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Abstract

:

Precise nitrogen (N) application ensures the best N status of potato plants to improve crop growth and food quality and to achieve the best N use efficiency. Four N fertilization levels (0, 2, 4 and 6 g N pot−1) were used to establish a critical N dilution curve (CNDC) of potato plants cultivated in substrates with a greenhouse environment. RGB images of potato plants were obtained, and a red–green fit index (RGFI) was calculated based on the linear relationship between R and G channels and the principle of the excess green index (EXG). The N in the substrate can meet the nutritional requirements of potato plants during the first 35 days after emergence. In order to solve the complex sampling problem of maintaining a sufficient N strip for aboveground dry biomass (DM) and crop nitrogen concentration, a reference curve method for detecting N status was proposed. RGFI and SPAD values from the economically optimum 4 g N pot−1 treatment were used to derive the reference curve. The RGFI and SPAD values from the 4 g N pot−1 treatment had high correlations and were fitted with a second-order polynomial function with an R2 value of 0.860 and an RMSE value of 2.10. The validation results show that the N concentration dilution curve constructed by RGFI and SPAD values can effectively distinguish N-limiting from non-N-limiting treatments, CNDCs constructed based on RGFI and SPAD values could be used as an effective N status monitoring tool for greenhouse potato production.
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1. Introduction


Potato is the fourth largest food crop in the world [1], and the potato planting area of China ranks first in the world, but its yield per unit area is lower than the world average [2]. With population growth and reduction in arable land, increasing crop yield per unit area has become an important issue for Chinese agriculture [3]. N is an essential nutrient element to promote crop growth and increase crop yield [4,5]. Increased N application is the most direct and effective way to enhance potato yield [6]; however, due to a lack of understanding of N nutrition, excessive N fertilization is generally adopted by farmers to increase crop yields [7]. Insufficient and excessive N will reduce the yield [8,9] or quality of potatoes [10], and excessive N fertilizer application can lead to additional production costs [6], reduced N use efficiency [11], and harmful environmental issues [12], such as increased greenhouse gas emissions and eutrophication of water bodies [13], leading to a requirement for informed fertilization management while maintaining or reduce production costs and environmental problems. The timely and precise assessment of crop N status could help us to achieve these goals.



The common critical N dilution curve (CNDC) constructed in view of the allometric relationship between biomass and N concentration is a potential tool for diagnosing plant N status [14]. In detail, crops are divided into N-limiting and non-N-limiting groups according to biomass and N concentration, and CNDC is constructed by a data fitting method [8]. When the actual measured value of N concentration is lower than CNDC, it means the crop is under N fertilizer stress, and N fertilizer is required [15]. The accuracy of CNDCs is limited by the differences in histological, morphological, and ecophysiological characteristics among species; hence, relevant studies have been conducted for potato [16], cotton [17], maize [18], rice [19], and winter wheat [20]. The Kjeldahl method is currently a common method used to measure N concentrations, but the procedure is tedious and time-consuming [21]. Additionally, an allometric relationship between dry matter and the leaf area index exists under non-N restriction conditions, and the CNDCs are established based on this relationship. However, this measurement made through field surveys also requires manual sampling and laboratory procedures, and the time required to obtain information is not practical. Thus, it is necessary to develop methods to diagnose N status with procedures that require less time and less damage to crops.



N is the most basic element of chlorophyll and protein, and when the supply of N fertilizer is sufficient, it can ensure the formation and accumulation of chloroplasts and increase the concentration of chlorophyll [22]. N is an important part of chlorophyll, and the chlorophyll content directly reflects the state of N concentration to a certain extent [23,24]. The quotient of the chlorophyll in a plot divided by the chlorophyll in a reference plot with sufficient N application is defined as the N sufficiency index (NSI), and NSI can be used to guide N management. However, NSI depends on the reference graph used, resulting in poor practicality [25,26]. SPAD 502 is an effective tool for measuring plant chlorophyll, and 502 readings are highly linearly correlated with chlorophyll values measured by chemical assays [27,28]. Numerous studies show that the results of chemical experiments used to measure chlorophyll content are almost the same as those measured by SPAD 502, indicating that SPAD can replace chlorophyll content [29]. Furthermore, a SPAD hand-held chlorophyll meter was confirmed to be a promising tool for assessing the N status of potato plants [30]. To construct a CNDC based on plant SPAD values, it is important to find suitable parameters for establishing the best-fit curve of SPAD values. Vegetation index (VI) is an effective method for estimating chlorophyll and N concentrations in crops [31]. The red edge-based VI (VIre) and near-infra-red based VI (VInir) are commonly used to estimate crop SPAD values [32]. However, sensors with the above two bands are often more expensive and complex in data processing. RGB cameras provide less band information, but they are affordable and have strong applicability [33]. RGB image information has been proven to be used for SPAD value prediction of potato plant leaves [27,34]. However, the law of the plant wave band ratio has not been comprehensively considered in common RGB image features, resulting in low accuracy of plant SPAD value fitting. There are few reports on the diagnosis of N concentration in potato plants cultivated by substrates in a greenhouse based on SPAD value and RGB image information.



The objectives of the present research program were to (1) explore the response of potato plants cultivated in substrates to N fertilizer in terms of SPAD value and tuber yield with a greenhouse environment and (2) establish a CNDC using characteristic parameters constructed based on the relationship between RGB band information and the SPAD value fitting model.




2. Materials and Methods


2.1. Site and Crop Management


A potato pot experiment was carried out in the greenhouse of the College of Horticulture, Northwest A&F University, Yangling, Shaanxi Province. The height and diameter of the flower pots were 33 cm and 27 cm, respectively. Two potato cultivars, Helan 15 and Longshu No. 7, were evaluated, which were grown from virus-free seed potatoes. The seedling substrate produced by Xinluyuan Seedling Substrate Co. Ltd. (Weifang, China) was used to grow potatoes, and the organic matter content of the substrate was more than 35%. To ensure the normal growth of potatoes, potatoes were planted in the middle of the flower pots with a planting depth of 10 cm, and the temperature in the greenhouse before and during the emergence of potato plants was set to 20 °C. After the potato seedling period, the greenhouse temperature was the same as that of the outside environment.




2.2. Experimental Design


To prevent interactions between the leaves of the potato plants, maternal tubers were planted in rows 0.4 m apart and with a 0.4 m distance within rows on 17 December 2020. The N fertilizer rate as urea regimes was used as the control variable, the other management was the same. Before the potato emerged, it mainly absorbed the nutrients of its own tubers and required less fertilizer. Moreover, the organic matter content of the potato planting substrate exceeded 35%, which can meet the nutritional needs of potato seedlings. Therefore, fertilizer was applied during the potato tuber formation period (20 days after potato emergence). Potatoes were planted in 320 pots, which were evenly divided among 4 N fertilizer treatments. According to the fertilization habits of local farmers, potassium (K) and phosphate (P) were applied as P2O5 and K2O at 4 g pot−1 and 5 g pot−1, respectively. The N fertilizer gradient included treatments of 0 g pot−1, 2 g pot−1, 4 g pot−1, and 6 g pot−1.




2.3. Measurements


The hand-held soil plant analysis development (SPAD) chlorophyll meter has proven to be a promising tool in evaluating the N status of potatoes and guiding fertilization recommendations [35,36]. On the 35th and 50th days after potato emergence, a SPAD meter (SPAD-502Plus, Konica Minolta, Osaka, Japan) was used to measure the chlorophyll content of the upper, middle, and lower leaves of the potato plant (Figure 1); nine leaves were measured for each potato plant, and a total of 540 leaves were measured for each level. Each leaf was measured 5 times, and the average value was taken as the SPAD value of the corresponding leaf. Measurements were made in sunny conditions and following the instruction manual for measuring the crop (Konica Minolta, Inc.). The means of plant height were 34 cm and 51 cm on the 35th and 50th days after potato emergence, respectively.



To make the image correspond to the position of the leaves, corresponding markers were hung on the top, middle, and bottom of the potato plant. A digital single-lens reflex camera (EOS 760D, Canon (Tokyo, Japan) Co., Ltd.) mounted on a tripod was used to take photos at a distance of 60 cm from the potato canopy, with a 35 mm focal length and a resolution of 1984 × 2976 pixels. A laptop was used to control the camera and to view image quality. To reduce the impact of light intensity on the RGB image quality of potato plants, the camera was set to manual exposure. The image data acquisition process of the potatoes is shown in Figure 1.



The potato plants in each treatment were harvested, and all tubers were weighed. The tuber yield was calculated based on the fresh weight of each pot.




2.4. RGB Image Processing


2.4.1. The Extraction of Potato Plant Characteristics


Many previous studies have used different vegetation indices (VIs) and texture features derived from RGB images to estimate the SPAD values of crops. In this study, four VIs were calculated from RGB images with potato plant leaves, including the normalized green–red difference index (NGBDI) [37], excess green index (EXG) [38], green–red vegetation index (GRVI) [39], and green leaf index (GLI) [40]. The texture features of RGB images, including the commonly used mean, variance, homogeneity, contrast, dissimilarity, entropy, angular second moment, and correlation, were extracted by a gray-level co-occurrence matrix [41]. Their calculation formulas are as follows (Table 1):




2.4.2. Feature Construction


The common visible light band vegetation indices are constructed based on different reflection intensities of green leaves to red, green and blue channels. However, the relationships between the red band (   R R   ), green band (   R G   ), and blue band (   R B   ) are not comprehensively considered for the construction of common visible light band vegetation indices.    R B    is positively correlated with chlorophyll, whereas    R R    and    R G    are negatively correlated, according to the findings of [42,43]. The red–green vegetation index (TRVI) was constructed based on the fitting results of    R R    and    R G    and found to better predict the fractional vegetation cover (FVC) of winter wheat in our previous research [44]. However, the TRVI does not consider blue band information, and the application process has low robustness. Therefore, introducing the blue band and combining the construction principle of TRVI can effectively improve the robustness of the parameters.



Figure 2 illustrates that potato plant leaves showed an obvious linear relationship between    R R    and    R G   , with an R2 value of 0.998 and an RMSE value of 1.196. Taking into account the abovementioned relationship and drawing on the construction principle of EXG, a red–green fit index (RGFI) based on the linear relationship of    R R    and    R G    is constructed, and its formula is as follows:


  R G F I = 2  R G  − 0.924  R R  − 44.851 −  R B   



(1)








2.4.3. Feature Selection


Random forest (RF) is an algorithm for measuring the importance of features by randomly replacing each feature [45,46]. When the importance of the feature is higher, the value of the prediction error rate of the RF model will be larger and then the change value of the error rate for the out-of-bag data before and after the feature replacement is applied to evaluate each feature to obtain the importance score of the features. Python 3.6 libraries (Scikit-Learn package) were used to implement this algorithm, and repeated tenfold cross-validation was selected to optimizing RF model accuracy [46]. The subset with less influence on the random forest model served as the subset of predictors.



The Pearson correlation coefficient is used to detect the degree of linear correlation between continuous variables, and the value range is [−1, 1]. Positive and negative values indicate positive and negative correlations, respectively. The larger the absolute value, the higher the degree of linear correlation. RF and Pearson correlation coefficients were used to evaluate the importance of the vegetation index and texture features, and then the features selected by the two algorithms were used to construct an SPAD value model of potato plants.





2.5. Establishment of CNDC for Potato Plants


According to the method of potato CNDC establishment proposed by [47], the steps of potato CNDC establishment in this paper mainly included determining whether there was a significant difference in the relative yield and SPAD values for each sample through analysis of variance and dividing the potato plants into two groups (N-limiting treatments and non-N-limiting treatments). The relationship between yield and SPAD values was analyzed to find the SPAD value interval corresponding to the highest relative yield. Then, features were selected by the above feature screening algorithm to fit SPAD values, and a CNDC was established.



Common model evaluation metrics root mean square error (RMSE) and coefficient of determination (R2) are used to evaluate the fit of the relationship between image features and SPAD values. R2 and RMSE were calculated as follows:


   R 2  = 1 −     ∑  i = 1  n        x i  −  y i     2        ∑  i = 1  n        x i  −  x ¯     2       



(2)






  R M S E =       ∑  i = 1  n        x i  −  y i     2     n     



(3)




where    x i    and    y i    are the measured and predicted SPAD values of potato plants,   x ¯   is the mean of the measured SPAD values, and  n  is the total number of samples.




2.6. Statistical Analysis


Statistical analyses were carried out on the data acquired from potato pot experiments to establish a CNDC for potato plants. With each fertilization control, 60 pots of potato plants were selected for further analysis. Data preprocessing was executed using Microsoft Excel 2019 (Microsoft Corporation, Redmond, WA, USA) to analyze the relationship between the bands and to construct the RGFI. Potato tuber yield and SPAD values were subjected to ANOVA using GLM procedures in IBM SPSS Version 26.0 (IBM Corporation, Armonk, NY, USA). The data in this study are expressed as the mean ± standard deviation. p < 0.05 was considered to be statistically significant. The CNDC for potato plants was established by Origin 2018 (OriginLab Corporation, Northampton, MA, USA).





3. Results


3.1. Tuber Yield and SPAD Value Response to N Rate


With the increase in N fertilizer application, the yield of potato tubers slightly increased at first and then rapidly decreased (Figure 3A). The highest yield of 0.45 kg pot−1 was obtained with 4 g N pot−1. The yield of potato was significantly different in the four N rate controls (p < 0.05) in which 2 g N pot−1 was higher than 6 g N pot−1, and the turning point of potato production appeared at 4 g N pot−1. N applications greater than 4 g N pot−1 resulted in a reduced number of stems in this study. This may be due to the negative impact of excessive N, as reported by [30] the balanced nutrition maximized the number of stems per plant. In addition, the high N application rate resulted in a reduction in plant stem length. N fertilizers promoted plant growth within certain limits, whereas excessive showed negative impact. Other researchers found similar trends existed in the influence of N on vegetative traits [48,49].



There was no significant difference in the SPAD values of potato leaves under different N application rates 35 days after the emergence of potatoes (Figure 3B). The main reason for this phenomenon was that the N concentration in the substrate can maintain the normal growth of potato plants. The SPAD values of potato plant leaves showed a trend of first increasing and then decreasing, and the turning point appeared at 4 g N pot−1 50 days after emergence. There was a significant difference in the SPAD values of potato plants in the 4 g N pot−1 treatment and those in the 0 g N pot−1 and the 2 g N pot−1 treatments (p < 0.05) and no significant difference in the SPAD values of potato plants under other N fertilizer treatments 50 days after emergence (Figure 3C).



According to the change trend of potato tuber yield and potato plant SPAD values, the yield of potato tubers increased with the growth of potato plant SPAD values, and tuber yield was well synchronized with potato plant SPAD values for the increasing N rate. The best N fertilizer application rate was 4 g N pot−1. Compared with the SPAD values of potato plants on the 35th day after emergence, SPAD values in potato plants decreased on the 50th day after potato emergence. The main reason for this phenomenon is that the potato plant leaves begin to senesce, and the nitrogen begins to decompose or transfer with continuous growth of the potato plant, resulting in the decreases of SPAD values for potato plants on 50th day after emergence, as the similar finding in previous studies [50,51].




3.2. The Results of Feature Selection


Because there were too many variables, for the convenience of readers, the first five variables selected by random forest are displayed (Table 2), and those with an absolute Pearson correlation coefficient value greater than 0.5 are illustrated (Figure 4). The screening results of the RF algorithm showed that the RGFI constructed in the study had the highest contribution rate, followed by the EXG, GLI, and GRVI, while the NGBDI and texture feature contribution rates were low. When considering the Pearson correlation coefficient method, RGFI has the highest correlation with SPAD values, and RGFI had a negative correlation with potato plant SPAD values. With the increase of chlorophyll content, the reflection of the green band for potato plant leaves reduces, resulting in a decrease with RGFI; thus, RGFI is negatively correlated with SPAD value. The potato plants in each treatment were harvested, and all tubers were weighed. The tuber yield was calculated based on the fresh weight of each pot.



The RGFI comprehensively considers the weight ratio of the    R G    and    R R    of the potato plant; thus, it has a good effect on predicting the SPAD values of the potato plant. Combining the screening results of the above two methods, the RGFI was selected as the most important feature to construct an SPAD value fitting model.




3.3. Construction and Validation of a CNCD for Ppotato Plants


When analyzing the data for 4 g N pot−1, it was found that the RGFI was closely related to SPAD values, independent of cultivar (Figure 5). The minimum N rate for the maximum SPAD values was 4 g N pot−1 according to the abovementioned significance analysis results; thus, the RGFI and SPAD values of potato plants grown at 4 g N pot−1 were selected for nonlinear fitting, and the fitting results are shown in Figure 5a. Using a 2nd-order polynomial function to fit the RGFI and SPAD values achieved good results with an R2 value of 0.860 and an RMSE value of 2.10, and the resulting CNDC is shown in Equation (5). To further analyze the fitting performance of the SPAD value of RGFI, EXG was also used to fit SPAD value with a 2nd-order polynomial function (Figure 5b). Clearly, RGFI achieves higher accuracy with an R2 increase of 0.112 and an RMSE decrease of 0.704 than EXG. It was assumed that the range within the 95% confidence interval (CI) of the reference curve may be regarded as an N fertigation condition as suitable as the N supply of 4 g N pot−1. In Figure 6, points below the curve show a low ratio of RGFI to SPAD values, indicating N stress exists. The SPAD value is closely related to the photosynthesis of plants, and the RGFI reflects the overall greenness of plant leaves. Thus, for a given SPAD value, a lower RGFI implies a lower plant N concentration. Therefore, a low point indicates N stress.


  Y = 0.002  X 2  − 0.4409 X + 65.604  



(4)




where  Y  and  X  represent chlorophyll and the RGFI, respectively.





4. Discussion


4.1. The Response of Yield and SPAD Values to the N ApplicationRate


Under the specific conditions in which the experiment was conducted, the organic matter content of the substrate met the growth nutrient requirements of potato in the first 35 days (Figure 3B). The SPAD value started to show a significant difference at 50 days after the emergence of potatoes; at this time, the N fertilizer of the substrate itself had been exhausted, and the applied N fertilizer promoted the growth of potato plants. Excessive N fertilization led to a decrease in potato tuber yield, with the highest potato yield appearing in the treatment with 4 g N pot−1, and the tuber yield of potatoes with 6 g N pot−1 was significantly reduced compared with that for 4 g N pot−1. Investigations performed in different regions for various crop species, such as maize in China [52], summer sanqi in China [53], and winter wheat in Poland [54], have indicated similar behavior. Therefore, excessive nitrogen application can not only improve crop yield, but also increase production cost. In addition, according to the N uptake capacity of crops, starting from a certain stage, excessive N accumulates in crop tissues, posing a serious threat to human health. The change in potato plant SPAD values with an increasing N rate was the same as that in the tuber yield, that is, when the N application rate was 6 g N pot−1, the SPAD value of potato plants decreased compared with that at 4 g N pot−1. Numerous studies have shown that the SPAD content of potato plants increases with increasing N application rates under field conditions [55,56,57]. These changes in SPAD values with the N application rate contradicted their results. The experiment carried out in this study was performed under greenhouse conditions, and substrates were used to cultivate potatoes. Supra-optimal N application rates may disrupt the uptake balance of N, P and K fertilizers by potato plants cultivated in substrate, resulting in a drop in the SPAD value of potato plants with 6 g N pot−1.




4.2. Application of the RGFI for CNDC Construction in Potato Plants


With the rapid development of sensing and computer vision technologies, RGB imaging, multispectral imaging [58,59], hyperspectral imaging [60,61], and other techniques are widely adopted to nondestructively assess plant chlorophyll, in combination with image-processing methods. The spectral reflectance data of light in certain bands [62,63] can be used to establish a chlorophyll estimation model. However, the performance of a chlorophyll estimation model that uses only a single spectral reflectance dataset is affected by many factors, such as the soil, atmosphere, and environmental conditions, as well as leaf structure. Therefore, VIs, which are typically established by linear and nonlinear integration of reflectance at different wavelengths, are often used to construct a chlorophyll estimation model. The vegetation indices can reduce the influence of external factors, and further improve the prediction performance and stability of the model [64]. VIs derived from multispectral and hyperspectral sensors have achieved good results in predicting chlorophyll, but the corresponding sensors are expensive and not suitable for use by individual farmers. Although RGB cameras contain less band information than multispectral and hyperspectral sensors, they are affordable, have high image resolution, and require simple image processing procedures. However, the existing research on chlorophyll prediction based on RGB images does not comprehensively consider the relationships between the R, G, and B bands of crop plants, resulting in lower fitting model accuracy of images and SPAD values [27,29]. The RGFI is determined based on the linear relationship of    R R    and    R G    by drawing on the construction principle of EXG. At the same time, the blue–green fit index (BGFI) is constructed with the linear relationship of    R G    and    R B    to construct the CNDC of potato plants. Potato plant leaves had an obvious linear relationship between    R G    and    R B   , with an R2 value of 0.998 and RMSE value of 1.131 (Figure 7). The BGFI and SPAD values were negatively correlated, and the 2nd-order polynomial function result of the BGFI and SPAD values was not ideal, with an R2 value of 0.625 and RMSE value of 3.416 (Figure 8). However, the RGFI achieved better fitting accuracy with an R2 value of 0.860 and an RMSE value of 2.10. Thus, the    R R    and    R G    linear relationship is confirmed to be an effective method for SPAD value fitting. The BGFI is calculated as follows:


  B G F I = 2  R G  − 0.710  R B  − 73.645 −  R R   



(5)








4.3. RGFI/SPAD Value-reference Curve Method


Plant critical N dilution curves were established in different crops, according to the differences in the N dilution process of crops and the accumulation of plant dry mass (W) under different N treatments [65]. However, the oven drying method and the Kjeldahl method are currently common methods used to measure W and N concentrations [8,66], respectively, and are inefficient not only in terms of data collection but also damage crops. Furthermore, the Kjeldahl method of N determination is harmful to the human body and the environment when obtaining crop N concentrations. An RGFI/SPAD value-reference curve method was derived from the RGB image and SPAD meter relation (2nd-order polynomial) in the N fertigation treatment with 4 g N pot−1. 4 g N pot−1 was suggested as the reference due to its best tuber yield and SPAD value. RGB images and SPAD values are two nondestructive, rapid, and effective methods to estimate crop chlorophyll. Therefore, the RGFI/SPAD value-reference curve method has wide applicability. Too much N fertilizer will cause N deficiency in potato plants, and the fitting model of the RGFI and SPAD values cannot further distinguish the status of N fertilizer; therefore, it is necessary to combine the phenotypic information of potato plants to further diagnose the status of nitrogen fertilizer in the future.





5. Conclusions


The combination of RGB images and SPAD values has great potential for accurate, rapid and economical diagnosis of nitrogen stress in the potato plant. In the greenhouse environment, the substrate could meet the nutritional requirements of potato plants in the first 35 days. The RGFI constructed by RGB images achieved good results in estimating the SPAD values of potato plants, with an R2 value of 0.86 and an RMSE value of 2.1. A reference curve is derived from the RGFI/SPAD value relationship, which could be used as a diagnostic tool to detect N stress in potato crops during the growing season.
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Figure 1. Schematic diagram of the image acquisition system. Note: 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, and 13 represent the EOS 760D camera, laptop, tripod, the first leaf at the top of the canopy, the second leaf at the top of the canopy, the third leaf at the top of the canopy, the first leaf at the middle of canopy, the second leaf at the middle of canopy, the third leaf at the middle of canopy, SPAD 502, the first leaf at the bottom of canopy, the second leaf at the bottom of canopy, and the third leaf at the bottom of canopy, respectively. 
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Figure 2. Fitting results of the green band and red band for potato plant leaves. 
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Figure 3. (A) The effect of the N application rate on the relative yield of potato tubers. (B) The effect of the N application rate on SPAD values 35 days after the emergence of potatoes. (C) The effect of the N application rate on SPAD values 50 days after the emergence of potatoes. Different letters represent significant differences (p < 0.05). 
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[image: Remotesensing 14 04814 g003]







[image: Remotesensing 14 04814 g004 550] 





Figure 4. Feature screening results of the Pearson correlation coefficient method. 
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Figure 5. Fitting results of SPAD value using 2nd-order polynomial function at 4 g N pot−1. (a) Fitting results of RGFI; (b) Fitting results of EXG. 
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Figure 6. Validation of the critical N dilution curves established by RGFI and SPAD values. 
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Figure 7. Fitting results of the green band and blue band for potato plant leaves. 
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Figure 8. Critical N dilution curves derived from BGFI and SPAD values at 4 g N pot−1. 
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Table 1. Vegetation index and texture feature calculation method.
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Type

	
Name

	
Formulas






	
Vegetation indices

	
Excess green index (EXG)

	
   E X G = 2 ×  R G  −  R R  −  R B    




	
Normalized green–blue difference index (NGBDI)

	
   N G B D I =    R G  −  R B     R G  +  R B      




	
Green–red vegetation index (GRVI)

	
   G R V I =    R G  −  R R     R G  +  R R      




	
Green leaf index (GLI)

	
   G L I =   2 ×  R G  −  R R  −  R B    2 ×  R G  +  R R  +  R B      




	
Texture features

	
Mean (mean)

	
   m e a n =   ∑  i , j   N − 1    i  P  i , j       




	
Variance (var)

	
   v a r =   ∑  i , j = 0   N − 1    i  P  i , j       ( i − m e a n )  2    




	
Homogeneity (hom)

	
   h o m =   ∑  i , j = 0   N − 1   i     P  i , j     1 +   ( i − j )  2      




	
Contrast (con)

	
   c o n =   ∑  i , j = 0   N − 1   i   P  i , j     ( i − j )  2    




	
Dissimilarity (dis)

	
   d i s =   ∑  i , j = 0   N − 1   i   P  i , j     i − j     




	
Entropy (ent)

	
   e n t =   ∑  i , j = 0   N − 1   i   P  i , j   ( − ln  P  i , j   )   




	
Second moment (sm)

	
   s m =   ∑  i , j = 0   N − 1   i    P  i , j   2    




	
Correlation (corr)

	
   c o r r =   ∑  i , j = 0   N − 1   i   P  i , j       ( i − m e a n ) ( j − m e a n )     v a  r i  × v a  r j          
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Table 2. Feature screening results of RF.
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	Feature Name
	Importance





	RGFI
	0.3068



	EXG
	0.2798



	GLI
	0.1673



	GRVI
	0.1261



	NGBDI
	0.0204
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
Gray value of green band

R*0.998
RMSE=1.131
y=0.710x+73.645

80 100 120 140
Gray value of blue band

160

180





media/file4.png
Gray value of green band

200 -

R*=0.998 -
1804 RMSE=1.196 .f'.

y=0.924x+44.851 o

'd F
160 - -"I
’/
140 - -";
S
-
120 - ."'.
" "
i
"
1004 =
1 v 1 b 1 v 1 N 1 v 1
60 80 100 120 140 160

Gray value of red band





nav.xhtml


  remotesensing-14-04814


  
    		
      remotesensing-14-04814
    


  




  





media/file16.png
65 o y=0.0096 x*-0.9057x+65.443
w " R?*=0.625
o | . RMSE=3.416
B i =
5
B 55
4]
-
Q i
o
é 50 - 7
[
o o . ..--
E B | o
45 - By g f o T
e o B
0 B
0
40 - i
1 1 1 1 1 1
0 10 20 30 40 50

BGFI





media/file2.png





media/file5.jpg





media/file3.jpg
Gray value of green band

2004

1804

1604

140 4

1004

R?=0.998
RMSE=1.196
¥=0.924x+44.851

T T
80 100 120
Gray value of red band

T
140

T
160





media/file1.jpg





media/file7.jpg





media/file10.png
(a) y=0.002x2-0.4409x+65.604
65 + 5 R*=0.860
" RMSE=2.10
60 A .
m R =
. :
= 554
(2]
> e
) o
-
=< 50 =
) 2f 3
" N
L B "‘
L Ty
m N
40 1
T T T ¥ T ¢ ' g .
0 20 40 60 80

RGFI

1
100

65 - ®) . y=0.0012x>-0.4403x+78.754
L} R?=0.748
RMSE=2.804
60 4 .
T W
5
B 55
[3+3
> -
A , B
. [
= 50 - n
e :" ‘. l l
45 - ‘ Bign .- "
l- B ' ..
=4 a"
40 4 a
20 40 60 80 100 120
EXG





media/file12.png
65 - v
N “‘ NOg pot ™!
@ A =
60 - v, v N2g pot
.’“ 4 N6g pot™
% oo¥:
% 55 - &e
>
=
e 50 -
75
45 1
40
0 20 40 60 80 100





media/file9.jpg
samasa s






media/file0.png





media/file14.png
200 +

— — —
EaN @) o0
o it o
| | |

Gray value of green band
ro
S

R?=0.998
o

RMSE=1.131 &
y=0.710x+73.645 r 4

60 80 100 120 140 160
Gray value of blue band

180





media/file8.png
SPAD
RGFI
EXG
GLI
GRVI
NGBDI
red-var
red-hom
red-con
red-dis
red-ent
red-sm
red-corr
green-mean
green-var
green-hom
green-con
green-dis
green-ent
green-sm
green-corr
blue-mean
blue-var
blue-hom
blue-con
blue-dis
blue-ent
blue-sm

blue-corr

.66

-0.75 .82 0.91 0.96 0.90

0.60

0.67

2
Py
7}

L | 0.91

‘

RGFI

O

&

GLI
GRVI
NGBDI

0.65 0.76 0.84 0.74 0.90

red-var

red-hom

red-con

0.91

red-ent

0.93

0.94

red-corr

=
<
)
=
=
)
)
Bl

0.97

0.99 gik:E]

0.97 .92 0.92 1.00 E

green-var

o8 -0.91

UR:[-8 -0.94 0.96 0.98

green-hom
green-con
green-dis

green-ent

green-sm

green-corr

0.82

blue-mean

0.98

blue-var

blue-hom

blue-con

blue-dis
blue-ent

0.93 .93 0.99

blue-sm

blue-corr

0.8

0.6

04

0.2

0.0





media/file11.jpg
SPAD values
IS @ w o I
& 3 b 2 o

N
=

® Nogpot™!
i 4
- v N2gpot™!
..’\‘\‘ = 4 Né6gpot”
o ‘-;‘
v ¥
»
4 \

o
4
"
o

T
100





media/file6.png
LS~

0.4 -

0.3 4

2

Mean of yield (kg)

£ =

(A)

0.0-

60 1

SPAD values
(98] N =N n
- o e

()
o=
1

[a—
o
1

SPAD values
(V%] E=N
= ()

o
o
1 .

10

! a
b
. Id I
0 2 4

N application rates (g/pot™)
a = a
2 4 6
N application rates (g/pot”')
ab Ia b
2 4 6

N application rates (g/pot")

(B)

a

(©)






media/file15.jpg
SPAD values

654

554

50 4

454

40






