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Optimizing Sensor-Based Irrigation Management in a Soilless Vertical Farm for Growing Microgreens
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With water resources constantly becoming scarcer, and 70% of freshwater used for the agriculture sector, there is a growing need for innovative methods to increase water use efficiency (WUE) of food production systems and provide nutrient-dense food to an increasing population. Sensor technology has recently been introduced to the horticulture industry to increase resource use efficiency and minimize the environmental impacts of excessive water use. Identifying the effects of irrigation levels on crop performance is crucial for the success of sensor-based water management. This research aimed to optimize WUE in a soilless microgreen production system through identification of an optimal irrigation level using a sensor that could facilitate the development of a more efficient, low-cost automated irrigation system. A dielectric moisture sensor was implemented to monitor water levels at five irrigation setpoints: 7.5, 17.5, 25, 30, and 35 percent of the effective volume of the container (EVC) during a 14-day growth cycle. To validate the sensor performance, the same irrigation levels were applied to a parallel trial, without sensor, and water levels were monitored gravimetrically. Plant water status and stress reaction were evaluated using infrared thermal imaging, and the accumulation of osmolytes (proline) was determined. Results showed that, proline concentration, canopy temperature (Tc), canopy temperature depression (CTD), and crop water stress index (CWSI) increased at 7.5% EVC in both sensor-based and gravimetric treatments, and infrared index (Ig) and fresh yield decreased. The dielectric moisture sensor was effective in increasing WUE. The irrigation level of 17.5% EVC was found to be optimal. It resulted in a WUE of 88 g/L, an improvement of 30% over the gravimetric method at the same irrigation level. Furthermore, fresh yield increased by 11.5%. The outcome of this study could contribute to the automation of precision irrigation in hydroponically grown microgreens.
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INTRODUCTION

Irrigated agriculture is the greatest water user in many countries. Due to the increasing threat of water scarcity caused by climate change, efficient irrigation management is of critical importance for sustainable food production. According to a report published by The Commonwealth Scientific and Industrial Research Organization (CSIRO, 2018), it has been predicted that, except for a few areas in the north of the country, Australia will experience decreases in rainfall and longer drought periods. Therefore, it is essential to implement research-driven sustainable agricultural practices such as optimized irrigation management to minimize water waste and promote water use efficiency.

In recent years, the adoption of modern high-tech growing strategies such as indoor soilless cultivation has contributed to improving water use efficiency (WUE) (Pignata et al., 2017). Soilless agriculture refers to methods of growing plants in a medium where nutrients are supplied by irrigation water or a nutrient solution (NS) without using soil (Olympios, 1999). At present, soilless cultivation systems contribute to a significant portion of indoor vegetable production in Europe, Canada, and the United States (O'Sullivan et al., 2019). It has been estimated that 1 kg of lettuce produced in an indoor soilless farm only needs 3% of the water that field-grown lettuce may require (O'Sullivan et al., 2019). Soilless cultivation is already well-established for some vegetables such as tomato and lettuce. Still, there is little established literature regarding optimisation of growing practices and water management in soilless cultivation systems for growing some herbs and specialty crops including the emerging class of herbs known as microgreens. The term “microgreens” refers to the young seedlings consisting of edible cotyledonary leaves attached to a tender hypocotyl, which can contain equal or even higher amounts of some nutrients than the mature plant (Xiao et al., 2012, 2016). Microgreens are prime candidates for being grown hydroponically in closed environments such as urban vertical farms (Di Gioia and Santamaria, 2015). The minimal space requirement and compatibility with indoor farms make microgreens a perfect crop of choice to be grown in indoor soilless systems such as vertical farms and plant factories (Kyriacou et al., 2016). Kale (B. oleracea var acephala) is considered a nutrient-rich leafy vegetable (Migliozzi et al., 2015), which is being widely used, either raw or cooked, in a variety of dishes. As compared to other brassica vegetables, kale ranks highest for its protein content (3.3% fresh weight basis) (Manchali et al., 2012) and containing high amounts of calcium, folate, riboflavin, vitamin C and vitamin K (Šamec et al., 2019). Due to its nutrient profile and with the recent trend toward healthy eating, kale has gained increasing popularity among both vegetarian and non-vegetarian consumers. Kale is rich in minerals at all growth stages, including as a microgreen, baby green, or fully grown vegetable (Waterland et al., 2017).

Water management impacts performance, yield, and quality of vegetables; both under- and over-irrigation may negatively affect the crop (Pignata et al., 2017). The implementation of proximal sensors could facilitate the prediction of certain critical points when plants need to receive water. Measures of water status are required for crop water management purposes where a repeatable control is needed. These measures are mainly based on water content in either substrate or the plant itself, upon which irrigation setpoints can be defined on a crop-specific basis where plants are able to extract water effectively at that level without showing drought stress symptoms. Commonly used criteria for defining an irrigation threshold include measuring volumetric water content in the substrate which can be derived through various approaches including gravimetric measurements of water mass as well as methods in which the dielectric constant of water is measured and related to the moisture content (Jones, 2007). Through the use of sensors that work in conjunction with computer-controlled systems, a degree of automation within greenhouses can be achieved. This would significantly decrease labor costs, the latter of which represents the bulk of the costs involved in greenhouse operations such as irrigation (Jadhav and Rosentrater, 2017). In doing so, growers can stay competitive while achieving better plant growth through optimized growing conditions (Ferrarezi et al., 2015). For instance, sensors can provide information to support decision-making and automate irrigation system by switching the latter on and off whenever the moisture content in the soil/substrate drops below a user-defined threshold. In a more complex way, crop water use models could be developed based on the environmental data collected by the sensors to predict when irrigation is needed and at what quantities (Lea-Cox, 2012). Considering that microgreens are often grown in small shallow containers, conventional sensors designed for soil-based systems, like tensiometers and time domain reflectometry (TDR) probes, are impractical because they require a large volume of soil, media, or substrate to operate within. Hence, there is a need to explore and identify moisture sensors specifically suitable for the soilless cultivation of microgreens. This experiment evaluated the effectiveness of a low-cost dielectric moisture sensor to reduce the impact on resource usage and to optimize WUE as well as microgreens fresh yield in a soilless system through the identification of an optimized irrigation setpoint for growing microgreens. This is the first study implementing infrared thermal imagery techniques to assess the physiological responses of microgreens to water availability.



MATERIALS AND METHODS


Experimental Site and Plant Materials

Experiments were conducted in an environmentally controlled vertical farming growth room at Dookie campus, The Faculty of Veterinary and Agricultural Sciences, The University of Melbourne. Ambient temperature (Ta) and relative humidity (RH) were maintained at 22.5 °C and 65–70%. Toscano black kale (Brassica oleracea var. acephala) seeds were first sterilized by soaking for 2 min in 80% ethanol, rinsed twice with distilled water, and then oven-dried at 45°C for 40 min. Eighteen grams of sterilized seeds were evenly sown on damp PureGrown Hemp-felt mats (5 mm thick) and placed into perforated plastic trays with dimensions of 34 × 28 × 5 cm. Each perforated tray was put into a solid bottom container containing distilled water to create a simple wicking-type hydroponic system. Growing containers were kept in the dark until the emergence of the radicle (3 days) and then exposed to LED lighting (Valoya, Finland) with an 18/6 h photoperiod. The spectral output of the lighting system was quantified using a Lighting Passport spectrometer (AsenseTek, Taipei, Taiwan) (Table 1).


Table 1. The spectral output of the LED lights used in growing microgreens.
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Sensor-Based Irrigation System Description and Treatments

As shown in Figure 2, water level was measured in the hydroponic system using a high-frequency series moisture sensor probe (VH400, Vegetronix, Sandy, UT). The sensor measures the dielectric constant in the nutrient solution surrounding the roots of kale microgreens using the transmission line technique. The effective volume of the container (EVC) was defined as a portion of the container allocated for root growth, which is the area below the surface of the growing mat and the bottom of the solid tray (~2 L in all replicates).

The sensor used in this experiment is insensitive to water salinity caused by the presence of the nutrient salts, an important quality for hydroponic systems. The sensor was connected to a data logger via a 2-meter cable. The data logger consisted of an Arduino micro-controller with a data logging shield and a real-time clock. The system converted voltage readings into the percentage of EVC using the onboard analog to digital converter and a preliminary calibration obtained for these experiments.

The sensor was calibrated by suspending it over a beaker of deionised water using a standard laboratory titration clamp. The sensor was then lowered vertically into the water in increments of 5 mm (0–80 mm). The response voltage was recorded after each increment for 10 s generating ten readings per depth level. The procedure was repeated six times, and the calibration curve for water depth (mm) vs. voltage (V) was derived based on a total of 1,020 observations (R2 = 0.996) with a curvilinear second-order fit (Figure 1). The associated percentage of EVC was then calculated, and the corresponding sensor outputs were recorded accordingly. Treatments were defined as a percentage of EVC at five levels, as summarized in Table 2. Each growing tray represented one replicate, and there were three replicates per treatment. Figure 2 shows how the moisture sensor was positioned in a tray of kale microgreens.


[image: Figure 1]
FIGURE 1. Calibration curve of sensor voltage (V) in response to water depth (mm). R2 = 0.996.



Table 2. Description of irrigation treatments in two irrigation methods and their corresponding voltage or mass.
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FIGURE 2. (A) Diagram showing the moisture sensor with the dimensions, (B) deployment of the moisture sensor in a tray of kale microgreens, and (C) individual moisture sensor. [(C) Adapted from: http://greenstemnetwork.org/playing-in-dirt-soil-moisture-sensors/].


In this experiment, depth of the growing container was 5 cm. The bottom reservoir was kept empty and the growing mats were saturated with water until 4 days after sowing. Irrigation treatments were applied on day four after sowing. Seeds were uniformly germinated in constant environmental conditions, with bottom reservoir trays kept empty. By doing so, roots were allowed to develop uniformly without any treatments affecting root growth prior to day 4, upon which treatments were added. Also, on day five, all treatments observed a decrease in water level in the reservoir trays based on gravimetric and sensor-based measurements. This would indicate that root growth was sufficient to facilitate uptake of water from the reservoir of water.

The accuracy of sensors was validated using an identical series of treatments, where the water content was determined gravimetrically, to act as a control group. In this case, the same volumes of nutrient solution were applied to the growing containers. Then the mass of each container was recorded as a setpoint for its corresponding water application. Both sensor-based and gravimetrically controlled trays were monitored every 24 h for their water content to maintain the water at the initially defined levels.



Root: Shoot (RS) Ratio, Biomass, and Water Use Efficiency (WUE) Calculations

Five individual seedlings were randomly harvested, using a sterile blade, from various spots in the middle of the trays to avoid any edge effects. The shoot and root length of each seedling was measured using a digital vernier caliper (150-mm Digital Vernier Calipers, Craftright Pty Ltd). Root: shoot ratio (RS) ratio was calculated by dividing the root length by the shoot length. All microgreens from each replicate were harvested to obtain total harvested biomass (TFW) (g). From the harvested biomass, 10 g of microgreens from each replicate were oven-dried at 70°C for 72 h to obtain dry matter (DM) (g. 100 g−1 FW). Fresh yield and water use efficiency (WUE) were calculated using the following equations:
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Where TFW is the total harvested biomass from each growing container (g) and A is the area of the growing mat (m2).
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Where ∑W is the total water added to each growing container (L).



Determination of Proline Content

Proline content was determined following the methodology proposed by Bates et al. (1973). Finely ground kale microgreens (0.1 g) were homogenized in 5 mL of 3% sulfosalicylic acid (C7H6O6S) using a mortar and a pestle and then filtered through Whatman No. 2 filter paper (GE Healthcare, New South Wales, Australia). Two mL of filtrate was then reacted with 2 mL of acid-ninhydrin (C9H6O4), and 2 mL of glacial acetic acid (C2H4O2) in a 20 mL glass boiling tube for 1 h at 100°C. The reaction was then terminated in an ice bath. The reaction mixture was extracted with 4 mL of toluene (C6H5-CH3) and mixed vigorously using a vortex mixer for 15–30 s. The resulting upper fraction of toluene was then transferred to glass cuvettes, and absorbance was read at 520 nm using a single beam scanning UV/visible spectrophotometer (M501, Campspec Ltd, Cambridge, UK). A proline standard curve was prepared by dissolving proline in 3% sulfosalicylic acid (C7H6O6S) to reflect proline concentration (μg. mL−1). Proline concentration in the toluene extract was determined from the standard curve and expressed on a fresh weight basis using the following equation.
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Where P is the concentration of proline (μg. mL−1) in the reaction mixture, and w is the mass of the microgreen sample (g).



Estimation of Photosynthetic Pigments

Determination of chlorophyll a, b, total chlorophylls, and total carotenoids were conducted using the methods described by Arnon (1967) with a few modifications. From each replicate, a 1 g microgreen sample was homogenized with mortar and pestle in 10 mL of 80% acetone and transferred to a 10 mL centrifuge tube. Samples were then centrifuged at 3,000 rpm for 10 min at 4°C. A fraction of the supernatant was transferred to the glass cuvettes for reading the absorbance value using a single beam UV-VIS spectrophotometer at 470 (A470), 645 (A645), and 663 nm (A663), along with 80% acetone as a blank. Pigment concentrations for chlorophyll a (Chl a), b (Chl b), total chlorophyll (Chl T), and total carotenoid (Car) content were calculated using the following equations and expressed in μg of chlorophyll per g of fresh tissue (μg. g −1 FW).

[image: image]

[image: image]

[image: image]

[image: image]

Where V is the volume of supernatant (mL), W is the mass of the microgreen sample (g), A663, A645, and A470 are the absorbance at wavelengths of 663, 645, and 470 nm, respectively.



Plant Water Status Based on Infrared Thermal Imagery

Microgreens were assessed three times during the growth period, on days 8, 11, and 13 after sowing, using a thermal infrared camera (FLIR One, FLIR Systems, Portland USA), with a resolution of 90 × 60 pixels. The thermal sensitivity of the camera is −20 to 120°C. The infrared thermal sensor of the camera measures the reflective radiation of surfaces in the range of 8–14 μm and transforms it into temperature readings per pixel. Each pixel represents a temperature reading in degrees Celsius (°C). One thermal image from each replicate was taken from a constant distance of 1.5 m at a 0° Nadir angle. The infrared thermal images were processed and analyzed using a customized code written in MATLAB software and the Image Analysis Toolbox (MathWorks Inc., Natick, MA, USA) to estimate canopy temperature (Tc).

Each thermal image was cropped only to include the region of interest (ROI). The unwanted pixels, including the tray, substrate, and background pixels, were omitted by setting the minimum and maximum temperatures within the plant area. Data was automatically extracted from a pre-defined subdivision of 3 × 3 = 9 segments (Figure 3). Average plant pixel temperatures were considered to calculate the Tc (Fuentes et al., 2012) and the crop water stress index (CWSI) (Jones et al., 2002; Fuentes et al., 2012).
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Where Tc represents the canopy temperature (°C), Twet is the corresponding temperature of a fully transpiring area (°C) (a wet reference) and the Tdry is the corresponding temperature of a non-transpiring area (°C). Empirical reference temperatures (Twet and Tdry) were estimated by a computational method from infrared thermal images.


[image: Figure 3]
FIGURE 3. Sample thermal image taken by FLIR camera. Image (A) shows a normal photo, image (B); an infrared thermal photo and image (C), 3 × 3 subdivision of a thermal image to extract data from various sections of the growing container.


Canopy temperature depression (CTD) was calculated using the formula below:
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Using the temperature data (Tdry, Tc, and Twet) derived from the computational analysis of the infrared images, an infrared index (Ig) was calculated from the following formula (Jones, 1999; Jones et al., 2002; Fuentes et al., 2012):

[image: image]

As suggested by Jones et al. (2002), Equation 10 also shows that Ig is proportional to the leaf conductance to water vapor transfer (gs). In this formula raw is the boundary layer resistance to water vapor, rHR is the parallel resistance to heat and radiative transfer, γ is the psychrometric constant, and s is the slope of the curve relating saturation vapor pressure to temperature.



Statistical Analysis

Data were subjected to analysis of variance using the General Linear Model procedures followed by the Fisher LSD test at P ≤ 0.05 in Minitab 18 software (Minitab Inc., State College, PA, USA). The data collected for various morphological and biochemical traits, as well as the data derived from thermal images, were also analyzed using multivariate analysis techniques using a custom code developed in MATLAB ver2016b (MathWorks Inc., Natick, MA, 205 USA) for principal component analysis (PCA), cluster analysis, and correlation matrix algorithms to evaluate the effects of irrigation levels and the irrigation methods.




RESULTS


Fresh Yield, Water Use Efficiency (WUE), and Root: Shoot (RS) Ratio

Fresh yield response was not notably affected by the irrigation method, except at 17.5%EVC where sensor-based method showed significantly higher yield (p = 0.02) (Table 3). In terms of irrigation levels, no significant differences in fresh yield were detected among 35, 25, and 17.5% EVC. The average fresh yield in these irrigation levels was ~1.9 kg. m−2 in the sensor-based and 1.8 kg. m−2 in the gravimetric method; 2.3 and 2.6 times higher than the fresh yield at 7.5% EVC in sensor-based (0.8 kg. m−2) and gravimetric (0.7 kg. m−2) methods, respectively. Dry matter (DM) was similar among 35–17.5% EVC treatments in both gravimetric and sensor-controlled irrigation methods, ranging from 5.3 g to 6 g. 100 g−1 FW. However, at the lowest irrigation setpoint, in both irrigation methods (7.5% EVC), DM significantly increased to 7 g. 100 g−1 FW (Table 3).


Table 3. Mean values of water use efficiency (WUE), fresh yield, dry matter (DM), shoot length (SL), and root: shoot (RS) ratio in kale microgreens grown using two irrigation methods; gravimetric (G) or sensor-based (S) in a soilless system (%EVC, effective volume of container).
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Overall, a sensor-based irrigation system significantly increased WUE (by 13%) compared with the gravimetric method, showing its superiority over the gravimetric method by accurately identifying water status in a soilless system. Although statistical differences were not detected at every irrigation level, WUE was significantly improved at 17.5% EVC where the sensor-based irrigation increased this parameter by 30% in comparison with the gravimetric method (p = 0.001). Even in the well-watered treatment (35% EVC), WUE in the gravimetric method was 10% lower than the sensor-based method. For both irrigation methods, WUE decreased by increasing the irrigation setpoint except at 7.5% EVC. In sensor-based irrigation, WUE significantly increased from 62.34 g. L−1 in 7.5% EVC to 80.98 g. L−1 in 17.5% EVC, and then dropped to 65.6 g. L−1 in 25% EVC remained constant from thereon (Table 3).

In gravimetric irrigation also, WUE increased by 20% from 7.5% EVC to 17.5% EVC. It then remained constant from 17.5 to 30% EVC and slightly decreased from 30 to 35% EVC (57.98 g. L−1) (Table 3).

The root: shoot (RS) ratio was unaffected by the irrigation method and the irrigation level in the sensor-based system. In the gravimetric method, however, 7.5% EVC significantly lowered the RS ratio (0.34) (Table 3). Unlike RS ratio, shoot length reduced significantly at 7.5% EVC in both irrigation methods (p = 0.04).



Proline Content and Leaf Pigments

Proline content increased at the severe deficit irrigation level (7.5% EVC) in both irrigation methods. In the gravimetric method, proline content was about 2 to 2.5 times higher at 7.5% EVC compared to the other irrigation levels (Table 4). In the sensor-based method, 7.5% EVC resulted in 4.6–5.4 times higher proline accumulation than the rest of the irrigation levels. There were no significant differences in proline content between the two irrigation methods at each corresponding irrigation level.


Table 4. Effect of different irrigation levels and irrigation methods of either gravimetric (G) or sensor (S) based on photosynthetic pigments (Chl a, chlorophyll a; Chl b, chlorophyll b; Chl T, total chlorophyll content; Car, total carotenoids) and proline accumulation in kale microgreens (%EVC, effective volume of container).
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Total chlorophyll content ranged from 94.9 to 144.3 μg. g −1 FW and total carotenoids ranged from 18.22 to 21.92 μg. g −1 FW. The effect of various irrigation levels on total chlorophylls and carotenoids of the microgreens was found to be insignificant. Chlorophyll a and b were also not affected by the irrigation level, regardless of the irrigation method. Irrespective of the treatment, microgreens in this study contained up to 2.3 mg. 100 g−1 FW of carotenoids (Table 4).



Plant Water Status Based on Infrared Thermal Imagery

The results of Tc are shown in Table 5. Canopy temperature (Tc) was lower than the ambient temperature (22°C) in all the treatments and was the highest at 7.5% EVC (15.1 and 13.8°C in sensor-based and gravimetric methods, respectively). No significant differences were detected in terms of irrigation methods except at 17.5% EVC where Tc in the gravimetric method was significantly lower than the sensor-based method (p = 0.04). Irrespective of the irrigation method, Tc at 7.5% EVC was 20–25% higher than other irrigation levels with greater water input. A similar trend was detected for CTD values, with 17.5% EVC being significantly affected by the irrigation method (p = 0.04) and the irrigation level of 7.5% EVC showing the largest CTD values (−8.2 and −6.9°C in gravimetric and sensor-based methods, respectively).


Table 5. Mean maximum temperature (T dry), minimum temperature (T wet), canopy temperature (Tc), canopy temperature depression (CTD), crop water stress index (CWSI), and infrared index (Ig) derived from infrared thermal imaging (%EVC, effective volume of container).
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Means for the Crop water stress index (CWSI) are shown in Table 5, ranging from ~0.4–0.8 across both irrigation methods. CWSI was not affected by the irrigation method. Like Tc, 7.5% EVC resulted in significantly higher CWSI values in both irrigation methods (0.6 and 0.8 in gravimetric and sensor-based methods, respectively).

Table 5 shows the mean values for infrared index (Ig) in both gravimetric and sensor-based methods. The irrigation method had no significant effects on Ig values. However, the irrigation level significantly affected Ig with 7.5% EVC, showing the smallest Ig in the sensor-based method (0.4).



Multivariate Data Analysis

The results of multivariate data analysis from both irrigation methods, including gravimetric and sensor-based, are shown in Figure 4. The PCA explained a total of 83.78% (PCA 1 = 67.69 and PCA 2 =16.09) of variance for the sensor-based treatments and 86.66% (PCA 1 = 61.30 and PCA 2 = 25.36) for the gravimetric method. Figure 4A shows two distinctive groups for the sensor-based irrigation levels; 7.5% EVC (number 1) located further away from the origin of the chart in the positive direction toward proline, Tc, and CWSI, and a second group (number 2) including 17.5, 25, 30, and 35% EVC are scattered near and away from the origin in the negative direction of the mentioned traits. Figure 4B, shows three separate groups for the gravimetric treatments. The 7.5% EVC treatment (number 1) is located away from the origin in the positive direction for proline, Tc, and CTD. The 25% EVC and 17.5% EVC treatments are located close to one another, forming the second group (number 2) slightly away from the center of the graph. And finally, the 30 and 35% EVC treatments (number 3) are located close to the center of the chart and in the same direction as WUE and fresh yield.
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FIGURE 1. (A,B) Multivariate data analysis showing principal components analysis (PCA) biplot for the studied parameters including water use efficiency (WUE), root: shoot (RS) ratio, yield, average canopy temperature (Tc Avg), maximum temperature (Tdry), minimum temperature (Twet), canopy temperature depression (CTD), average crop water stress index (CWSI Avg), proline (Prl), total chlorophylls (Chl), and carotenoids (Car) content derived from (A)- sensor-based and (B)- gravimetric irrigation methods. Numbered parameters including Ig 1–Ig 9 as well as CWSI 1 -CWSI 9 refer to the infrared index (Ig) and CWSI values obtained from corresponding nine subsections in each growing container. Tc Avg, CWSI Avg, and Ig Avg represent the average of nine Tc, CWSI, and Ig values, respectively. Treatments included five irrigation levels including 7.5, 17.5, 25, 30, and 35% EVC.


Figure 5 shows the correlation matrix for the studied parameters including WUE, RS ratio, fresh yield, average canopy temperature (Tc Avg), maximum temperature (Tdry), minimum temperature (Twet), CTD, average crop water stress index (CWSI Avg), proline, total chlorophylls, and carotenoids in sensor-based and gravimetric trials. In both irrigation methods, fresh yield was negatively correlated with proline accumulation, R: S ratio, CTD, and Tc, while proline itself was positively correlated with Tc and CTD (Figures 5A,B). Fresh yield was also negatively correlated with Tdry and CWSI in the sensor-based method (Figure 5A), while it did not show significant correlations in the gravimetric method. Tdry was positively correlated with proline and carotenoid content in the sensor-based method, while it did not show any notable correlations in the gravimetric method. The average of nine CWSI values showed significant negative correlations with the average Ig values for both irrigation methods. In the sensor-based method, a negative correlation was observed between CWSI values of each subdivision showed as CWSI 1–CWSI 9) with its corresponding Ig value (Ig1–Ig9) (Figure 5A). Similar observations were found in the gravimetric trial, but it was not as consistent across all the sub-divisions (Figure 5B). CWSI 2 and CWSI 3 values were negatively correlated with fresh yield in both trials. Additionally, CWSI 8 and 7 in the sensor-based method and CWSI 9 in the gravimetric method showed significant negative correlations with fresh yield.
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FIGURE 1. (A,B) Correlation matrix for the studied parameters including water use efficiency (WUE), root: shoot (RS) ratio, yield, average canopy temperature (Tc Avg), maximum temperature (Tdry), minimum temperature (Twet), canopy temperature depression (CTD), average crop water stress index (CWSI Avg), proline, total chlorophylls (Chlorophyll) and carotenoids content derived from (A)- sensor-based and (B)- gravimetric irrigation methods. Numbered parameters including Ig 1–Ig 9 as well as CWSI 1 -CWSI 9 refer to the Ig and CWSI values obtained from corresponding nine subsections in each growing container. Tc Avg, CWSI Avg, and Ig Avg represent the average of nine Tc, CWSI and Ig values, respectively. Treatments included five irrigation levels including 7.5, 17.5, 25, 30, and 35% EVC.





DISCUSSION

The sensor-based irrigation method either improved or was the same as the gravimetric based irrigation for all physiological measurements of fresh yield, WUE, and RS ratio, demonstrating that sensor-based irrigation can be successfully implemented for precise prediction of water level without compromising fresh yield, quality, and WUE. Besides, compared with gravimetric measurements, using the moisture sensor is easier, less laborious, and better applicable to large scale soilless production systems at a low cost. Our results on WUE are in agreement with Burnett and van Iersel (2008). They reported that WUE decreased with an increasing volumetric water content of the substrate at higher irrigation set points in a sensor-based irrigation system when growing gaura plants, which is consistent with our observation of WUE at the most upper setpoint (35% EVC), which has reduced in comparison with setpoints of 17.5% EVC and greater. Water use efficiency (WUE) varies with the plant species and the environmental conditions (Blum, 2005). To limit desiccation when water is less available in the substrate, stomata tends to minimize transpiration by closing the pore. Stomata closure happens when guard cells lose more water than they intake due to ion efflux and consequently shrinkage. Closing stomata reduces gas exchange and prevents excessive water loss. This will reduce the CO2 supply, leading to RuBisCO, the main enzyme responsible for CO2 fixation, prefer fixing the excessively available O2 molecules over CO2 (Peterhansel et al., 2010). This phenomenon is called photorespiration which inhibits photosynthesis and leads to formation of reactive oxygen species (ROS) [ROS, reviewed in Murata et al. (2007)]. Therefore, in drought conditions, photosynthetic activity will be restricted due to less CO2 being supplied (Taiz and Zeiger, 1998; Vashi et al., 2020). This explains the lower WUE at 7.5% EVC and shows that less CO2 was assimilated despite minimal water use at this level. Besides lower transpiration caused by the stomata closure, it also results in higher Tc and smaller CTD values (Table 5).

In this study, low water availability at 7.5% EVC decreased the shoot length of the microgreens which is another indicator of reduced growth and photosynthesis as a result of stomata closure (Guo et al., 2020). In addition, in higher plants, growth mostly occurs by cell elongation which increases with increasing turgor potential (Taiz and Zeiger, 1998). Low water availability typically decreases turgor potential, which as a result suppresses cell elongation (Burnett and van Iersel, 2008). Higher dry biomass in the aboveground parts of microgreens, exposed to 7.5% EVC, may be explained by the primary allocation of carbohydrates to the shoots, to the detriment of roots, under stress conditions (Guo et al., 2020).

Under abiotic stresses, plants tend to increase the accumulation of certain metabolites that would help combat the stress conditions (Biju et al., 2017). Proline is an amino acid, which is excessively produced when plants are in drought conditions. Stabilizing the structure of the cell membranes and suppressing the activity of ROS causing oxidative damage, helps increase drought resistance in plants (Szabados and Savoure, 2010). Usually, the level of proline ranges between 0.5 (in control conditions) to 50 μmol. g−1 FW (stressed) (Sithtisarn et al., 2007). With all proline levels in 17.5 −35% EVC being in the range of 1.16–2.00 μmol. g−1 FW, the results suggest that microgreens were unstressed at these irrigation levels. On the contrary, 7.5% EVC resulted in much higher proline content, showing a greater impact of the minimal water supply. Sarker and Oba (2018) also reported that drought stress resulted in higher accumulation of proline in fully grown amaranth plants grown in a controlled soil-based pot trial.

Chlorophyll and carotenoids are main photosynthetic pigments responsible for light harvesting and have an important role in indicating the visual quality of leafy vegetables (Ferrante et al., 2004). Plants grown in various stressful conditions can show a reduction in the content of their photosynthetic pigments such as chlorophylls and carotenoids (Chaves et al., 2009). The insignificant effects of the irrigation levels on chlorophyll and carotenoid content in this study can be assumed to be because of the lowest irrigation level (7.5% EVC) not being severe enough to affect the pigments.

Canopy temperature (Tc) has been used in water management studies as it successfully indicates plant water status (Kumar et al., 2020). In drought stress conditions, plants tend to keep their stomata closed, leading to a lower transpiration rate, and ultimately increasing the Tc. In non-stressed conditions, though, Tc is kept at a metabolically suitable range by transpiration through the open stomata (Kashiwagi et al., 2008; Biju et al., 2018). To the best of our knowledge, this is the first study implementing infrared thermal imagery to evaluate water status in microgreens. Our results indicated that similar to fully grown plants such as lentil (Biju et al., 2018), chickpea (Kashiwagi et al., 2008), Indian mustard (Kumar et al., 2020), and olive trees (Egea et al., 2017), Tc derived from infrared images could be indicative of water status in microgreens as well.

Crop water stress index (CWSI) has been widely used for indicating plant water status and irrigation management in different crops (Egea et al., 2017). In this study, the lowest irrigation level (7.5% EVC) resulted in a notable increase in CWSI. Kumar et al. (2020) also reported that CWSI increased when plants were under drought stress in a field experiment on irrigation scheduling of Indian mustard. Crop water stress index (CWSI) ranges between zero to one, with one being severely stressed and zero being non-stressed. Hence, observing values closer to one in treatments with minimal water supply (7.5% EVC) is within expectation. Also, CWSI values obtained from some marginal subsections in various treatments showed to be negatively correlated with fresh yield which could have been caused by the edge effect.

Canopy temperature depression (CTD) shows the canopy-air temperature differences and the effectiveness of transpiration in cooling down the canopy under increasing atmospheric demand and correlates with transpiration efficiency (Karimizadeh and Mohammadi, 2011). In this study, CTD values of up to 11°C were observed (Table 5) indicating that the canopy temperature was always lower than the air temperature. Such difference could be due to the low energy input in the controlled environment growth room, the crop being grown in a hydroponic setup, minimal heat waste from the light source (LED lights) and constant air circulation in the growth room. In previous studies, CTD values of 7.5, 10, and 12°C have been reported for sorghum (Zhang et al., 2019), alfalfa (Moran et al., 1994) and soybean (Hou et al., 2019), respectively.

Canopy temperature depression (CTD) values may indicate various factors such as environmental conditions, plant phenological stage, and the available soil (media) moisture. In stressed conditions, CTD could also be indicative of the demand for photo-assimilation (Kumar et al., 2017). This study showed that the CTD values were the largest when the lowest irrigation level was applied. Amani et al. (1996) explained that for a genotype, CTD is a function of several environmental factors, including soil (media) water status, air temperature, relative humidity, and incident radiation.

Previous studies have shown that there is a linear relationship between Ig and gs in other horticultural plants, including grapevines (Jones et al., 2002; Fuentes et al., 2019), coffee plants (Craparo et al., 2017), and olive trees (Egea et al., 2017). Stomata opening rapidly responds to changing water status by regulating leaf CO2 and H2O gas exchange fluxes (Chaves et al., 2003). By opening the stomata for maximum photosynthetic gain and closing it for avoiding water loss, these fluxes consequently regulate the Tc (Egea et al., 2017). As shown in Table 5, the smallest CTD values were in 7.5% EVC while having minimal Ig, which further highlights the effect of stomatal conductance on Tc.

The PCA results in this study are consistent with the criteria developed by Sneath and Sokal (1973) who showed that the results of the PCA analysis must explain a minimum of 70% of the total variability. In both irrigation methods, the PCA biplot categorized the 7.5% EVC in a distinctive group from the other irrigation levels which further explains the effect of treatments.



CONCLUSION

The findings of the current study indicated that implementing the moisture sensor can increase WUE without compromising the fresh yield and quality of the microgreens. This study is the first to apply infrared thermal imaging techniques to closely monitor water status in microgreens and facilitate the identification of an optimal irrigation level. Using an irrigation setpoint of 17.5% EVC was demonstrated to be the most efficient setpoint for potential implementation of the sensor in an automated or semiautomated soilless system for growing microgreens. Although many studies have shown the benefits of sensor-based irrigation, the main constraint to applying these technologies on a commercial scale appears to be the direct expenses associated with deploying the sensors. On the contrary, the dielectric moisture sensor used in this study showed to be as effective at a lower cost. This research also showed that the sensor-based irrigation system was associated with an increase in WUE and reducing excessive water use. Therefore, using a low-cost moisture sensor can lead to reductions in environmental impacts and the pressure on water resources. The findings of this study could be applied to similar species grown as microgreens; however, the environmental impacts may be greater in crops with a longer growing cycle and/or higher water consumption. Hence, additional research on the use of moisture sensors in other microgreens, baby greens, and leafy vegetables deserves further attention due to their potential in reducing the environmental footprint of the indoor vegetable industry.
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