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Abstract

:

Using spectral data to quantify nitrogen (N), phosphorus (P), and potassium (K) contents in soybean plants can help breeding programs develop fertilizer-efficient genotypes. Employing machine learning (ML) techniques to classify these genotypes according to their nutritional content makes the analyses performed in the programs even faster and more reliable. Thus, the objective of this study was to find the best ML algorithm(s) and input configurations in the classification of soybean genotypes for higher N, P, and K leaf contents. A total of 103 F2 soybean populations were evaluated in a randomized block design with two repetitions. At 60 days after emergence (DAE), spectral images were collected using a Sensefly eBee RTK fixed-wing remotely piloted aircraft (RPA) with autonomous take-off, flight plan, and landing control. The eBee was equipped with the Parrot Sequoia multispectral sensor. Reflectance values were obtained in the following spectral bands (SBs): red (660 nm), green (550 nm), NIR (735 nm), and red-edge (790 nm), which were used to calculate the vegetation index (VIs): normalized difference vegetation index (NDVI), normalized difference red edge (NDRE), green normalized difference vegetation index (GNDVI), soil-adjusted vegetation index (SAVI), modified soil-adjusted vegetation index (MSAVI), modified chlorophyll absorption in reflectance index (MCARI), enhanced vegetation index (EVI), and simplified canopy chlorophyll content index (SCCCI). At the same time of the flight, leaves were collected in each experimental unit to obtain the leaf contents of N, P, and K. The data were submitted to a Pearson correlation analysis. Subsequently, a principal component analysis was performed together with the k-means algorithm to define two clusters: one whose genotypes have high leaf contents and another whose genotypes have low leaf contents. Boxplots were generated for each cluster according to the content of each nutrient within the groups formed, seeking to identify which set of genotypes has higher nutrient contents. Afterward, the data were submitted to machine learning analysis using the following algorithms: decision tree algorithms J48 and REPTree, random forest (RF), artificial neural network (ANN), support vector machine (SVM), and logistic regression (LR, used as control). The clusters were used as output variables of the classification models used. The spectral data were used as input variables for the models, and three different configurations were tested: using SB only, using VIs only, and using SBs+VIs. The J48 and SVM algorithms had the best performance in classifying soybean genotypes. The best input configuration for the algorithms was using the spectral bands as input.
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1. Introduction


Selecting soybean genotypes that are adapted to and have good yield performance in poor fertility soils is essential in breeding programs. Such characteristics provide savings for the farmer with fertilizer purchases, reduce the global demand for fertilizers, ensure food security, and mitigate negative environmental impacts caused by the erroneous use of fertilizers [1]. In this sense, performing phenotypic, physiological, and nutritional plant assessments is a key step in soybean genetic breeding programs, and using remote sensing techniques and powerful data analysis has enabled greater precision and speed in the evaluation processes [2]



Satellite images are used in agriculture, providing important information; however, this information has limiting resolutions in terms of time and space, especially in small areas, such as experimental fields [3]. There is ongoing development in sensors coupled to unmanned aerial vehicles (UAVs), making it possible to obtain high spatial resolution images and thus provide accurate data for agricultural monitoring [4]. Furthermore, UAVs are light and easy to handle and can be used in various agricultural scenarios, from soil to plant evaluations [5], allowing a large amount of data to be obtained at a relatively low cost [6]. High-throughput phenotyping (HTP) has played an essential role in plant evaluations in soybean breeding programs and genetic research. Such advances are attributed to remote sensing and more robust and accurate data analysis techniques [2]. Several plant traits can be related to the reflectance they emit by using sensors to obtain this information [7], which have several applications, such as detection of crop water deficit, chlorophyll variation, identification of stress in early stages of plant development, and crop yield prediction [8].



Traditional methods of determining the nutrient status in plants and indicating the best fertilizer management require large numbers of leaf samples and chemical analyses that are costly and time-consuming [9]. It is recommended that the nutritional monitoring of the crop be done throughout the crop cycle to obtain more assertive answers on when and how much to apply [10,11]. Spectral characteristics of the plant are influenced by several factors intrinsic to it, among them nutritional conditions, which directly affect the plant’s photosynthetic rate. The authors of [7] found that the spectral region of 470–800 nm is essential for detecting the photosynthetic and nutritional pigments of plants.



Among the nutrients that can be related to spectral characteristics is nitrogen (N), the second most important constituent of chlorophyll, in addition to being part of amino acids, proteins, and nucleic acids [12]. Phosphorus (P) plays an important role in nucleic acids and in enzymes that are of great importance for the synthesis of chlorophyll [13]. Potassium (K) is also an important activator of enzymes that play an essential role as a precursor to starch, proteins, and phytohormones [14]. These nutrients are closely linked to photosynthetic processes and are present in the leaf tissue, influencing leaf reflectance, and can be estimated using the HTP.



Obtaining information from the plant canopy through remote sensing requires efficient statistical analysis in data processing, since the amount of data generated is large and has a non-linear relationship with most of the agronomic, physiological, and nutritional traits evaluated in the plants [7]. Machine learning (ML) can be used in several evaluations, such as landslide susceptibility analysis [15], fire detection or flood prediction in urban centers [16], recognizing patterns in biological images, and optimizing the identification of soybean genotypes with higher assertiveness [17]. The algorithms are accurate in classifying images, and in general, the classification techniques can consume time and processing according to the size of the database, which can increase the accuracy of the results [18]. ML techniques can solve several issues regarding the accurate classification of plants; however, it is necessary that the experimental design is planned and the amount of data collected is representative, enabling a sufficient dataset for training and validation of ML algorithms [19]. Another aspect to be taken into account is the input data of the algorithms, which can provide higher prediction and classification accuracies. Using spectral information as model input data can improve algorithm performance in data processing. By using spectral bands, accurate results were obtained for the classification of soybean genotypes [20]. Spectral band information as input dataset in ML algorithms can also accurately distinguish the boron levels in eucalyptus [21].



Information on the classification of soybean genotypes regarding the nutritional content of primary macronutrients employing spectral information identified using machine learning techniques is not easily found in the literature. This type of technology used in breeding programs speeds up the data collection and increases the accuracy of data processing. Information about the data that will be used as input in ML algorithms is also crucial information to improve the data processing accuracy for soybean leaf nutrient content. Thus, the objective of this work was to find the best algorithm(s) and the best input configuration of ML algorithms in the classification of soybean genotypes based on leaf contents of N, P, and K.




2. Materials and Methods


2.1. Conducting the Experiment


The field experiment was carried out in the 2019/20 crop season at the experimental area of the Universidade Federal de Mato Grosso do Sul, municipality of Chapadão do Sul–MS, Brazil, at the coordinates 18°41′33″S and 52°40′45″W, with 810 m of altitude. The region’s soil is classified as Red Dystrophic Latossolo clayey, with the following chemical attributes in the 0–0.20 m layer: pH (H2O) = 622; exchangeable Al (cmolc dm−3) = 0.0; Ca + Mg (cmolc dm−3) = 4.31; P (mg dm−3) = 41.3; K (cmolc dm−3) = 0.2; organic matter (g dm−3) = 19.74; V (%) = 45; m (%) = 0.0; sum of bases (cmolc dm−3) = 2.3; and CEC (cmolc dm−3) = 5.1 (Teixeira et al., 2017). According to Koppen’s classification, the region’s climate is Tropical Savanna (Aw). The climatic conditions during the experiment are shown in Figure 1.



A total of 103 F2 populations of soybean were evaluated in a randomized block design with two repetitions, in which the plants in the central three-meter-long row of each plot were evaluated. The spacing between rows was 0.45 m, and planting density was 15 plants−m. Sowing was performed in October 2019, adopting the soil preparation system (plowing and harrowing). Seeds were treated with fungicide (Pyraclotrobin + Methyl Thiophanate) and insecticide (Fipronil) at a dose of 200 mL of the commercial product for every 100 kg of seeds to prevent pests and soil fungus. The seeds were also inoculated with bacteria of the Bradyrhizobium genus at a dose of 200 mL of concentrated liquid inoculant for each 100 kg of seeds. Crop treatments were performed according to the needs of the crop.




2.2. Acquisition and Processing of Multispectral Images


When the crop was at 60 days after emergence (DAE), spectral images were collected using a Sensefly eBee RTK fixed-wing remotely piloted aircraft (RPA) with autonomous take-off, flight plan, and landing control. The eBee was equipped with the Parrot Sequoia multispectral sensor. The images were taken at 09:00 am, with cloudless skies, a flight height above ground level of 85 m, and an average field spatial resolution on each picture of 0.089 m, which was adopted for the described survey. The image overlapping was 80% and 65% along- and across-track, respectively. Eighteen ground control points (GCP) markers were placed on the ground surrounding the studying area and surveyed with a pair of the GNSS real-time kinematic (RTK) model Emlid Reach. The RPA average flight speed was 12.5 m/s−1.



Radiometric calibration was performed for the entire scene based on a calibrated reflective target provided by the manufacturer. The Sequoia multispectral sensor also has a light sensor, allowing the calibration of the acquired values for each captured image. The field calibration procedure is performed immediately before the flight is performed. The procedure for taking the reference photo for field calibration is performed by the e-Motion software. The multispectral sensor used was acquired with a horizontal field of view (HFOV) of 61.9°, a vertical field of view (VFOV) of 48.5°, and a diagonal field of view (DFOV) of 73.7°. The reflectance values were obtained in the following spectral bands (SBs): red (640–680 nm), green (530–570 nm), NIR (770–810 nm), and red-edge (730–740 nm). The image resolution is 1280 × 960 pixels, with a pixel size of 3.75 μm and a focal length equal to 3.98 mm. The RMS geolocation errors for X, Y, and Z computed to orthorectify the image were below 0.06 m, with a median of 10,000 keypoints per image. The information acquired by the wavelengths enabled the calculations of the vegetation indices (Table 1). The images were mosaicked and orthorectified by the computer program Pix4Dmapper.




2.3. Obtaining Nutritional Data


The leaves were washed with water, neutral detergent solution (0.1%), acid solution (HCl 0.3%), and deionized water and then were packed in paper bags and dried in a hot air oven at 65 ± 5 °C until they reached a constant mass. After drying the material, the samples were milled in a Wiley-type mill. Macronutrient analyses (N, P, and K) were performed, following the Bataglia [29] methodology.




2.4. Statistical Analysis


Once the spectral information and nutritional values of the genotypes for N, P, and K were obtained, data were submitted to a Pearson correlation analysis expressed by a correlation network generated with the Rbio software [30]. For splitting the groups of populations (genotypes), data were submitted to a principal component analysis (PCA) associated with the k-means algorithm. Thus, two clusters were generated: one containing genotypes with higher NPK nutritional values and the other containing genotypes with lower NPK nutritional values. A biplot was generated with the first two components in order to facilitate the interpretation of the results. In this biplot, two clusters (C1 and C2) were defined based on the performance of the genotypes for nutrient contents for further analysis using the k-means algorithm, which clusters treatments whose centroids are closer until there is no significant variation in the minimum distance of each observation to each centroid. These analyses were performed using the “ggfortify” package from the R software [31]. Boxplots were constructed for each cluster according to the content of each nutrient within the groups formed, seeking to observe which set of genotypes had superior nutrient content.




2.5. Machine Learning Models


Afterward, the data were submitted to machine learning analysis (Table 2). A graphic summary of the analyses and the machine learning techniques used is shown in Figure 2. The clusters formed were used as output variables of the classification models used. Spectral data were used as input variables for the models, and three different configurations were tested: using only spectral bands (SB), using only vegetation indices (VI), and using Vis + SBs. Cluster classification was performed using stratified cross-validation with k-fold = 10 and ten repetitions (100 runs for each model). All model parameters were set according to the default setting of the Weka 3.8.5 software.



Model performance was evaluated using the accuracy metrics of percent correct classifications (CC), F-score, and Kappa coefficient. The models’ performances were submitted to an analysis of variance for evaluating the existence of differences between inputs and ML models and the interaction among them. When significant, boxplots were generated with the means grouped by the Scott–Knott test [38] at 5% significance level. The grouping of means and boxplots were generated using the ggplot2 and ExpDes.pt packages of the R software.





3. Results


Pearson’s correlation (Figure 3) shows the positive (green lines) and negative (red lines) relationships between spectral variables and the nutrients evaluated. The thickness of the lines indicates the magnitude of these relationships, with thicker lines representing correlations above 0.6. High-magnitude relationships were among the spectral variables, an expected outcome due to the use of the same spectral bands in the calculations of the vegetation indices. There were positive and low-magnitude correlations among the nutritional variables. There was also a low correlation between spectral variables and nutritional variables.



Soybean genotypes were divided into two groups, cluster 1 and cluster 2, using the k-means algorithm, represented by PCA (Figure 4). Genotypes within the same group have similarities in N, P, and K contents.



The genotypes included in cluster 2 were superior since they presented higher levels for the nutrients studied (Figure 5). The genotypes in cluster 2 can be considered more efficient in the use of nutrients, since with the same fertilization management, these genotypes showed higher values of N (Figure 5a), P (Figure 5b), and K (Figure 5c).



Three accuracy parameters were used to evaluate the performance of the machine learning algorithms: correct classification, F-score, and kappa coefficient. From the analysis of variance (Table 3), a significant interaction between the inputs and ML algorithms tested for F-score and a significant difference for ML techniques regarding CC and Kappa can be seen.



In the classification of soybean genotypes, the algorithms that had the best performance for correct classification were J48 and SVM (Figure 6a), averaging over 60% accuracy. RF had the worst performance among the algorithms, averaging around 55% accuracy. J48, DT, RF, and SVM algorithms had the best Kappa performances (Figure 6b).



The tested inputs showed no significant difference for the J48, DT, ANN, and SVM algorithms (Figure 7). Regarding the LR algorithm, the input containing only spectral bands showed better performance. The input containing both spectral bands and vegetation indices performed best using the RF algorithm. By evaluating the MLs within each input, the J48 decision tree and SVM algorithms performed well regardless of the input used. RF was the algorithm that achieved the worst performance regardless of the input tested.



The use of SB showed no difference compared with that of the other inputs tested (Figure 7). Therefore, a confusion matrix was developed (Figure 8) for each algorithm, using SB as input for the models. Values with dark blue shades show the number of correct classifications obtained for each cluster, while lighter blue shades show the error rate for the best configuration of each algorithm.



It is possible to observe that the algorithms J48, LR, DT, RF, and ANN were similar regarding the correct classifications of the genotypes in clusters C1 and C2, being superior to SVM. However, it is important to highlight that ANN had a lower error rate (12 incorrect classifications) than the other algorithms.




4. Discussion


The spectral and nutritional data showed a low correlation with each other due to the complex interaction between the data (Figure 3). Unlike traditional statistical methods, such as the Pearson correlation, machine learning (ML) algorithms perform well when processing non-linear and non-parametric data, such as plant nutritional analysis and spectral data [39]. Given this, the genotypes were separated into two clusters (Figure 4).



Fertilization management for all genotypes was the same. However, after separating the genotypes into clusters, it was observed that the genotypes belonging to cluster 2 had a higher content of the nutrients evaluated. The current soybean cultivars differ in several characteristics, including the ability to uptake and metabolize nutrients [40]. Using remote sensing technologies coupled with computational advances in data analysis is a crucial way to implement fertilization management in agriculture, allowing the spatiotemporal evaluation of several plant characteristics in an economical and fast way [41].



The availability of N, P, and K in Brazilian soils is limited. Thus, monitoring these elements in a fast, accurate, and non-destructive way allows information to be obtained at different phenological stages of the crop, providing efficient fertilization management [42]. The evaluation and mapping of these nutrients are essential for monitoring crop production in the field, making it crucial to develop methods for monitoring, evaluating, and measuring these nutrient contents in a fast, accurate, low-cost, and non-destructive way [41]. Promoting the development of crops that are more efficient in using these resources [43] is a path to be followed in soybean breeding programs seeking genotypes efficient in nutrient uptake, enabling more sustainable agriculture without affecting the grain yield [44].



Classifying the genotypes according to nutritional contents may contribute significantly to breeding programs, facilitating the selection of genotypes. However, this evaluation requires many leaf samples, which can be reduced if this information is obtained through spectral data [11]. The use of ML techniques in processing this information is essential to deal efficiently with the number of genotypes evaluated and the number of spectral data generated. ML techniques can also deal accurately with the lack of linearity between nutritional and spectral data [39]. Using ML techniques associated with spectral data makes it possible to obtain important information from the leaves associated with the health and nutritional content of the plants [39]. Thus, it is possible to have a reliable diagnosis of the nutritional state of soybean, allowing greater accuracy in the fertilization management on farms, contributing to the improve the crop yield [19].



In our study, the J48 and SVM algorithms performed best in all accuracy metrics evaluated (Figure 6a,b and Figure 7). The J48 algorithm provides classification results efficiently and quickly from a processing point of view [45]. In addition to the lower time demand for data processing, there is a lower need for human interference in constructing the algorithm [46]. SVM has shown good performance and robustness in classification using spectral data [47,48] and good generalization ability and accuracy [49].



All three inputs tested provided better performance for the J48 and SVM algorithms. Since there was no difference between the inputs tested, it is more practical to use SB from a processing point of view. According to [20], using spectral bands as input for ML models is more feasible because there is no need to perform vegetation index calculations. Spectral bands are efficiently used to determine several plant characteristics, such as the water status in soybean plants [50] and the nutritional status with regards to boron deficiency, appropriate range, and toxicity in eucalyptus plants [21]. Thus, the use of spectral data makes it possible to detect changes in the leaf at nutritional level, and with the support of appropriate technologies, other important information can be provided. ML techniques, when properly used, have been shown to overcome several classification problems [19].



Thus, the spectral bands provide essential information about the nutritional state of soybean plants. Through this data, combined with the use of ML techniques, it is possible to classify soybean genotypes according to their nitrogen, phosphorus, and potassium status. In this way, it is possible to assist improvement programs in a cost-effective manner to develop soybean cultivars that are efficient in uptaking and metabolizing these nutrients, reducing the use of mineral fertilizers. Thus, this practice can generate savings for farmers and mitigate environmental impacts caused by excess contamination from using such fertilizers.



ML techniques and multispectral data can accurately provide several pieces of information about the crops, giving guidelines for crop management still in the field [51]. For future works, it is necessary that further genotypes be assessed, observing the behavior of ML algorithms with information from different crops, fertilization managements, and nutrients. Although the results reported here are promising for classifying soybean genotypes for primary macronutrients, we suggest that future research use hyperspectral sensors for such evaluations, as these provide higher quantities of SB, which may improve prediction accuracy.




5. Conclusions


The classification of soybean genotypes according to the nutritional contents of primary macronutrients (N, P, and K) from spectral data is a complex task due to the lack of linear relationship between such variables, which is easily overcome by ML algorithms. The input information of these algorithms is also important for their better accuracy. Algorithms J48 and SVM showed the best performance in classifying soybean genotypes. In addition to the algorithms, three different inputs (spectral bands, vegetation index, and spectral bands + vegetation indices) were tested to verify which spectral data provide the best classification accuracy. The best input configuration for the ML algorithms was to use spectral bands as input for the algorithms, achieving better performance in identifying groups of genotypes in terms of their nutritional content. Thus, the use of spectral bands in the J48 and SVM algorithms allows a fast, accurate, and non-destructive classification of soybean genotypes for N, P, and K contents.
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Figure 1. Weather conditions over the 2019/2020 crop season. 
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Figure 2. Summary of processes carried out in data analysis. 
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Figure 3. Pearson’s correlation network between the nutritional (potassium–K, phosphorus–P, and nitrogen–N content) and spectral variables (spectral bands and vegetation index). Variables connected by green lines are positively correlated, while variables connected by red lines are negatively correlated. The thickness of the line is proportional to the magnitude of the correlation. 
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Figure 4. Principal component (PC) analysis for the clusters formed, according to the potassium, phosphorus, and nitrogen content of the soybean genotypes (numbers of 1 to 103) using the k-means algorithm. 
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Figure 5. Boxplot with the means of nitrogen–N (a), phosphorus–P (b), and potassium–K (c) content for the clusters formed. 
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Figure 6. Boxplot of the clustering of means for percent correct classification–CC (a) and Kappa coefficient (b), regarding the machine learning models tested (J48 decision tree algorithm–J48, logistic regression–LR, REPTree decision tree algorithm–DT, random forest–RF, multilayer perceptron artificial neural network–ANN, and support vector machine–SVM). Means followed by the same letters do not differ by the Scott–Knott test at 5% probability. 
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Figure 7. Boxplot of the clustering of means for F-score regarding the machine learning models tested (J48 decision tree algorithm–J48, logistic regression–LR, REPTree decision tree algorithm–DT, random forest–RF, multilayer perceptron artificial neural network–ANN, and support vector machine–SVM). Means followed by the same letters do not differ by the Scott–Knott test at 5% probability. 
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Figure 8. Confusion matrix to classify the clusters formed for the soybean genotypes for machine learning models tested (J48 decision tree algorithm–J48 (a), logistic regression–LR (b), REPTree decision tree algorithm–DT (c), random forest–RF (d), multilayer perceptron artificial neural network–ANN (e), and support vector machine–SVM (f)) using the spectral bands as inputs. The main diagonal shows the number of correct classifications in each cluster. 






Figure 8. Confusion matrix to classify the clusters formed for the soybean genotypes for machine learning models tested (J48 decision tree algorithm–J48 (a), logistic regression–LR (b), REPTree decision tree algorithm–DT (c), random forest–RF (d), multilayer perceptron artificial neural network–ANN (e), and support vector machine–SVM (f)) using the spectral bands as inputs. The main diagonal shows the number of correct classifications in each cluster.



[image: Remotesensing 15 01457 g008]







[image: Table] 





Table 1. List of vegetation indices used in the study.
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	Abbreviation
	Vegetation Index
	Equation
	Ref.





	NDVI
	Normalized difference vegetation index
	        R  N I R   –  R  R E D            R  N I R   +  R  R E D         
	[22]



	NDRE
	Normalized difference red-edge index
	        R  N I R   –  R  E D G E            R  N I R   +  R  E D G E         
	[23]



	GNDVI
	Green normalized difference vegetation index
	        R  N I R   –  R  G R E E N          R  N I R   +  R  G R E E N         
	[23]



	SAVI
	Soil-adjusted vegetation index
	     1 + 0.5     n i r − r e d   n i r + r e d + 0.5     
	[24]



	MSAVI
	Modified soil-adjusted vegetation index
	     2 n i r + 1 −       2 n i r + 1    2  −   8 n i r − r e d      2    
	[25]



	MCARI
	Modified chlorophyll absorption in reflectance index
	    R  700   −  R  670   − 0.2    R  700   −  R  550        R  700      R  670       
	[26]



	EVI
	Enhanced vegetation index
	   2.5 ∗      R  N I R   –  R  R E D       ( (  R  N I R   ) +   C 1 ∗  R  N I R     −   C 2  ∗   R  B L U E     + L )     
	[27]



	SCCCI
	Simplified canopy chlorophyll content index
	     NDVI   NDRE     
	[28]







RNIR: near infrared reflectance; RGREEN: green reflectance; RRED: red reflectance; REDGE: red-edge reflectance; L: soil-effect correction factor.
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Table 2. List of machine learning models used in classification.
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	Abbreviation
	Classification Model
	Reference





	J48
	J48 decision tree algorithm
	[32]



	LR
	Logistic regression
	[33]



	DT
	REPTree decision tree algorithm
	[34]



	RF
	Random forest
	[35]



	ANN
	Multilayer perceptron artificial neural network (ANN)
	[36]



	SVM
	Support vector machine
	[37]
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Table 3. Summary of the analysis of variance for the variables percent correct classification (CC), F-score, and Kappa coefficient.
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	SV
	DF
	CC
	F-score
	Kappa





	Inputs
	2
	0.295
	0.0000205
	0.00127



	ML
	5
	117.276 *
	0.0354062 *
	0.013478 *



	Inputs *ML
	10
	5.766
	0.0008566 *
	0.001641



	Residual
	162
	4.98488
	0.0003958
	0.00168691







* Significant at 5% probability by F-test; SV: sources of variation; DF: degrees of freedom; ML: machine learning.
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