
high spatial resolution,




	
SAR

	
saturation (crop specific)

	
high spatial resolution,




	
no cloud interference




	
detects beneath canopy (frequency dependent)
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Table 3. Two examples of high resolution inundation products using topography for downscaling.
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Product

	
Spatial Resolution

	
Temporal Resolution

	
Remote Sensing Products Used






	
GIEMS-D3 [125]

	
90 m

	
Monthly (1993–2007)

	
19 and 37 GHz [cloud filtering: 85 GHz]




	
Radar 5 GHz




	
NDVI




	
DEM (HydroSHED)




	
Global Lands and Wetlands database




	
SWAF-HR [120]

	
1 km

	
3 days

	
1.4 GHz




	
DEM (MERIT)




	
Global surface water occurrence dataset
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