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Abstract

:

This study analyzed the capability of aerial RGB (red-green-blue) and hyperspectral-derived vegetation indices to assess the response of sweet maize (Zea mays var. saccharata L.) to different water and nitrogen inputs. A field experiment was carried out during 2020 by using both remote RGB images and ground hyperspectral sensor data. Physiological parameters (i.e., leaf area index, relative water content, leaf chlorophyll content index, and gas exchange parameters) were measured. Correlation and multivariate data analysis (principal component analysis and stepwise linear regression) were performed to assess the strength of the relationships between eco-physiological measured variables and both RGB indices and hyperspectral data. The results revealed that the red-edge indices including CIred-edge, NDRE and DD were the best predictors of the maize physiological traits. In addition, stepwise linear regression highlighted the importance of both WI and WI:NDVI for prediction of relative water content and crop temperature. Among the RGB indices, the green-area index showed a significant contribution in the prediction of leaf area index, stomatal conductance, leaf transpiration and relative water content. Moreover, the coefficients of correlation between studied crop variables and GGA, NDLuv and NDLab were higher than with the hyperspectral indices measured at the ground level. The findings confirmed the capacity of selected RGB and hyperspectral indices to evaluate the water and nitrogen status of sweet maize and provided opportunity to expand experimentation on other crops, diverse pedo-climatic conditions and management practices. Hence, the aerially collected RGB vegetation indices might represent a cost-effective solution for crop status assessment.
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1. Introduction


Nowadays, food security is challenged by a continuous growth of population, which would trigger an increase in food demand in 2050 by more than 70% relative to the beginning of the century [1]. Hence, agricultural production has been intensified in many areas causing serious environmental burden and economic consequences [2]. The intensification of cultivation is associated with reduced availability and quality of natural resources, such as water and land, which imposes a need to adopt sustainable management techniques and preserve resources for future generations [2].



Precision agriculture represents a suitable strategy to respond to dynamic and spatially different crop demands, and to implement integrated land, soil, water, nutrient and crop management approaches. In this context, remote- and proximal-sensing tools have proven to be widely efficient for detection and management of water stress and nutrient deficiency at field level [3,4] and across the large-scale regions [5]. Policymakers, stakeholders, and end-users highlighted the importance of sensing technologies in assisting farmers to adopt sustainable agricultural practices, optimize irrigation and nutrient inputs and achieve profitable yields [6].



Remote and proximal sensors detect electromagnetic wave reflectance information from canopies related to numerous crop parameters [7]. Vegetation reflectance properties depend on morphological and chemical characteristics of the leaf surface [8]. Leaf structure, water content, nutritional status, disease, pigmentation, phyllotaxis, sun exposition and phenological stage are some of many factors that affect plant spectral reflectance [9]. A very high reflectance in the near-infrared region (NIR, 760–900 nm), high in the green region (520–570 nm), and low in blue (400–500 nm) and red (630–690 nm) regions are typically observed for plants grown under optimal conditions [10]. In the visible region (VIS, 400–700 nm), vegetation reflectance is strongly affected by pigments within the leaves [11]. Otherwise, the reflectance of NIR radiation depends on the internal structure of leaves, cells, and tissues [12]. Spectral reflectance in the short-wave infrared region (SWIR, 1300–2500 nm) is affected by water content in plant tissues [12]. Reduced water content implies reduced reflectance in the SWIR region [13]. Bands at around 970, 1200, 1400, and 1900 nm can be useful for estimating vegetation water content in the NIR and SWIR regions [14,15].



Various studies [10,16] have proven the possibility of using hyperspectral data to assess nitrogen (N) and water status of crops. The principle behind hyperspectral sensing studies for N status assessment is the relationship between chlorophyll and nitrogen [17]. In the case of N deficiency, the visible, the red-edge and the NIR regions provide valuable information for computing vegetation indices [10,16]. The red-edge position is obtained by the point of maximum slope between the red chlorophyll absorption region and the region of high NIR reflectance [18]. The shape and position of the red-edge are affected by changes in chlorophyll content and thus by changes in vegetation nitrogen content [16]. Among the chlorophyll vegetation indices, the green chlorophyll index (CIgreen) accurately estimated N content in maize; also, the red-edge chlorophyll index (CIred-edge), with the red-edge band between 720–740 nm, was found optimal for the same goal [19].



The high potential of using hyperspectral technologies to assess water status is also confirmed by studies conducted on several plant species such as wheat, tomato, soybean, potato and maize [20,21,22,23,24,25]. The water index (WI; [26]), the moisture stress index (MSI; [27]), the normalized water index (NWI; [28]) and the simple ratio water index (SRWI; [29]) are some of the hyperspectral vegetation indices involved in monitoring crop water content and water stress. Despite these numerous studies, the selection of the most suitable vegetation indices for crop water status assessment remains questionable, due to the high variety of crops and different growing conditions.



Several studies proved the suitability of portable spectroradiometers to estimate physiological vegetation properties. However, this approach presents limitations related to the portability, the time required to collect measurements, the punctual data acquisition and the high cost [30,31].



In this regard, the use of RGB (red-green-blue) images obtained by digital camera placed on unmanned aerial vehicle (UAV) platforms is particularly suitable for the monitoring of sparsely grown annual crops (e.g., sweet maize) in arid and semi-arid Mediterranean regions where irrigation and fertilization are often not well regulated in terms of time and quantity [32]. The use of RGB images above the canopy provided accurate results in different application fields related to agriculture and biology [33]. Generally, the RGB imaging method has been developed for rapid and non-invasive determination of color changes caused by nutritional stress such as chlorophyll content deficiency in plant leaves [34]. Based on this principle, the detection of leaf color changes can be used to monitor the progress of water and nutritional stress, and plant diseases and senescence. Furthermore, the use of information collected from digital RGB photos for calculating vegetation indices provides a low-cost alternative to multispectral and hyperspectral data [35]. Advances in digital photography would be a viable and economical monitoring option for precision agriculture [36].



Numerous studies confirmed the utility of vegetation indices computed from RGB imaging to detect plant performance under a variety of conditions at both canopy and leaf scale [37,38,39,40]. Purcell et al. [41] have reported that digital-image analysis is a simple method providing an assessment of maize nitrogen status with the potentiality to diagnose crop needs. Gracia-Romero et al. [42], in a study on maize under phosphorus fertilization, compared vegetation indices detected by aerial and ground-based RGB and aerial multispectral sensors. They showed that ground-measured RGB indices (such as hue, a*, u*, GA and GGA indices) were significantly affected by the absence of fertilizer and they had better performance in predicting grain yield than multispectral indices. In a study performed on wheat under different irrigation regimes, the vegetation indices obtained from RGB images showed a similar or slightly better performance than NDVI in predicting yield [43]. According to [44], RGB indices can be successfully employed at canopy and leaf level for the management of wheat and maize growth under different fertilizers and irrigation regimes, for disease monitoring, and as an effective high-throughput phenotyping technique in breeding programs. RGB images can be processed by analyzing red-, green-, and blue-light broadband reflectance values or by employing different color spaces, such as the Breedpix code [42]. In this sense, the RGB technique is revealed to be a powerful and low-cost methodology for evaluating crop performance.



There is evidence from the literature about the high number of studies concerning the use of spectral indices to independently evaluate nitrogen and water status of crops, utilizing either RGB or hyperspectral indices [20,39,45]. However, to the best of our knowledge, none of these studies have specifically addressed the assessment of maize crop response under varied water and nitrogen conditions by integrating both sensing techniques simultaneously.



Therefore, the objective of our study was to compare the performance of aerially collected RGB indices and ground-measured hyperspectral data in the estimation of eco-physiological variables of sweet maize grown under different water and nitrogen regimes.




2. Materials and Methods


2.1. Study Area and Growing Conditions


Field trials were carried out at the experimental field of the Mediterranean Agronomic Institute (IAMB) in Valenzano, Bari (41°03′ N, 16°53′ E, 77 m above sea level), Southern Italy, during the 2020 growing season. The area experiences typical Mediterranean weather, with mild winters and dry summers. The soil in the study region is silty clay loam. The average values of the main physical and chemical soil properties are: sand 170 g kg−1, clay 234 g kg −1, silt 596 g kg−1, USDA Textural Class: silty loam; pH (H2O 1:2.5) 8.1, electrical conductivity (1:2) 0.24 dS m−1, total carbonate 55 g kg−1, organic C 11.6 g kg−1, total N 0.9 g kg−1, C/N ratio 12.9, available P 17 mg kg−1, exchangeable K 465 mg kg−1.



From June to September 2020, sweet maize (Zea mays var. saccharata L., hybrid Centurion F1) was cultivated in rows 0.5 m apart, with a plant density of 10 plants m−2, in 18 plots (10 × 10 m). Sweet maize was grown under three water treatments: full irrigation (I100), deficit irrigation (I50) and rainfed (I0), and two nitrogen levels: high nitrogen (HN—300 kg ha−1) and low nitrogen (LN—50 kg ha−1).



A split-plot experimental design with three replicates was used to allocate the treatments, with water regime (WR) as the main plot factor and nitrogen (N) as the sub-plot factor.



Agro-meteorological data (air temperature, relative humidity, solar radiation, wind speed, and precipitation) were collected daily from the weather station near the experimental field.



The drip irrigation method was used to supply water to irrigated treatments. Irrigation scheduling was managed by using an Excel-model, based on the FAO standard approach [46], which calculates crop evapotranspiration and irrigation water requirements on a daily basis. A seasonal irrigation amount of 291 mm was supplied to I100 treatment, while half of that amount was given to I50.




2.2. Crop Physiological Data Collection


Gas exchanges in terms of CO2 net assimilation rate (An, μmol m−2 s−1), stomatal conductance (gs, mol m−2 s−1), and leaf transpiration (Tr, mmol m−2 s−1) were measured with a portable open-system gas-exchange analyzer (Li-6400XT, Li-Cor Biosciences, Lincoln, NE, USA). The measurements were taken on well-exposed, healthy and intact leaves, over a clipped leaf surface of 6.0 cm2, and were replicated three times per plot.



The chlorophyll content index (CCI), which is related to leaf greenness was assessed with an optical meter (SPAD-502, Konica Minolta, Osaka, Japan), on 25 replicates per plot.



Relative water content (RWC) was measured in leaves like those used for gas exchange measurements. At midday, nine leaf segments were cut from three plants in each plot. RWC was calculated as the ratio of the difference between the fresh weight (FW) of the leaf segments and their dry weight (DW) to the difference between the fresh weight and saturated weight (SW).



Canopy temperature (Tc) was measured with a thermal imaging camera (FLIR B335, Wilsonville, OR, USA) with a resolution of 640-by-480 pixels and a thermal sensitivity higher than 0.1 °C. the FLIR Tools software (version 9.4.5) for leaf temperature extraction was used to elaborate the images. Tc measurements were replicated three times per plot.



Leaf area index (LAI) was assessed using an optical leaf area meter (Li-COR, 3100, Lincoln NE, USA). Then, dry-above-ground biomass (DAGB) was measured on the same samples used for LAI by weighing them after drying in the oven at 70 °C for 48 h. Both LAI and DAGB measurements were replicated three times per plot.



All the above-mentioned measurements were performed 5 times during the crop cycle from 13th of July until the end of August.




2.3. RGB Image Acquisition and Analysis


RGB images were collected using the digital camera installed on a drone (Mavik 2 PRO, DJI, Shenzhen, China). Each image was taken holding the drone at 80–100 cm above the canopy level, in the zenithal plane (Figure 1). The acquisition of images was carried out from the development stage until the harvesting on sunny days and it was replicated three times for each plot.



The Breedpix 0.2 program, modified for JAVA 8 and included as a plugin in FIJI (https://github.com/George-haddad/CIMMYT, accessed on 24 January 2024), was used to analyze RGB images. This program allows for the extraction of RGB specific vegetation indices (VIs) in connection to various color characteristics [43]. Utilizing BreedPix functions, RGB values were changed to hue-saturation-intensity (HSI) values, which are based on natural color visualization. Chromatic coordinates from the CIELab and CIELuv color spaces were simultaneously determined, as in [47].



Hence, several indices (Table 1) were calculated using either the average color of the entire image in various units related to “greenness” or the proportion of pixels classified as green canopy relative to the total number of pixels in the image. The hue (H) component of the HSI color space describes the color spanning the visible spectrum in the form of an angle between 0° and 360°, where 0° corresponds to red, 60° to yellow, 120° to green, and 180° to cyan [39].



Green area index (GA) is the percentage of pixels with 60 < Hue < 120 from the total amount of pixels, whereas the greener area (GGA) is a little more limiting, since the index corresponds to 80 < Hue < 120, excluding yellowish-green tones. Moreover, GGA is proposed to capture the active photosynthetic area excluding senescent leaves.



In the CIELab color space model, the L* dimension denotes lightness, while the a* -component represents the green-to-red range, with a greater positive value signifying a purer red and a lower positive value indicating a greener hue. Meanwhile, the b* component expresses the transition from blue to yellow, with the more positive value being closer to pure yellow and the more negative value being closer to blue. In the CIELuv color space model, dimensions u* and v* are perceptually uniform coordinates, where L* is again lightness and u* and v* represent the axes, like a* and b*, separating the color spectrum, respectively.



Furthermore, both CIELab and CIELuv include color calibration corrections by separating the color hue from the illumination elements of the input RGB signal. For that reason, as was proposed by [39], we used two vegetation indices based on these color spaces, computing the normalized difference between a* and b* (NDLab) and the normalized difference between u* and v* (NDLuv) in a manner similar to the conceptual basis of NDVI.



As a result, the CIELab and CIELuv color spaces may contrast green vegetation abundance with both the reddish/brown soil background (fractional vegetation cover or plant growth) and the yellowing induced by chlorosis (loss of foliar chlorophyll), both of which are typical indications of nitrogen deficit.




2.4. Hyperspectral Reflectance Acquisition and Analysis


Plant reflectance, with wavelength range of 325–1075 nm, accuracy of ±1 nm, and resolution lower than 3 nm at 700 nm, was measured by using a high-spectral-resolution ASD FieldSpec Hand-Held 2 spectroradiometer (Analytical Spectral Devices, Inc., Boulder, CO, USA). The field of view (FOV) of the bare fiber-optic probe was 25°. The spectrum of a white (BaSO4) reference panel with known reflectance properties was acquired to derive the reflectance of the target.



The vegetation spectrum was measured 10 cm above the canopy (spot size of about 14 cm2). Measurements were acquired from three plants per plot.



Data were processed by means of View Spec software (version 6.0). Vegetation indices (Table 2) were calculated using different spectral bands.




2.5. Statistical Analysis


Data were statistically analyzed using the software R Studio (4.0.2, 2018; R Foundation for Statistical Computing, Vienna, Austria). Normal distribution and homogeneity of variance were preliminarily checked. A two-factor analysis of variance considering a split-plot experimental design (with WR as the main plot factor and N as the sub-plot factor) was applied to investigate the impact of growing conditions (water treatments and nitrogen levels) and their interaction on physiological parameters at the tasseling stage. Fisher’s LSD (least significant difference) test was used to identify post hoc differences at each growing condition.



Bivariate Pearson correlation coefficients were computed on the data collected over the whole growing season (n = 270), to examine the correlations between the physiological parameters, RGB indices and hyperspectral vegetation indices. On the same data set, the multiple linear regressions were calculated using a stepwise algorithm with physiological parameters as dependent variables and RGB and hyperspectral vegetation indices as independent variables. Principal component analysis (PCA) was computed to explore the relationship between RGB and hyperspectral vegetation indices. PCA was computed on the standardized variables. The PCs that explained a significant part of the total variance were selected and within each selected PC the loadings of the original variables were examined.





3. Results


At the tasseling stage, water regimes significantly affected all physiological variables (LAI, CCI, gas exchange parameters and RWC), while nitrogen had a significant impact only on CCI. The interaction between water and nitrogen was significant only for CCI, as shown in Table 3.



The highest values of all measured parameters (LAI, CCI, An, gs, and RWC) were observed in the I100 treatment, while the lowest values were recorded for the rainfed (I0) treatment. In comparison to the fully irrigated treatment, LAI decreased by 10% under deficit irrigation and dropped sharply by 80% under rainfed conditions. Leaf gas-exchange parameters exhibited a similar trend: stomatal conductance decreased by 35 and 96% for I50 and I0 treatments, respectively, while net assimilation dropped by 20 and 98%. Conversely, RWC showed minimal changes in both treatments: a decrease of 12% in I50 and 22% in I0. The chlorophyll content index showed a 33% reduction in the average value under rainfed conditions compared to full irrigation. In addition, there was an average decrease of 24% when comparing different nitrogen levels, confirming significant interaction between WR and N.



Correlations among physiological parameters and both RGB and hyperspectral indices, performed on the whole season data, are reported in Figure 2. In the case of RGB indices, the GA index was positively correlated with all variables, especially with LAI, having the strongest correlation (0.79) and Tr (0.75); the lowest correlation was observed for DAGB (0.38). Other indices performed similarly, particularly GGA, NDLab, and NDLuv, but indices b* and v* had lower correlation coefficients with the examined variables. In contrast, all parameters had a highly or moderately negative correlation with indices a* and u*. As observed for the GA index, all RGB indices showed poor correlation values with DAGB.



No negative correlation was found between narrow-band vegetation indices and physiological variables. The strongest correlation was observed between water indices (WI and WI:NDVI) and REIP with both RWC and canopy temperature (Tc) parameters, with the largest correlation of 0.94 between WI and Tc. High correlation values were also observed between CCI and chlorophyll indices such as MTCI, NDRE, REIP, CIred-edge and the water band index WI. Similarly to RGB indices, all narrow-band indices demonstrated poor correlation with DAGB. Moreover, water indices, especially WI:NDVI, showed a weak positive correlation with leaf gas-exchange parameters while moderate correlations were recorded for red-edge indices such as NDRE, DD, MTCI and CIred-edge.



In our study, the RGB indices (GA, GGA, NDLuv, and NDLab) exhibited strong correlation coefficients with the variables under investigation, greater than those obtained by ground-based hyperspectral indices.



Figure 3 shows the correlation between RGB and hyperspectral indices for the whole growing season. Two RGB indices, a* and u*, showed a negative correlation with most of the analyzed indices. Significant negative correlations were observed with the MTCI, DD and NDRE indices. On the contrary, b* and v* indices indicated a slight positive correlation with all narrow-band indices, with the largest correlation value with both the REIP and NDRE indices. The GA and GGA indices displayed similar behavior to the normalized NDLab and NDLuv RGB indices. These four indices had significant positive correlation with red-edge vegetation indices, particularly with CIred-edge, MTCI, DD and NDRE. Values of correlation with the REIP index were slightly lower. Moreover, the strongest positive correlation with water indices was found between both NDLuv and v* and WI (r = 0.55 and 0.54).



Principal component analysis allowed summarizing the main behaviors observed in the correlation analysis performed on RGB and hyperspectral derived indices. In detail, in the analysis performed on the whole-season data, the first two principal components explained 77.9% of the total variance, with principal component 1 (PC1) and 2 (PC2) accounting for 63.4% and 14.5% of the total variance, respectively (Figure 4).



The inspection of the loadings in the biplot highlighted for PC1 the positive correlation among the four RGB-derived indices, GA, GGA, NDLab and NDLuv, and red-edge vegetation indices CIred-edge, MTCI, DD and NDRE, as well as the negative correlation with a* and u*. The variable loadings in PC2 highlighted the strong relationship between water band indices (WI and WI:NDVI) and REIP.



In detail, on PC1, the highest weights were observed for NDRE, NDLuv, MTCI, GA, and a*; on PC2, WI:NDVI, WI, REIP, u* and GGA had high weights (Table 4 and Figure 4). Upon inspection of the biplot, it emerged that the scores of the well-watered and fertilized treatments (I100HN) exhibited high positive weights on the first PC, while the rainfed treatments (I0) showed negative scores, both under low and high N levels (LN and HN).



Concerning the stepwise multilinear regression models (Table 5), the highest R2 and adjusted R2 were observed for the model estimating the leaf area index; 63% of the variation in the dependent variable LAI was explained by the change in the independent variables GA, NDLuv and v*.



Over 60% of chlorophyll content index (CCI) was accounted for by the combination of the same spectral indices (GA and NDLuv), along with b* and u*. Notably, the GA index consistently emerged as the primary variable in these models, explaining 61.6% of LAI, 46.1% of stomatal conductance, 56.3% of transpiration rate, and 35.7% of RWC. A prediction model incorporating GA, a*, and v* yielded an R2 of 0.60 for transpiration rate. Additionally, over 55% of RWC was explained by the combination of GA, u*, and NDLuv. Linear regression equations for DAGB and gs demonstrated lower adjusted R2 values of 49 and 47%, respectively, as shown in Table 5. Despite this, all presented models were deemed significant for all physiological parameters.



Stepwise multiple regression analysis conducted with hyperspectral data (see Table 6) revealed that linear regression equations for CCI, RWC, and Tc achieved the highest adjusted R2 values, of 74%, 75%, and 82%, respectively. For CCI estimation, the Clred-edge index explained 55.2% of the variance, while WI:NDVI and DD contributed 15.4% and 3.5%, respectively. The water band indices WI and WI:NDVI consistently emerged as main variables in RWC and Tc models, explaining 70% and 77% of variance, respectively. Both gs and Tr gas exchange parameters were explained by the combination of NDRE and CI indices, despite a low contribution of the latter. In the case of net assimilation rate, 45.7% of its variance was explained by CIgreen, DD, and WI:NDVI indices. Compared to the results in Table 5, the model for estimating LAI had low R2 and an adjusted R2 of 0.40. The DAGB model had the lowest R2 value among the linear regression equations.



Despite the promising results obtained, it is crucial to recognize the limitations of this approach. These empirical models have not yet been tested on other datasets, necessitating careful consideration.




4. Discussion


4.1. Effect of Water and Nitrogen on the Maize Physiological Parameters


Water stress, associated with high temperatures, is the main cause of limited growth and reduced gas exchanges in maize [51]. In Southern Italy, it often occurs during the tasseling stage (VT), which is one of the phenological stages more sensitive to shortage of water. In fact, the reductions in leaf area and of stomatal conductance are among the first mechanisms to be affected under water deficiency [52]. Nevertheless, in this study, the RWC was much less affected by water stress than other crop parameters, because a strong reduction in stomatal conductance diminished leaf evaporative losses and preserved leaf water status [53].



A significant two-way interaction between water and nitrogen treatment was observed for leaf chlorophyll content index (Table 3). Higher CCI was observed in the well fertilized treatment and within the irrigation treatment. This indicates that (i) water stress impedes the synthesis of chlorophyll, by accelerating its degradation, resulting in a reduced CCI [54], and (ii) a higher application of nitrogen strongly increases CCI [55].




4.2. RGB and Hyperspectral Vegetation Indices for Estimating Maize Physiological Parameters


The vegetation indices obtained from digital RGB imagery have been previously recommended as a means for estimating physiological properties of maize under water- and nitrogen-deficiency conditions [39,42,44].



The results reported in Table 5 indicate that the GA index was selected as the primary variable for predicting several physiological parameters, including leaf area index, transpiration rate, stomatal conductance, and relative water content, because of the strong positive correlation with these indicators. Several authors [39,42] reported the efficacy of GA in estimating vegetation cover due to its capacity to quantify the ratio of green pixels to total pixels in an image.



Kefauver et al. [44] evaluated the use of RGB indices for precise crop management of maize under both fertilizer and irrigation treatments and concluded that GA is an efficient indicator for avoiding background effects (e.g., soil, weeds, etc.), considering only healthy and photosynthetically active vegetation. Therefore, the GA index seems to be more relevant in predicting crop status than other indexes. Our findings, although based on single-year observations, highlight the potentiality of using GA index at the canopy level for enhancing crop management practices of maize and improving crop performance under diverse experimental conditions (water and fertilization inputs).



In our study, the a* and u* indices did not carry a high weight in the prediction models. This observation is attributed to the nature of the RGB indices a*, b*, u*, and v*, which primarily capture the average color of the image, encompassing not only plant pigments but also other visible surfaces like soil and non-photosynthetic vegetation. Specifically, the a* and u* indices tend to reflect color components that are highly influenced by the illumination of the scene and adjustments made by the camera, thereby potentially being constrained by variations in soil lightness [56].



Moreover, another aspect to be considered is the spatial resolution. If it is very high, crops in the image are very distinct and separated from disturbance elements (soil, weeds, etc.); vice versa, if the spatial resolution is low, the borders between plants and soil are vague, which implies a higher percentage of pixels containing information from both vegetation and bare soil [57]. Considering the case of the closed canopies, such as occurs in the late maize stages, soil represents a very minimal constituent, as compared to the initial phenological stages; under these conditions, as occurs in our study, the RGB indices are suitable indicators of crop status.



Previous studies comparing the RGB indices and NDVI of maize demonstrated that, although RGB data are affected by a very heterogeneous canopy, they are quite independent from the plant architecture. In fact, the detected visible spectrum is dependent on the pigment’s reflectance only of the surface of the photographed canopy [44]. In contrast to RGB indices, NDVI is more disturbed by the sensitivity of the near-infrared reflectance to the canopy architectural changes [58].



The outcomes from the stepwise multilinear regression models employing hyper-spectral-derived indices (as depicted in Table 6) underscore the substantial importance (adjusted R2 > 0.75) of both WI and WI:NDVI in forecasting RWC and crop temperature, respectively. These findings align closely with previous studies [59,60,61] that consistently highlight robust correlation between water band indices and plant water status, particularly in the presence of water stress. The observed correlation between WI and RWC implies a direct connection: as RWC rises, WI also increases, indicating that water stress influences the absorption of water in plant mesophyll pigments. Furthermore, the link between crop water status and WI:NDVI can be attributed to the ability of the NIR wavelengths (specifically at 970 nm) to penetrate deeply into the canopy, thereby enabling the estimation of water content [62,63]. In response to water stress crops close their stomata, resulting in elevated leaf temperatures. This effect can be discerned using water band indices, as observed in our study, and is highlighted by Ihuoma and Madramootoo [64], who reported the efficacy of water band indices in mapping canopy temperature.



Furthermore, the red-edge region demonstrated strong predictive capabilities for gas-exchange parameters. Indices such as Clred-edge, NDRE, and DD exhibited promising accuracy in estimating physiological parameters like chlorophyll content [65]. Our study aligns with recent findings that emphasize the sensitivity of red-edge wavelengths to variations in both plant nitrogen and water status.



The potential use of the red-edge region for assessing sweet maize nutritional status was confirmed by a study conducted by [45], who reported that the vegetation indices (NDRE, MTCI and CIred-edge), calculated by red-edge wavelengths, were significantly affected by nitrogen levels. As in our study, they pointed out a positive correlation between the red-edge-based VIs and leaf-gas-exchange parameters. DD, REIP, and CIred-edge, belonging to the red-edge group VIs, were the best predictors of physiological and yield parameters at the mid-season stage of sweet maize crop. The differences among water supplies and nitrogen treatments are mainly related to chlorophyll content [66].



Moreover, Li et al. [67] noted that NDRE, CIred-edge and other red-edge-derived indices performed similarly to, and constantly better than, some traditional VIs, such as NDVI, in estimating summer maize nitrogen status. This is probably explained by the fact that the red-edge-based VIs can overcome the saturation problems experienced with the NDVI [68,69,70].



These findings support the growing interest in using carefully chosen narrow-band vegetation indices (VIs) as a non-destructive method for monitoring water and nitrogen levels of sweet maize. Hyperspectral sensors offer continuous measurements, facilitating the detection of subtle surface changes [71]. In particular, red-edge-based indices serve as effective tools for identifying crop deficiencies or assessing nitrogen fertilizer needs [72].



Finally, it is important to mention that the findings of this study are based on one-year experimental data, which might be considered as a limitation in the case of assessing the agronomic performance of a crop under variable climatic conditions. Nevertheless, this study focused on the capability of sensors and aerial RGB and hyperspectral indices to assess the crop’s performance under different water and nitrogen inputs. Therefore, the mechanism of response and capability to grasp it through the application of innovative monitoring solutions was investigated, which would not require multi-year and multi-site experimental results.





5. Conclusions


The reliability of aerial-RGB and ground-measured hyperspectral indices to predict sweet maize physiological parameters has been investigated in this study. Among hyperspectral vegetation indices, those based on red-edge wavelengths showed high capability of predicting gas-exchange variables. In addition, stepwise linear regression highlighted the usefulness of both WI and WI:NDVI for relative water-content and crop-temperature prediction. Among RGB indices, GA had the strongest correlation with leaf area index, transpiration rate, stomatal conductance and relative water content. Moreover, the application of GA, GGA, NDLuv and NDLab resulted in high coefficients of correlation with the studied variables, even higher than the hyperspectral indices measured at the ground level. These results support the evidence that vegetation indices derived from RGB images may constitute a particularly cost-effective strategy for crop status monitoring and a more sustainable management of both water and nitrogen inputs.



These results leverage the opportunity of extending the experimentation to a larger number of case studies and scenarios (e.g., growing seasons, other crops, diverse climate, soil and management practices) to better understand the relation between the spectral reflectance captured by both RGB and hyperspectral sensors and the vegetation properties.
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Figure 1. RGB images taken during the flowering season over six different treatments: I100 HN (a), I100 LN (b), I50 HN (c), I50 LN (d), I0 HN (e), I0 LN (f). 
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Figure 2. Correlation matrices among sweet maize physiological traits and RGB (left) and hyperspectral (right) indices obtained over the whole growing season. 
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Figure 3. Correlation matrix for the RGB and hyperspectral indices of sweet maize over the whole season. 
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Figure 4. Biplot of the first two principal components (PC1 and PC2), representing component scores (symbols) and variable loadings (vectors), performed for RGB and hyperspectral indices for the whole season. 
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Table 1. Indices derived from RGB images.
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Index

	
Formula

	
Color Model






	
Hue (H)

	
Hue < 0°

	
HIS color model




	
Hue < 60°

	
HIS color model




	
Hue < 120°

	
HIS color model




	
Hue < 180°

	
HIS color model




	
Green Area (GA)

	
60° < Hue < 180°

	
HIS color model




	
Greener Area (GGA)

	
80° < Hue < 180°

	
HIS color model




	
a*

	
green—red

	
CIELab color model




	
b*

	
blue—yellow

	
CIELab color model




	
u*

	
blue—green (v*)—red (u*)

	
CIELuv color model




	
v*

	
CIELuv color model




	
NDLab

	
(((1 − a*) − b*)/((1 − a*) + b*) + 1)

	
CIELab color model




	
NDLuv

	
(((1 − u*) − v*)/((1 − u*) + v*) + 1)

	
CIELuv color model











 





Table 2. The indices derived from the hyperspectral visible and near-infrared bands used in this study.
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Acronym

	
Index

	
Equation

	
Reference






	
CI

	
Chlorophyll indices

	
(R880/R590) − 1

	
[48]




	
CIgreen

	
(R730/R530) − 1




	
CIred-edge

	
(R850/R730) − 1




	
MTCI

	
MERIS terrestrial chlorophyll index

	
(R760 − R720)/(R720 − R670)

	
[48]




	
DD

	
Double difference index

	
(R749 − R720) − (R701 − R672)

	
[16]




	
REIP

	
Red-edge inflection point

	
700 + 40 × [(((R670 + R780)/2) − R700)/(R740 − R700)]

	
[49]




	
NDRE

	
Normalized difference red-edge

	
(R790 − R720)/(R790 + R720)

	
[50]




	
WI

	
Water band index

	
R970/R900

	
[26]




	
WI:NDVI

	
Ratio of water band index and normalized difference vegetation index

	
(R970/R900)/[(R800 − R680)/(R800 + R680)]

	
[26]











 





Table 3. Effect of water regime and nitrogen level on leaf area index (LAI), chlorophyll content index (CCI), net assimilation rate (An), stomatal conductance (gs) and relative water content (RWC) measured at VT (tasseling stage, 66 DAP).
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Treatment

	
LAI

	
CCI

	
An

	
gs

	
RWC




	
Water Regime (WR)

	
Nitrogen (N)

	
(m2 m−2)

	
(r.u.)

	
(µmol m−2 s−1)

	
(mol m−2 s−1)

	
(%)






	
I0

	
Low

	
0.6 ± 0.39 c

	
30.6 ± 9.56 d

	
0.4 ± 1.01 c

	
0.01 ± 0.00 c

	
62.3 ± 2.6 c




	
High

	
0.6 ± 0.07 c

	
36.9 ± 10.94 c

	
1.0 ± 1.87 c

	
0.02 ± 0.00 c

	
63.8 ± 4.43 bc




	
I50

	
Low

	
2.5 ± 0.5 b

	
38.9 ± 3.17 c

	
35.2 ± 8.65 b

	
0.28 ± 0.10 ab

	
68.6 ± 14.23 abc




	
High

	
2.8 ± 0.49 ab

	
49.8 ± 4.2 b

	
31.9 ± 7.17 b

	
0.23 ± 0.07 b

	
74.3 ± 6.18 abc




	
I100

	
Low

	
2.6 ± 0.32 ab

	
41.1 ± 5.12 c

	
42.2 ± 3.43 a

	
0.40 ± 0.08 a

	
81.0 ± 2.9 ab




	
High

	
3.3 ± 0.69 a

	
58.9 ± 1.48 a

	
42.2 ± 1.58 a

	
0.39 ± 0.05 a

	
81.6 ± 4.87 a




	
Water regime

	
**

	
*

	
***

	
***

	
**




	
Nitrogen

	

	
ns

	
***

	
ns

	
ns

	
ns




	
WR × N

	

	
ns

	
*

	
ns

	
ns

	
ns








ns, *, **, and *** denote not significant or significant at p ≤ 0.05, 0.01, and 0.001, respectively. Means followed by different letters in each column are significantly different according to the LSD test (p = 0.05). Reported values are averages of three replicates.













 





Table 4. Results of the PCA carried out on RGB and hyperspectral indices for the whole growing season of the sweet maize.
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Eigenvalues

	
Percentage of Variance

	
Component Contribution






	
Dimension 1

	
11.38

	
63.40

	
NDRE

	
NDLuv

	
MTCI

	
GA

	
a*




	
8.01

	
7.62

	
7.58

	
7.50

	
7.46




	
Dimension 2

	
2.95

	
14.50

	
WI:NDVI

	
WI

	
REIP

	
GGA

	
u*




	
18.94

	
17.54

	
15.94

	
9.49

	
7.31











 





Table 5. Stepwise multilinear regression models considering the physiological parameters as response variables and RGB-derived indices as predictors.
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	Variable
	Regression Model
	R2
	Adjusted R2
	Portion of Variance





	LAI
	−1.20 + 6.84 GA − 1.38 NDLuv − 0.02 v*
	0.637
	0.633
	GA: 0.616 ***

NDLuv: 0.009

v*: 0.012



	DAGB
	−999.25 + 4734.94 GA + 46.53 u* − 25.50 b* − 1275.89 NDLuv
	0.498
	0.490
	GA: 0.146 ***

u*: 0.203 ***

b*: 0.091 ***

NDLuv: 0.058 ***



	CCI
	19.83 + 58.03 NDLuv + 1.62 u* + 35.38 GA − 0.19 b*
	0.618
	0.612
	NDLuv: 0.502 ***

u*: 0.081 ***

GA: 0.026 ***

b*: 0.009



	An
	−19.75 + 0.79 v* + 29.68 GGA
	0.535
	0.531
	v*: 0.374 ***

GGA: 0.161 ***



	gs
	−0.12 + 0.63 GA + 0.01 a*
	0.474
	0.470
	GA: 0.461 ***

a*: 0.013



	Tr
	−3.77 + 13.97 GA + 0.19 a* + 0.07 v*
	0.604
	0.600
	GA: 0.563 ***

a*: 0.014 ***

v*: 0.024 ***



	RWC
	23.45 + 70.49 GA + 3.18 u* + 86.87 NDLuv
	0.560
	0.555
	GA: 0.357 ***

u*: 0.054 ***

NDLuv: 0.149 ***



	Tc
	13.43 + 49.77 NDLuv + 1.44 u* + 0.30 v*
	0.575
	0.570
	NDLuv: 0.232 ***

u*: 0.255 ***

v*: 0.088 ***







*** denotes significant at p ≤ 0.001.













 





Table 6. Stepwise multilinear regression models considering the physiological parameters as response variables and hyperspectral indices as predictors.
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	Variable
	Regression Model
	R2
	Adjusted R2
	Portion of Variance





	LAI
	0.08 + 9.38 DD + 0.82 WI:NDVI
	0.408
	0.404
	DD: 0.343 ***

WI:NDVI: 0.065 ***



	DAGB
	207.19 + 3287.9 CIred-edge − 168.11CI
	0.244
	0.238
	CIred-edge: 0.105 ***

CI: 0.139 ***



	CCI
	1.5 + 38.5 CIred-edge + 17.14 WI:NDVI + 54.21 DD
	0.741
	0.738
	CIred-edge: 0.552 ***

WI:NDVI: 0.154 ***

DD: 0.035 ***



	An
	2.23 + 6.17 CIgreen + 76.57 DD + 4.22 WI:NDVI
	0.457
	0.451
	CIgreen: 0.353 *