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Abstract

:

Latest advances in unmanned aerial vehicle (UAV) technology and convolutional neural networks (CNNs) allow us to detect crop lodging in a more precise and accurate way. However, the performance and generalization of a model capable of detecting lodging when the plants may show different spectral and morphological signatures have not been investigated much. This study investigated and compared the performance of models trained using aerial imagery collected at two growth stages of winter wheat with different canopy phenotypes. Specifically, three CNN-based models were trained with aerial imagery collected at early grain filling stage only, at physiological maturity only, and at both stages. Results show that the multi-stage model trained by images from both growth stages outperformed the models trained by images from individual growth stages on all testing data. The mean accuracy of the multi-stage model was 89.23% for both growth stages, while the mean of the other two models were 52.32% and 84.9%, respectively. This study demonstrates the importance of diversity of training data in big data analytics, and the feasibility of developing a universal decision support system for wheat lodging detection and mapping multi-growth stages with high-resolution remote sensing imagery.
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1. Introduction


Wheat is one of the most important food crops worldwide providing calories and protein for human consumption [1]. According to the Food and Agriculture Organization of the United Nations, global wheat production reached more than 770 million tons in 2017. Lodging is one of the main issues that reduces wheat yield [2]. Lodging can happen at any time during the growing season. A large number of studies have shown that lodging can reduce wheat yield by up to 50% [3,4,5,6]. Lodged wheat that has fallen flat on the ground reduces harvest efficiency and creates difficulties in post-season pest and residue management [7,8,9]. According to previous research, lodging can be caused by extreme weather events (e.g., wind, hail, and rain), water and nutrient stresses, diseases and insect pests, and unfavorable management practices [10,11]. Efforts to reduce lodging have been made by scientists, agricultural professionals and growers in terms of understanding lodging mechanisms, breeding lodging-resistant varieties [12,13], developing prediction models for extreme weather events [14,15], and improving management practices [16,17].



For decades, crop lodging at regional or national scales has been successfully monitored through remote sensing based on satellite or manned aircraft platforms [18,19,20,21]. Satellites and manned aircrafts can cover large geographic regions and they are suitable to survey and map lodging at the county, state, and national scale. However, their drawbacks are that they are subjective to the weather conditions at the time of the measurements (e.g., cloud covers, and water vapor) and have limited spatial and temporal resolution. Compared with the satellite and manned aircrafts platforms, unmanned aerial vehicle (UAV) is advantageous in terms of cost and image resolution, enabling its application in research on breeding, cultivation, management at the field or plot level in precision agriculture [9,22,23]. Thus, UAV has become an emerging platform for crop lodging identification and monitoring in plot and field scales in recent years [10,24,25,26,27].



Crop lodging detection with UAV-based remote sensing has been tested on several crop species including maize (Zea mays L.) [28], rice (Oryza sativa L.) [29], barley (Hordeum vulgare L.) [30], and wheat (Triticum spp.) [31]. Li et al. [32] compared the methods of using color and texture features to assess the lodging in maize from UAV imagery and an error rate of 3.5% was reported. Similarly, Liu et al. [24] delineated a wheat lodging area combining spectral and textural features from UAV images with an accuracy greater than 80%. Additionally, Rajapaksa et al. [26] employed the support vector machine (SVM) approach to classify wheat lodging with gray level co-occurrence matrix. Three-dimensional structural information based upon changes in crop height was also derived from the high-resolution UAV imagery and used to detect the crop lodging [33]. These previous studies have shown promising results to identify and monitor crop lodging by extracting spectral, textural, and structural features from UAV-acquired imagery, and then coupled them with conventional machine learning approaches.



To maximize the information obtained from the high-resolution remote sensing data, the convolutional neural network (CNN) is one of the most powerful algorithms for image analysis [34,35,36,37]. Different from the conventional image processing methods that require manual extraction for color, texture, or structural features, CNNs extract optimal features automatically, making it well-suited for high resolution image analysis [38,39]. Zhao at el. [27] proposed a method for rice lodging assessment in UAV images based on a full-convolution network called UNet. They reported the best dice-coefficients (also known as F1-score) using RGB image as 0.944, providing a method for rice lodging monitoring in a large area with low cost and high efficiency. Mardanisamani et al. [25] developed a deep convolutional neural network architecture augmented with handcrafted texture features, namely LodgedNet, for lodging classification in UAV imagery. They claimed that their method was suitable for real-time classification tasks. In addition, Yang at el. [40] established an image semantic segmentation model employing fully connected network (FCN-AlexNet), and SegNet neural network for rice lodging identification using UAV imagery. To date, various CNN models were proposed to detect and map crop lodging from the high-resolution UAV imagery [41].



However, most of the studies using high spatial resolution imagery and advanced image analysis algorithms for crop lodging detection were based on data collected at one time point when the lodging happened. The models were often trained by images with lodged plants at a specific growth stage with similar phenotypes, i.e., canopy color and size. However, lodging can happen at any time during the growing season. For practical applications, an automatic lodging detection model is required to be more universal and accurate at various growth stages with different plant phenotypes rather than being limited to a specific growth stage. Hence, the objective of this study was to investigate the importance of training data diversity on CNN-based lodging detection and mapping by comparing the performance of models trained and tested by different combinations of aerial imagery collected at two growth stages with different canopy phenotypes. Specifically, we trained three CNN-based wheat lodging detection and mapping models with aerial imagery collected at early grain filling stage only, at physiological maturity only, and at both stages. These models were tested and compared for their individual performance on each growth stage to investigate their robustness on wheat lodging detection and mapping.




2. Materials and Methods


2.1. Study Site and UAV Image Collections


Experiments were conducted in a wheat breeding field in Lincoln, Nebraska. Coordinates of the center of the field in the WGS84 geographic coordinate system were 96.61° W, 40.86° N (Figure 1). Wheat was sown on 25 October 2017. Data were collected at early grain filling stage on 3 June 2018, when the plants were green and at physiological maturity on 18 June 2018, when the plants started drying down showing a mix of brown and dark green color. There were 360 plots in total. Each plot was 3 m long and 1 m wide. A polygon in the size of 2.5 m by 0.8 m for each plot was created in ArcMap 10.3 software (Esri Inc., Redlands, CA, USA) to mitigate the effect of edges or shadows.



A six-rotary wing UAV Martice 600 Pro (DJI, Shenzhen, Guangdong, China) was used to collect digital images by a nadir-view RGB camera, Zenmuse X5R RGB camera (DJI, Shenzhen, Guangdong, China) (Figure 1a). The UAV was operated at an average altitude of 15 m above ground level, in order to acquire high resolution imagery and balance the flight time. The weather conditions during image collection were clear and sunny with low wind. Images were collected during solar noon to minimize the influence of shadowing with 85% of frontal and side overlaps during the flights. Images were in JPEG format with 4608 × 3456 pixels. Several ground control points (GCPs) were placed in the fields during image collection for geometric correction in image pre-processing (Figure 1c,d). GPS information of these GCPs was measured by a survey-grade GNSS RTK GPS receiver (Topcon Positioning Systems, Inc., Tokyo, Japan), with ±10 mm accuracies in horizontal direction and ±15 mm in vertical direction.




2.2. Image Processing and CNN Modeling


2.2.1. Image Pre-Processing


Images were processed in Pix4D Mapper software Version 4.4.12 (PIX4D, Lausanne, Switzerland) to generate an ortho-mosaic imagery. The spatial resolution of the ortho-mosaic image was 0.50 cm for early grain filling stage, and 0.48 cm for physiological maturity after calibration with the GCPs. For each growth stage, plots were randomly divided into three sections for model training (60%, n = 216), validation (20%, n = 72) and testing (20%, n = 72) (Figure 1c,d). Lodged areas inside these polygons of the plots were labeled and outlined manually in ArcMap 10.3 software based on expertise and notes from the field survey, while the unlabeled areas were considered as non-lodged areas. The computer used for this study is a 64-bit operating system, with Intel® Xeon® CPU E5-1650 v4 @ 3.60 GHz and NVIDIA® Quadro® K620 (NVIDIA®, Santa Clara, CA, USA), as well as a memory of 160 GB (Intel®, Santa Clara, CA, USA).




2.2.2. CNN Architecture and Experimental Design


In this study, three CNN models were trained, respectively: (1) model_ grain filling, which was the model trained by image samples at the early grain filling stage exclusively; (2) model_ physiological maturity, which was the model trained by image samples at the physiological maturity exclusively; and (3) model_ both, which was the model trained by image samples at both the early grain filling stage and physiological maturity and tested on both stages (Table 1). The CNN algorithm was based on Google TensorFlow API [42] and implemented in Trimble’s eCognition Developer 9.3 software (Trimble, Sunnyvale, CA, USA). There were three steps: (1) to generate sample patches of lodging and non-lodging classes, (2) to create and train the model, and (3) to test the model and report its performance [43,44]. Some studies have been reported that use the CNN algorithm in this software for trees identification and classification [45,46] and dwelling identification [47,48].



In this study, a customized architecture for the CNN was used, which included three hidden layers and one fully connected layer (Figure 2), and it was applied to the three models. The first hidden layer used a kernel size of 5 × 5 pixels, followed by a max pooling layer in size of 2 × 2 pixels with a stride of 2 pixel. After this hidden layer, there were two additional hidden layers using a kernel size of 3 × 3 pixels but not followed by max pooling layer. The number of feature maps were 40 for the first hidden layer, and 12 for other two layers. After trial and error, the best patch size of the training samples was chosen to be 16 × 16 pixels. Then, 8000 samples per class (lodged and non-lodged wheat) were cropped from the training plots, respectively, in each ortho-mosaic image at wheat early grain filling and physiological maturity. A batch size of 50 and 5000 training steps were used with a learning rate of 0.0005. Each pixel in the output maps in Figure 2 shows a probability value ranging from 0 (dark) to 1 (bright). A pixel value of 0 indicated a very low probability of lodging, while a pixel value of 1 indicated a high probability of lodging. The thresholding value was tuned by classifying the output map (Figure 2) into lodged and non-lodged wheat in a validation dataset, with varying values from 0 to 1 stepping on 0.01. More details about tuning the optimal threshold (0.7 was considered as the optimal threshold in this study) is mentioned in Section 2.3.1 and Section 3.1.





2.3. Model Optimization and Accuracy Assessment


2.3.1. Model Validation


In this study, the receiver operating characteristics (ROC) curve and the area under the curve (AUC) were used to quantify and validate the performance of the model, which was with the true positive rate (TP rate, another term of Recall, Equation (1)) as y-axis and the false positive rate (FP rate, Equation (2)) as x-axis [49]. A model with an AUC of 0.5 was considered as a random classifier, while it was more reliable and precise when its AUC was closer to 1.0 [50]. Each pair of TP rate and FP rate corresponded to a unique threshold that was used to classify the pixel into lodged wheat and non-lodged wheat. Usually, the best threshold can maximize the TP rate and minimize the FP rate, which is an ideal situation. In applications, the threshold that can balance the tradeoff between the TP rate and FP rate was considered as optimal. Here, the optimal threshold was chosen according to the ROC curve graph.




2.3.2. Accuracy Assessment of Lodging Classification in Testing Dataset


Metrics based on the classification confusion matrix were calculated for the performance evaluation in the testing dataset, including Precision, Recall, F1-score, mapping overall accuracy (OA) and kappa coefficient (Kc). The formulas of TP rate (Recall), FP rate, Precision, F1-score, OA and Kc were calculated as follows (Equations (1)–(8)):


   TP   Rate  = Recall =   TP   TP + FN    



(1)






   FP   Rate  =   FP   TN + FP    



(2)






  F 1 − score =   2 × Precision × Recall   Precision + Recall    



(3)






  Precision =   TP   TN + FP    



(4)






  OA =   TP + TN   TP + FN + FP + TN    



(5)






   K c  =    P 0  −  P e    1 −  P e     



(6)






   P 0  =  OA   
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   P 0  =    (  TP + FP  )  ×  (  TP + FN  )  +  (  FN + TN  )  ×  (  FP + TN  )       (  TP + FN + FP + TN  )   2     
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3. Results and Discussions


3.1. Model Validation


ROC curves and the corresponding AUC values of the three models applied to the validation dataset at the early grain filling stage and physiological maturity were plotted, as shown in Figure 3. All AUCs were greater than 0.85, showing reliable capacity for classifying lodged and non-lodged wheat at field level through these three models. The ordering of AUCs was 0.91 for model_ grain filling, 0.90 for model_ both validated at the early grain filling stage, 0.87 for both model_ both validated at the physiological maturity and model_ physiological maturity. These results also validate that model_ both had comparable performance with model_ grain filling and model_ physiological maturity. After an iteration of segmentation with threshold from 0 to 1 stepping on 0.01, the values ranging from 0.67 to 0.74 showed superior results for classifying lodged and non-lodged wheat among the validation data set. Accordingly, the value of 0.70 was used as the threshold in this study. With this threshold, three models showed mean Precision, Recall, F1-score around 70% among the validation datasets. The issue of overfitting was a concern in the modeling. In our results, the inspection between training data and validation data shows that there was no overfitting among the models.




3.2. Accuracy of Lodging Classification and Mapping


3.2.1. Overall Quantitative Evaluation with Confusion Matrices


Table 2 shows the overall testing performance of the three trained models (model_ grain filling, model_ physiological maturity, and model_ both) on lodging classification in terms of confusion matrix, Precision, Recall, F1-score, overall accuracy (OA) and kappa coefficient (Kc). Results show that when the models trained only by samples at a specific stage were tested on data at a different growth stage, the models showed poor performance (e.g., testing model_ grain filling on data at physiological maturity, or testing model_ physiological maturity on data at the early grain filling stage). In contrast, model_ both that was trained by samples from both stages had satisfactory performance tested either at the early grain filling stage or physiological maturity. This model is more universal and not limited by a specific growth stage, suggesting the importance of training data diversity on CNN-based lodging detection and mapping systems.



On the other hand, model_ both showed a comparable performance with the other two models. When tested at the early grain filling stage, F1-score, overall accuracy (OA) and kappa coefficient (Kc) of model_ grain filling were 67.20%, 90.22%, and 0.61, respectively, while they were 67.70%, 89.47%, and 0.61 for model_ both. Additionally, when tested at physiological maturity, they were 58.01%, 88.89% and 0.52 for model_ both, respectively, while they were 56.13%, 85.67%, and 0.48 for model_ physiological maturity. The comparison also demonstrated that it was feasible to use model_ both to identify and classify wheat lodging in this study. Basically, most wheat does not lodge at true heading or even at anthesis stage, but it will begin to lodge at the early grain filling stage and thereafter. As the two stages used for this study would represent the beginning of likely lodging to the ending of lodging in wheat, the model_ both was expected to provide a perspective and the possibility to detect and map wheat lodging at multiple growth stages, being effective throughout the peak lodging period for wheat detection in order to make advancement decisions.




3.2.2. Visualization of Model Performance


The visualization results display that the models trained by samples at a specific stage showed poor performance when testing on data at different stages. Apparently, the canopy texture, color and characteristics were different when lodging occurred at the early grain filling stage and physiological maturity in the RGB images. This result was expected as there were obvious color differences between green wheat at the early grain filling stage and the tan, senescing wheat at physiological maturity. Thus, when the model_ physiological maturity was tested on the plot at the early grain filling stage, the model mis-recognized more non-lodged area as lodging area at higher possibility (more bright area out of the labelled lodging area compared with the other two maps in Figure 4a). This issue was more severe when the model_ grain filling was tested on the plot at physiological maturity in Figure 4b. However, the results clearly demonstrate and strongly support that the model_ both showed comparable performance with the other two models. For example, testing at the plot at the early grain filling stage, the results of model_ both and model_ grain filling were very similar. When testing at the plot at physiological maturity, the results of model_ both and model_ physiological maturity were also very similar. In the classified maps from model_ both, lodged wheat that were the most distinguishable in the RGB image were successfully classified. The results are valuable for wheat lodging management decisions, providing the lodging location and lodging situation.



The manual labeling of the lodging areas in aerial imagery was subjected to errors that affected the performance of lodging detection and classification. Table 3 shows the intersection over union (IoU) of plots in Figure 4 and all test plots for the lodging detection in the study. The values of IoU for lodging class over the models were not high, which indicates some discrepancies between the manually labelled lodging areas and the model predicted lodging areas. One of the major reasons leading to this relatively low IoU was the errors in the subjective manual labeling for model training to delineate the boundaries of the lodging areas. In most cases, the manual labeling could only delineate a rough boundary of the lodging area. A model may manage to learn to differentiate lodging and non-lodging pixels, but the evaluation of the model performance would still be based on the manual labels. On the other hand, a relatively low IoU (0.4–0.6) may not necessarily mean a poor performance of the classification model. In fact, in many applications, knowing the locations and rough sizes of lodging areas in the field would be useful enough for decision-making in agricultural production and cultivar selection. For example, the model-predicted lodging areas in the last column of Figure 4 were pixel-wise and did not have a perfect overlap with the labelled lodging areas in column one shown by the blue lines (low IoU), but it precisely captured most of the lodging areas to provide useful information for breeders.



Results in this study confirm the importance of training data diversity to increase the generalizability and reliability of machine/deep learning models. The model_ both trained by different combinations of aerial imagery collected at the two wheat growth stages with different canopy phenotypes and characteristics showed obviously better performance than the models that did not include the different plant phenotypes in their training data sets. As lodging can happen throughout the grain filling period to harvest, a robust lodging detection model should be trained with data from various growth stages with different plant phenotypes representing this continuum. The data available to be used in this study were at the wheat early grain filling stages and physiological maturity. Efforts can be made to pool lodging data/imagery for individual crops with different varieties, at more growth stages collected by different groups at different geographic regions in a centralized and shared database to facilitate further model training and improvement.





3.3. Applications and Limitations


This study investigated the feasibility of developing a decision support system for wheat lodging detection at multiple growth stages with different canopy phenology. The key technologies that enable this system are high spatial resolution aerial imagery and the CNN-based data analytics. The high spatial resolution aerial imagery provides rich information about canopy phenology (spectral, structural, and textural information), which makes it possible for the CNN-based data analytics to achieve decision-making in a way much closer to how humans make decisions. On the other hand, a precondition of effectively utilizing the latest machine or deep learning technology is having a vast amount of training data so that the algorithms can learn well. In addition to algorithm advancement, accumulating datasets with various sensing configurations and environment conditions, growth stages, and even cultivars are necessary to move towards the goal of an automatic, accurate, and reliable machine learning-based decision-making system in agriculture.



Improving the CNN model’s architecture was not a focus in this study. However, there is no doubt that this will be important in future work. More complex model architectures with well-recognized performances, such as AlexNet, ResNet, DenNet, and VGGNet, have been investigated and evaluated in agricultural applications, including plant lodging detections, with very promising results as mentioned in the introduction. For example, performances of wheat lodging using multiple machine learning methods were compared by Zhang et al. [41]. Compared with such a complex model, the CNN model used in this study had a substantially lower number of parameters and a higher efficiency with acceptable accuracies. Most of the lodging detection and mapping may not require super accurate pixel-wise classification, whereas factors including model generalizability, robustness, speed, efficiency, and computational resource requirements are important elements to consider beyond the detection accuracy.



This study used a UAV flying at a very low altitude (15 m) and collected RGB images over a winter wheat breeding field of about 0.004 square kms (one acre), resulting in a very high spatial resolution of 0.5 cm. This method needs to be adapted in order to be applied in production agriculture with much larger fields by increasing the flying altitude, switching to cameras with higher pixel resolution, and using UAVs with longer endurance. There are commercial off-the-shelf UAV systems that can fly up to five hours (e.g., HSE SP9, Casselberry, FL, USA). This makes it possible to cover a production field of about 0.65 square kms (160 acres) with a flying altitude lower than 120 m (400 ft) at a regular flying speed. On the other hand, with the low-end RGB cameras carried on most of the UAVs today, we can reach a spatial resolution at the level of a few centimeters (inch level) by flying at the upper limit (400 ft). If depicting the exact boundary is not necessary but mapping the locations and rough sizes is the focus, this spatial resolution may already be enough to detect row or regional lodging patches given the size of the common lodging patches in production. Nevertheless, it is necessary and in demand to investigate the model structure and performance with input images in a lower spatial resolution.





4. Conclusions


Our study suggests the importance of incorporating diversity into training data in the big data analytics and suggests the exploitation of the temporal data to enhance the data diversity for decision-making systems. We evaluated the performance on winter wheat lodging mapping using CNN-based deep learning models trained by different sets of UAV imagery collected at two growth stages with different phenology. Performance of a multi-stage model trained by data from both growth stages as well as two models trained by data from one growth stage were compared. Results show that it is feasible to develop a universal detection model for lodging detection at multi-growth stages and different phenology. The universal model showed satisfactory and consistent performance with overall testing accuracies of 89.47% and 88.98% at the early grain filling stage and at physiological maturity, respectively, while the other two models trained by data from individual growth stages had overall testing accuracies of 14.41% and 84.13% on data that they were not trained with. In our application, this result is useful enough for decision-making within agricultural production and cultivar selection using the universal model. The study also emphasizes the importance of the diversity of training samples for CNN-based machines/deep learning models. With the rapid advances in high spatial and temporal resolution remote sensing technologies, accumulating and sharing more lodging image data with different varieties, at more growth stages, and at different geographic regions is important to develop robust crop-specific lodging detection models that can be used in agricultural production and breeding efforts.
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Figure 1. Study area and unmanned aerial vehicle system: (a) unmanned aerial vehicle (UAV) platform, (b) study area in Nebraska, (c) ortho-mosaic imagery at early grain filling stage, (d) ortho-mosaic imagery at physiological maturity. 
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Figure 2. Using the CNN algorithm to identify and classify lodging and non-lodging wheat at plots level. 
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Figure 3. Receiver operating characteristics (ROC) curves and areas under the curves (AUC) of three models (model_ grain filling, model_ physiological maturity, and model_ both) for the validation datasets. 
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Figure 4. Comparison of wheat lodging possibility maps derived from the three CNN models: (a) visualization of a plot at the early grain filling stage, (b) visualization of a plot at physiological maturity. RGB images are in first column. The second to fourth columns are the probability maps of lodging in which the value closer to 1 was brighter and represented higher possibility of lodged wheat, while the value closer to 0 was darker and represented higher possibility of non-lodged wheat. The fifth column are classified maps from the probability maps of lodged wheat in the fourth column, using the threshold of 0.7. 
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Table 1. The source of training samples and testing imagery of the three convolutional neural network (CNN) models.
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	Trained (Validated) by Images from
	Tested on Imagery at





	1
	Model_ grain filling
	early grain filling stage
	both early grain filling stage and physiological maturity



	2
	Model_ physiological maturity
	physiological maturity
	both early grain filling stage and physiological maturity



	3
	Model_ both
	both early grain filling stage and physiological maturity
	both early grain filling stage and physiological maturity










[image: Table] 





Table 2. Performance evaluation and comparison with confusion matrices based on pixel counting, and Precision, Recall, F1-score, overall accuracies (OA) and kappa coefficient (Kc) of the three models.
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Predicted

	
Precision

	
Recall

	
F1-Score

	
OA

	
Kc




	
Lodging

	
Non-Lodging

	
(%)

	
(%)

	
(%)

	
(%)






	

	
Model_ grain filling † and tested at early grain filling stage




	
Actual

	
Lodging

	
563426

	
328653

	
71.79

	
63.16

	
67.20

	
90.22

	
0.61




	
Non-lodging

	
221430

	
4508971




	
Model_ grain filling † and tested at physiological maturity




	
Lodging

	
569850

	
5495

	
9.41

	
99.04

	
17.18

	
14.41

	
0.01




	
Non-lodging

	
5487168

	
354986




	
Model_ physiological maturity † and tested at early grain filling stage




	
Lodging

	
320180

	
147047

	
30.03

	
68.53

	
41.79

	
84.13

	
0.32




	
Non-lodging

	
745032

	
4410221




	
Model_ physiological maturity † and tested at physiological maturity




	
Lodging

	
588172

	
320238

	
49.54

	
64.75

	
56.13

	
85.67

	
0.48




	
Non-lodging

	
599088

	
4908403




	
Model_ both † and tested at early grain filling stage




	
Lodging

	
620320

	
271759

	
65.96

	
69.54

	
67.70

	
89.47

	
0.61




	
Non-lodging

	
320180

	
4410221




	
Model_ both † and tested at physiological maturity




	
Lodging

	
488492

	
419918

	
62.96

	
53.77

	
58.01

	
88.98

	
0.52




	
Non-lodging

	
287324

	
5220167








Note: † model_ grain filling is the model trained only by the data from the early grain filling stage; model_ physiological maturity is the model trained only by the data from physiological maturity; model_ both is the model trained by the data from both the early grain filling stage and physiological maturity.
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Table 3. Intersection over union (IoU) of lodging detection for three models.
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IoU of

Lodging Class

	
Model_ grain filling †

	
Model_

physiological maturity †

	
Model_ both †

	
Model_ grain filling †

	
Model_

physiological maturity †

	
Model_ both †




	
Tested at Early Grain Filling Stage

	
Tested at Physiological Maturity






	
Plots in Figure 4

	
0.47

	
0.55

	
0.47

	
0.45

	
0.59

	
0.59




	
All test plots

	
0.51

	
0.26

	
0.51

	
0.09

	
0.39

	
0.41








Note: † model_ early grain filling is the model trained only by the data from the early grain filling stage; model_ physiological maturity is the model trained only by the data from physiological maturity; model_ both is the model trained by the data from both the early grain filling stage and physiological maturity.
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