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Abstract

:

An efficient and accurate estimation of wheat growth and yield is important for wheat assessment and field management. To improve the accuracy and stability of wheat growth and yield estimation, an estimation method based on a genetic algorithm-improved support vector regression (GA-SVR) algorithm was proposed in this study. The correlation analysis between vegetation indices calculated from spectral data and wheat growth phenotypes and yields was performed to obtain the optimal combination of vegetation indices with high correlation and good estimation performance. At the same time, the optimal model for wheat growth monitoring was screened and constructed in experiments with 12 wheat varieties and 3 gradient nitrogen fertilizer application levels. Then, the yield estimation model was established and its applicability was verified under different nitrogen fertilizer application levels. The results showed that the constructed models for the leaf area index, plant height, and yield estimation performed well, with coefficients of determination of 0.82, 0.71, and 0.70, and root mean square errors of 0.09, 2.7, and 68.5, respectively. This study provided an effective UAV remote sensing technique for monitoring wheat growth status and estimating yield. This study provides an effective unmanned aerial remote sensing technique for monitoring wheat growth and estimating yield, and provides technical support for wheat yield assessment and field management.
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1. Introduction


Wheat, one of the world’s three major cereal crops, plays a pivotal role in maintaining global food supply and security. Accurately and efficiently estimating wheat growth and yield is crucial for various agricultural practices, including field management and evaluation. Parameters such as plant height (PH) and the leaf area index (LAI) are effective indicators of wheat growth [1,2,3], serving as important phenotypic parameters for assessing field management practices. Additionally, yield is closely associated with crop growth, serving as a key parameter in agricultural production processes and informing efficient fertilization strategies and germplasm evaluation [4,5].



The current methods for monitoring crop growth primarily rely on field surveys, which involve experiments conducted throughout the entire crop growth period in designated plots, typically carried out by breeding experts. Similarly, yield-related phenotypes require manual calculations after wheat maturation and threshing, involving long experimental cycles, low estimation efficiency, high labor intensity, and significant time costs. Moreover, with the advancement of remote sensing technology, its efficiency, comprehensive information acquisition, and independence from terrain conditions have led to its widespread application in agriculture [6,7,8,9,10]. Since 1970, satellite remote sensing has been extensively used for large-scale crop yield prediction due to its excellent spatial, temporal, and spectral resolution. However, satellite data struggle to simultaneously meet the demands of spatial and temporal resolution and are susceptible to external environmental factors such as cloud cover [11,12,13]. The conflict between the demand for spectral data for growth monitoring and the capabilities of satellite data acquisition platforms is becoming increasingly apparent. Emerging unmanned aerial vehicle (UAV) remote sensing platforms serve as an important means of spatial data collection, offering advantages such as high spatial resolution, low cost, and high efficiency [14,15,16]. UAVs can partially compensate for the shortcomings of existing satellite platforms and have been applied in various fields, including vegetation cover calculation [17], ecological environment monitoring [18], multi-crop detection [19], and pest or disease detection [20]. Moreover, due to the ability of UAV remote sensing to quickly, accurately, and non-destructively acquire canopy spectral data within a certain range, it has irreplaceable advantages in estimating wheat growth and yield [21,22,23].



Currently, UAV remote sensing for estimating wheat growth and yield mainly relies on models established using vegetation indices (VIs) [24]. Zheng et al. addressed the issue of background differences in wheat cultivation under film cover by using spectral purification techniques to calculate 14 visible and near-infrared spectral indices, and utilized different machine learning algorithms to predict wheat phenotypic parameters [25]. Zhao et al. constructed a wheat phenotypic prediction model based on a hierarchical linear model, achieving an accurate prediction of wheat phenotypes at different growth stages [26]. Zhang et al. aimed to improve the prediction accuracy of wheat phenotypes by combining the normalized difference texture index (NDTI) from RGB images with vegetation indices, and built a model for predicting wheat LAI using the random forest regression method [27]. Li et al. proposed a new Residual Soil Adjusted Red Edge Index (RSARE), effectively enhancing the prediction accuracy of early wheat LAI [28]. Elazab et al. compared the effects of the normalized difference vegetation index (NDVI) and normalized green-red difference index (NGRDI) in predicting grain yield under different irrigation conditions, verifying the superiority of NGRDI in this regard [29]. Zhang et al. correlated the growth characteristics of winter wheat with various vegetation indices on a time series axis, identified the optimal vegetation index combination, and established a winter wheat yield prediction model using the Bayesian optimization of the CatBoost (BO-CatBoost) regression method [30]. Shafiee et al. considered factors such as the sunlight angle, camera model, and phenological period when predicting wheat yield, and demonstrated that the green normalized difference vegetation index (GNDVI) consistently had a high correlation with yield [31]. Wang et al. developed a CNN-GRU deep learning framework, determining the optimal time for predicting yield through experiments and proving the effectiveness of a regional-scale wheat yield estimation [32].



However, most studies only use data from a single growth stage to estimate wheat yield, and both the accuracy and stability of these estimates need to be improved. Furthermore, yield estimation often stops at model establishment, without integrating yield with growth phenotypes. This study utilizes winter wheat UAV multispectral data as a data source and proposes a wheat growth and yield estimation method based on the genetic algorithm-support vector regression (GA-SVR) algorithm. By establishing the optimal estimation model, trends in wheat growth and yield under different nitrogen application levels are discussed based on the obtained data, providing technical support for the application of UAV remote sensing platforms in agricultural production management.




2. Materials and Methods


2.1. Experimental Design


The wheat experimental field is located in the He Feng Smart Agriculture Base of Zibo (36°56′33″ N 118°14′42″ E). It has a temperate monsoon climate, with an average annual precipitation of 650 mm, and an average annual temperature ranging from 12.5 °C to 14.2 °C. The average annual sunshine hours range from 2209.3 to 2523.0 h. Twelve copies of nitrogen-efficient line varieties under cultivation by the Zibo Hefeng Seed Industry were selected for planting during 2022–2023. Each copy of the wheat varieties was planted in plots with three groups of replications. The plot area was 10 m2 (1 m × 10 m), and the spacing of each plot was 20 cm. According to the local winter wheat planting pattern (the normal N application level was 20 kg/h2, of which 60% was used as basal fertilizer, and 40% was used as follow-up fertilizer during the pulling period, and the nitrogen fertilizer was urea (N ≥ 46%)), the three N application levels, namely, 0 kg/h2 (N0), 20 kg/h2 (N1), and 40 kg/h2 (N2), were set. The fertilizer was applied with water using drip irrigation technology. Other field management practices were kept consistent. The location and design of the experimental field are shown in Figure 1.




2.2. Wheat Phenotypic Data Collection and Yield Calculation


During the measurement of wheat phenotypes, to ensure the universality and representativeness of the collected data, measurements were taken at five positions: the center and four meters along the diagonal from the center, in each plot. The average value of these measurements was calculated as the representative phenotype for each plot. The measurements were taken at the jointing stage (April 12), the tasseling stage (April 21), and the grain filling stage (May 10) of winter wheat. The leaf area index (LAI) was determined using an LAI-2200C plant canopy analyzer. During sampling, the lens was kept horizontal, and direct sunlight was avoided as much as possible. First, one sky value was measured, followed by measurements at five designated positions around the wheat roots to obtain five target values, from which the average LAI value for the plot was calculated. Ten random wheat plants were selected at each sampling position, and the average height from the ground to the highest leaf tip was measured using a plant height ruler as the PH value for the corresponding plot. A total of 216 sets of phenotype data were collected, including 108 sets each of LAI and PH data. After wheat maturity, mature wheat plants were collected from the same positions, and the corresponding number of spikes per mu, number of grains per spike, and thousand-grain weight were manually obtained. The theoretical yield per mu was then calculated using Formula (1), resulting in a total of 36 sets of yield data.


    spikes ∗  grains   per   spike  ∗  thousand - grain   weight    1000000    



(1)








2.3. UAV Multispectral Data Collection and Vegetation Indices Calculation


The wheat phenotype information was collected between 11:00 and 13:00 on a clear and windless day. The flight altitude was set to 50 m, and the shooting mode was set to an equal-time trigger with a longitudinal overlap of 75% and a lateral overlap of 70%. Before the flight, calibration was conducted using a handheld ASD on targets with a reflectance of 5%, 20%, 40%, and 70%. The DJI Mavic 3 multispectral drone was used for data collection, including five multispectral channels: green (GREEN: 560 nm ± 16 nm), red (RED: 650 nm ± 16 nm), red-edge (RE: 730 nm ± 16 nm), and near-infrared (NIR: 860 nm ± 26 nm). The multispectral camera uses a 1/2.8-inch CMOS image sensor with 5 million effective pixels, and the data are collected in TIFF format. The size of the multispectral image is 2692*1944 pixels. Additionally, after radiometric and geometric corrections, Pix4Dmapper software was used for image stitching to obtain orthoimages of the wheat canopy, and to create shapefiles (shp) for the experimental plots and buffer zones. Simultaneously, multispectral data are extracted using morphological methods from the same locations as the phenotype collection. The center point of each plot is determined based on the position characteristics of the wheat experimental field. The one-fifth distance along the line connecting each plot vertex to the center point is chosen as the region for extracting multispectral data. Additionally, five vegetation indices suitable for UAV multispectral sensors, including NDVI, GNDVI, OSAVI, LCI, and NDRE, were calculated based on existing research results, as shown in Table 1.




2.4. Model Establishment and Validation


Support vector regression (SVR) demonstrates strong applicability in nonlinear regression with small sample sizes. SVR includes several crucial parameters: the regularization parameter (C), kernel function coefficient (γ), and slack variables (ε). Parameter C, also known as the penalty coefficient, controls the tolerance for misclassification in the training samples. A smaller C allows more tolerance for misclassification, leading to a lower training accuracy but reduced risk of overfitting. Conversely, a larger C increases the penalty for misclassified samples, improving training accuracy but potentially leading to overfitting. The parameter ε determines the tolerance for errors within an ε-insensitive zone around the regression plane. The points within this zone are considered accurately predicted, while those outside incur a loss. Therefore, selecting appropriate values for these parameters is crucial for improving the accuracy and efficiency of SVR models. However, the current parameter selection mainly relies on empirical methods, resulting in poor robustness and adaptability to different algorithmic requirements under various factors. To address this issue, the genetic algorithm (GA) was employed in this study to search for the optimal combinations of SVR parameters. The optimization process is depicted in Figure 2. The GA-SVR algorithm, while being able to optimize the key parameters, is also able to be applied to the small sample size of this study, both in the case of small samples and still having good regression results.



Model accuracy was evaluated using the coefficient of determination (R2) and root mean square error (RMSE). The R2 indicates the goodness of fit between simulated and measured values, with higher values indicating better estimation performance. The RMSE reflects the deviation between simulated and measured values, with lower values indicating better model performance. In constructing the model, the collected data were randomly divided into an 80% training set and 20% validation set, respectively, and a five-fold cross-validation method was used to obtain reliable results.



To validate the superiority of the algorithm, the partial least squares regression, random forest regression, and support vector regression methods were used to construct models for estimating wheat LAI and PH under different nitrogen fertilizer application levels, and their performance was compared.





3. Results


3.1. Correlation Analysis between Wheat Nutritional Growth Phenotypes and Vegetation Indices


In this study, wheat nutritional growth phenotypes were analyzed with LAI and PH as dependent variables, while vegetation indices served as the independent variables. The analysis was conducted for different nitrogen fertilizer application rates, and the results are presented in Figure 3 and Figure 4.



At the nitrogen fertilizer application level N0, the correlation coefficients between all vegetation indices and the LAI range from 0.12 to 0.68 (Figure 3a). However, at nitrogen fertilizer application level N1, significant correlations were observed between all vegetation indices and the LAI, with correlation coefficients ranging from 0.38 to 0.63 (Figure 3b). It was noteworthy that the GNDVI and NDVI exhibit the highest correlation coefficients with the LAI, at 0.63 and 0.56, respectively. As shown in Figure 3c, at the nitrogen fertilizer application level N2, the absolute correlation values between all vegetation indices and the LAI range from 0.19 to 0.72. It was observed that the GNDVI reached its peak correlation across different nitrogen fertilizer application levels. These results suggested that the correlation between the wheat LAI and vegetation indices varies under different nitrogen fertilizer application rates. However, the GNDVI and NDVI consistently exhibited strong correlations with the LAI across varying nitrogen fertilizer levels. Most wheat plants reached their peak nutritional growth when nitrogen fertilizer was applied at level N1, resulting in maximum leaf coverage and reduced exposure to soil due to leaf overlap. Consequently, the interference from soil pixels and shadows on wheat canopy vegetation parameters was minimal, thus establishing the strongest association between vegetation indices and the wheat LAI. In addition, the mean absolute deviation (MAD) of the LAI ground data collected under different N fertilization gradients was calculated, which was 0.34, 0.46, and 0.60, respectively, with the smaller MAD representing the better consistency and reliability of the data. Among them, the collected wheat PH data had better consistency and reliability at the N0 and N1 levels. However, at the N2 level, the dispersion of the wheat LAI values increased, and the MAD increased, so that the consistency of the data decreased slightly but the reliability was still good.



At nitrogen fertilizer application level N0, significant correlations existed between all vegetation indices and PH, with correlation coefficients ranging from 0.13 to 0.64 (Figure 4a). After applying nitrogen fertilizer at level N1, the correlation coefficients between all vegetation indices and PH range from 0.01 to 0.71 (Figure 4b), with the NDRE and LCI exhibiting the highest correlation coefficients with the LAI, at 0.71 and 0.53, respectively. As depicted in Figure 4c, at nitrogen fertilizer application level N2, the absolute correlation values between all vegetation indices and PH range from 0.13 to 0.45 (p < 0.01). It can be observed that the correlation between PH and vegetation indices varies under different nitrogen fertilizer application levels. Although increasing nitrogen fertilizer application accelerated wheat plant growth, a higher PH may lead to an increased leaf tilt angle. Therefore, in all three scenarios, each vegetation index had a certain degree of correlation with wheat PH. The MAD of the PH ground data collected under different nitrogen fertilizer application gradients was 1.84 (N0), 1.70 (N1), and 2.19 (N2), respectively. From the calculation results, it can be seen that the LAI data collected under different nitrogen fertilizer application gradients had good consistency and reliability.




3.2. Construction of Wheat LAI and PH Inversion Models


A total of 108 sets of sample data were collected, consisting of wheat canopy multispectral reflectance data, vegetation indices calculated from these data, and corresponding ground-truth measurements of wheat plots. Among these, 70% of the data (76 sets) were randomly selected as the training set to construct the inversion model for the wheat LAI and PH, while the remaining 30% (32 sets) were reserved as the test set for model evaluation.



Based on the correlation results obtained from Figure 3, the average correlation values of different nitrogen fertilizer application rates were calculated for vegetation indices and the LAI. These indices were sorted as follows: the GNDVI, NDVI, OSAVI, NDRE, and LCI. Then, the top two, three, four, and all five vegetation indices based on their importance rankings were selected as inputs for the GA-SVR machine regression algorithm to construct the wheat LAI inversion model. The results are presented in Table 2 and Figure 5.



It was observed that when constructing models using the top two vegetation indices, namely the GNDVI and NDVI, the coefficient of determination (R2) reaches a maximum of 0.82, with the root mean square error (RMSE) falling within an acceptable range. However, as the number of vegetation indices used in model construction increases, the coefficient of determination gradually decreases. When all five vegetation indices were utilized, the coefficient of determination of the constructed model dropped to a minimum of 0.56, and the RMSE reached its maximum at 0.34.



The vegetation indices calculated from wheat canopy multispectral reflectance data and the corresponding measured wheat PH data in the study area were selected as the training sample dataset. While 70% of the data (76 sets) were randomly chosen as the training set to construct the wheat PH inversion model, the remaining 30% (32 sets) were designated as the test set for model evaluation.



Based on the correlation results between vegetation indices and PH obtained from Figure 4, different numbers of vegetation indices were selected as inputs for constructing the wheat PH inversion model using the GA-SVR machine. The results are presented in Table 3 and Figure 6. The coefficient of determination (R2) of all constructed models exceeded 0.61. Notably, when using the top three vegetation indices based on correlation sorting, although the coefficient of determination was slightly lower compared to models using only the top two vegetation indices, the root mean square error was smaller, indicating the best overall model performance.




3.3. Wheat Yield Estimation Model


Since wheat yield was not only related to vegetation indices but also correlated with wheat nutritional growth phenotypes, including the LAI and PH, the five calculated vegetation indices, wheat nutritional growth phenotypes, and PH were taken as independent variables, while yield served as the dependent variable. Importance analysis was conducted separately, and the results are shown in Figure 7.



Under all nitrogen fertilizer application gradients, the vegetation indices GNDVI, LCI, and NDRE exhibit relatively strong correlations with yield, with the LCI showing the highest correlation with yield. Additionally, the correlation between wheat phenotypic traits and yield demonstrates a relatively stable trend. The correlation between wheat plant height and yield was higher than that between the leaf area index and yield, and the overall correlations decreased with increasing nitrogen fertilizer application levels.



A total of 36 sets of data were collected, including vegetation indices calculated from wheat canopy multispectral reflectance data and corresponding ground-truth measurements of wheat plots. While 70% of the data (26 sets) were randomly selected as the training set to construct the wheat yield inversion model, the remaining 30% (10 sets) were used for model evaluation.



Using the GA-SVR machine regression algorithm, wheat yield inversion models were constructed using five vegetation indices, wheat nutritional growth phenotypes, and combinations of both as inputs. The results are presented in Table 4.



It can be observed that when using vegetation indices to establish the model, the model performance was best when using the top three vegetation index combinations in terms of correlation ranking, with a highest coefficient of determination (R2) of 0.70 and a root mean square error (RMSE) of 68.5. When using a combination of vegetation indices and phenotypic traits to build the model, its overall performance was slightly better compared to models constructed using only vegetation indices or phenotypic traits. With an R2 of 0.67 and an RMSE of 77.8, this approach can improve the accuracy of wheat yield estimation to some extent, especially when it was challenging to obtain vegetation indices with high correlations. However, when only using wheat nutritional growth phenotypes to establish the model, the overall performance was poorer, with an R2 of only 0.52 and an RMSE of 90.8.




3.4. Comparative Analysis of Different Models


Using the optimal combinations of vegetation indices selected from the preceding text, namely the GNDVI and NDVI, NDRE, LCI, as well as all five vegetation indices correlated with the LAI, PH, and yield, the wheat LAI, PH, and yield inversion models were constructed separately using the partial least squares regression, random forest regression, and support vector machine regression methods. The results were presented in Table 5.



In constructing the wheat LAI inversion model, the determination coefficients of the models generated using different regression methods were relatively consistent, hovering around 0.70. Notably, the random forest regression approach yielded a smaller root mean square error (RMSE) of 0.11. For the wheat PH inversion models developed using the partial least squares, random forest, and support vector machine regression techniques, the R2 values were 0.56, 0.68, and 0.65, respectively, accompanied by corresponding RMSE values of 5.8, 4.7, and 6.1. All models achieved R2 values exceeding 0.62, with RMSE values within an acceptable range, except for the model established using partial least squares regression. Notably, both the random forest and support vector machine regression models exhibited commendable performance.



Regarding the wheat yield inversion models, those built using partial least squares, random forest, and support vector machine regression methods yielded R2 values of 0.52, 0.64, and 0.66, respectively, with corresponding RMSE values of 90.1, 83.7, and 79.8. Both the random forest and support vector machine inversion models demonstrated superior determination coefficients and acceptable root mean square errors.



In summary, the wheat LAI, PH, and yield inversion models developed utilizing different regression methods, random forest, and support vector machine inversion models consistently showcased robust determination coefficients and acceptable root mean square errors. Moreover, owing to the support vector machine’s strong performance, especially attributed to the relatively small dataset, it exhibited notably higher determination coefficients and smaller root mean square errors compared to other models. Overall, the utilization of the GA-SVR machine regression method led to varying degrees of enhancement in the performance of the wheat LAI, PH, and yield inversion models. Furthermore, given the strong correlation between the LAI and vegetation indices, the improvement in this model outperformed others.





4. Discussion


4.1. Nutritional Growth and Yield Correlation in Wheat


Wheat yield is influenced by various factors, among which PH and the LAI are two crucial nutritional growth characteristics. PH reflects the height and structure of wheat plants, while the LAI provides information about leaf coverage and growth status.



In field cultivation, taller wheat plants typically possess more photosynthetically active areas, facilitating more efficient sunlight absorption and photosynthesis, thus enhancing yield. A moderate PH also helps maintain favorable ventilation and light conditions, promoting growth. Apart from the risk of lodging associated with excessively tall plants, there is a strong correlation between wheat PH and yield. The LAI, as an indicator reflecting vegetation leaf distribution and density, implies more leaf coverage with a higher index, providing more photosynthetically active areas conducive to increased yield. However, an excessive LAI may result in an excessive allocation of light energy to the lower parts of the plant, leading to the underutilization of photosynthesis. Hence, there exists a certain correlation between the LAI and yield (as shown in Figure 8a,b).



In practical agricultural production, remote sensing technology can be employed to monitor and evaluate wheat PH and the LAI, facilitating the real-time detection of abnormal plant growth and providing scientific decision support for field management, thereby estimating and improving wheat yield.




4.2. Correlation of Wheat LAI, PH, Yield, and Nitrogen Fertilizer Application


The nutritional growth of wheat mainly includes the division and growth of embryonic root meristems, as well as the differentiation and development of leaves and stems. Reproductive growth refers to the growth of reproductive organs such as wheat spikes. After the application of nitrogen fertilizer exceeds a certain level, the nutritional growth of wheat exceeds reproductive growth, accelerating the growth of stems and leaves, which may lead to lodging, excessive growth, and prolonged maturity, resulting in reduced yield and quality. The relationship between the wheat LAI, PH, and nitrogen fertilizer application is shown in the figure, and it can be observed that the change in the LAI is more pronounced. When nitrogen fertilizer N1 is applied, wheat nutritional growth increases and the LAI is significantly higher than that of nitrogen level N0. However, because the LAI measurement is not only related to the leaf area but also the leaf inclination angle, under the condition of nitrogen fertilizer application N2, both the leaf area and leaf inclination angle increase, which will affect the value of the LAI, leading to chaotic changes in the LAI and a decrease in its correlation with nitrogen fertilizer application. Additionally, although the changing trend of the LAI with nitrogen fertilizer application is relatively small, it can also be observed from the graph that when nitrogen fertilizer N1 is applied, wheat PH is significantly higher than that of wheat without nitrogen fertilizer N0, indicating that the nitrogen fertilizer application significantly promotes the growth of wheat stems. There is a strong correlation between the nitrogen fertilizer application and PH when nitrogen fertilizer is applied without causing nitrogen stress. When nitrogen fertilizer N2 is applied, the nutritional growth of most wheat varieties peaks and the change in PH is small. However, a few varieties may experience excessive growth due to an excessive nitrogen fertilizer application.



Furthermore, based on the yield trend of different wheat varieties in gradient nitrogen fertilizer application field experiments (as shown in Figure 9), wheat varieties can be roughly divided into three categories: those with a trend of increasing yield with increasing nitrogen fertilizer application, those with a trend of either increasing or decreasing yield with increasing nitrogen fertilizer application, and those with a decreasing trend in yield with increasing nitrogen fertilizer application. The first category of wheat varieties is the most numerous and is referred to as normal varieties, which exhibit a significant increase in yield when nitrogen fertilizer is applied at normal levels compared to when no nitrogen fertilizer is applied, but excessive nitrogen fertilizer application affects reproductive growth, leading to a decrease in yield. In addition, this study classifies nitrogen-efficient wheat into two categories. Firstly, there are two types of wheat varieties with more pronounced trends, showing a significant increase in yield under high nitrogen fertilizer application. These wheat varieties are classified as the first category of nitrogen-efficient wheat, which can continue to increase yield in a high nitrogen environment based on twice the normal application of nitrogen fertilizer without affecting wheat reproductive growth. Secondly, the yield trend of the second category of nitrogen-efficient wheat decreases with increasing nitrogen fertilizer application. These wheat varieties can achieve normal or even higher yields with only the residual accumulated nitrogen in the field, but once nitrogen fertilizer is applied, wheat yield decreases, categorizing them as having high nitrogen use efficiency.




4.3. Analysis of Vegetation Indices Changes under Different Nitrogen Fertilizer Application Levels


Vegetation indices are parameters obtained through remote sensing technology and are widely used in agriculture. These indices provide information about vegetation growth status, chlorophyll content, and moisture status. The five vegetation indices used in this study are strongly related to wheat nutritional growth phenotypes and yield. After the application of nitrogen fertilizer, the total nutritional and reproductive growth of wheat tends to increase. Overall, chlorophyll content shows an increasing trend, followed by a decrease in the growth rate after reaching a threshold or a decrease in growth due to high nitrogen stress. However, there are subtle differences in different vegetation indices. The LCI and NDRE exhibit similar changes under different gradient nitrogen fertilizer application levels (as shown in Figure 10a,b). Both indices can characterize wheat growth conditions to varying degrees. Compared with the other three vegetation indices, they focus more on the characteristics of the red edge band, which is sensitive to chlorophyll. Therefore, they can better assess chlorophyll content and indirectly reflect wheat photosynthetic efficiency and growth status, facilitating the prediction of wheat growth and yield. The GNDVI and NDVI focus more on the information of the near-infrared band, and both can characterize wheat density and growth conditions (as shown in Figure 10c,d). When nitrogen fertilizer is applied, the nutritional growth of wheat intensifies, the LAI increases, and wheat gradually becomes denser, resulting in an increase in the values of these two vegetation indices, making them more suitable for monitoring wheat nutritional growth. In addition, compared to other vegetation indices, the OSAVI pays more attention to soil influence (as shown in Figure 10e). Due to variations in nitrogen fertilizer application levels, the nitrogen content in the soil also changes accordingly. As a result, the spectral data of the soil undergo more noticeable changes. Compared to other vegetation indices, the OSAVI shows more pronounced trends under different nitrogen fertilizer application levels. Therefore, using the OSAVI may lead to better performance in predicting wheat yield under different basal fertilizer application rates or in different planting areas.





5. Conclusions


This study proposed a detection method based on genetic algorithm-improved support vector regression (GA-SVR). Based on the correlation analysis of different vegetation indices with wheat phenotypes and yields, the optimal combination of vegetation indices was selected as inputs, and a regression prediction model was established using the GA-SVR algorithm. In turn, the growth monitoring and yield estimation of wheat were realized. The comprehensive performance of wheat LAI and PH models established based on the GA-SVR regression method surpasses other machine learning models. When using vegetation index combinations with higher correlations, the constructed models demonstrate a better detection of the wheat LAI and PH, with R2 values of 0.82 and 0.71, respectively, and RMSE values of 0.09 and 2.7, all within acceptable ranges. The wheat yield estimation model based on vegetation indices outperforms the model based on nutritional growth phenotypes, with an R2 of 0.7 and RMSE of 68.5. Future work is expected to incorporate soil nitrogen content as a consideration factor in model construction and apply the proposed method to wheat datasets covering a wider range of vegetation indices, regions, and environmental conditions.



The proposed method was applicable to wheat growth monitoring and yield estimation in a field environment. Its accuracy met the requirements. It provided an effective UAV remote sensing technique for monitoring wheat growth and estimating yield, in addition to technical support for wheat yield assessment and field management.
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Figure 1. Location map of wheat test field of Zibo and Feng intelligent agriculture base. The left map is a map of Zibo city and the distribution of counties and towns, the star symbol indicates the specific location of the wheat test field; the right map is an aerial photograph of the wheat test field and the actual map. 
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Figure 2. Construction process diagram of model based on GA-SVR algorithm. 
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Figure 3. Ranking plot of correlation between VIs and LAI. (a) Ranking plot of correlation at nitrogen fertilizer application level N0; (b) ranking plot of correlation at nitrogen fertilizer application level N1; (c) ranking plot of correlation at nitrogen fertilizer application level N3. 
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Figure 4. Ranking plot of correlation between VIs and PH. (a) Ranking plot of correlation at nitrogen fertilizer application level N0; (b) ranking plot of correlation at nitrogen fertilizer application level N1; (c) ranking plot of correlation at nitrogen fertilizer application level N3. 
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Figure 5. Scatterplot of predicted and measured LAI values for different vegetation index combinations. The dots indicate the measured LAI versus the model-predicted LAI (a) using two VIs; (b) using three VIs; (c) using four VIs; (d) using five VIs. 
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Figure 6. Scatterplot of predicted and measured PH values for different vegetation index combinations. The dots indicate the measured PH versus the model-predicted PH (a) using two VIs; (b) using three VIs; (c) using four VIs; (d) using five VIs. 
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Figure 7. Ranking plot of correlation between Vis, growth phenotypes, and yield. (a) Ranking plot of correlation at nitrogen fertilizer application level N0; (b) ranking plot of correlation at nitrogen fertilizer application level N1; (c) ranking plot of correlation at nitrogen fertilizer application level N3. 
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Figure 8. Plot of grain filling stage wheat LAI, PH, and yield with nitrogen fertilizer application rate. (a) Actual values of LAI and yield; (b) actual values of PH and yield. 
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Figure 9. Yield change curve of wheat under different levels of nitrogen fertilizer application. 
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Figure 10. Changes in VIs with nitrogen fertilizer application in different wheat varieties. (a) Changes in LCI with nitrogen fertilizer application in different wheat varieties; (b) changes in NDRE with nitrogen fertilizer application in different wheat varieties; (c) changes in GNDVI with nitrogen fertilizer application in different wheat varieties; (d) changes in NDVI with nitrogen fertilizer application in different wheat varieties; (e) changes in OSAVI with nitrogen fertilizer application in different wheat varieties. 






Figure 10. Changes in VIs with nitrogen fertilizer application in different wheat varieties. (a) Changes in LCI with nitrogen fertilizer application in different wheat varieties; (b) changes in NDRE with nitrogen fertilizer application in different wheat varieties; (c) changes in GNDVI with nitrogen fertilizer application in different wheat varieties; (d) changes in NDVI with nitrogen fertilizer application in different wheat varieties; (e) changes in OSAVI with nitrogen fertilizer application in different wheat varieties.



[image: Agronomy 14 00991 g010]







 





Table 1. Vegetation indices and formulas.
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	VIs
	Formula
	Reference





	NDVI
	   N D V I =   N I R − R E D   N I R + R E D     
	[33]



	GNDVI
	   G N D V I =   N I R − G R E E N   N I R + G R E E N     
	[34]



	OSAVI
	   O S A V I =   N I R − R E D   N I R + R E D + 0.16     
	[35]



	LCI
	   L C I =   N I R   R E D     
	[36]



	NDRE
	   N D R E =   N I R − R E   N I R + R E     
	[37]










 





Table 2. Accuracy of LAI inversion models built with different VIs.
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	VI’s Number
	RLAI2
	RMSELAI





	VIs-2
	0.82
	0.09



	VIs-3
	0.74
	0.07



	VIs-4
	0.71
	0.11



	VIs-5
	0.56
	0.34










 





Table 3. Accuracy of PH inversion models built with different VIs.
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	VI’s Number
	RPH2
	RMSEPH





	VIs-2
	0.74
	7.1



	VIs-3
	0.71
	2.7



	VIs-4
	0.61
	5.8



	VIs-5
	0.68
	9.3










 





Table 4. Accuracy of yield inversion models.
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	Input
	RYield2
	RMSEYield
	Input
	RYield2
	RMSEYield





	VIs-2
	0.66
	74.6
	VIs-3
	0.70
	68.5



	VIs-4
	0.62
	79.4
	VIs-5
	0.58
	85.3



	Phenotype
	0.52
	90.8
	VIs-3 + Phenotype
	0.67
	77.8










 





Table 5. Accuracy of wheat LAI, PH, yield inversion models constructed by different models.






Table 5. Accuracy of wheat LAI, PH, yield inversion models constructed by different models.





	Method
	RLAI2
	RMSELAI
	RPH2
	RMSEPH
	RYield2
	RMSEYield





	Partial Least Squares
	0.67
	0.19
	0.62
	5.8
	0.54
	90.1



	Random Forest
	0.74
	0.11
	0.65
	4.7
	0.66
	83.7



	Support Vector Machine
	0.73
	0.07
	0.68
	6.1
	0.64
	79.8
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