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The Leaf Area Index (LAI) is a crucial parameter for evaluating crop growth and informing fertilization management in agricultural fields. Compared to traditional methods, UAV-based hyperspectral imaging technology offers significant advantages for non-destructive, rapid monitoring of crop LAI by simultaneously capturing both spectral information and two-dimensional images of the crop canopy, which reflect changes in its structure. While numerous studies have demonstrated that various texture features, such as the Gray-Level Co-occurrence Matrix (GLCM), can be used independently or in combination with crop canopy spectral data for LAI estimation, limited research exists on the application of Haralick textures for evaluating crop LAI across multiple growth stages. In this study, experiments were conducted on two early-maturing potato varieties, subjected to different treatments (e.g., planting density and nitrogen levels) at the Xiaotangshan base in Beijing, during three key growth stages. Crop canopy spectral reflectance and Haralick textures were extracted from ultra-low-altitude UAV hyperspectral imagery, while LAI was measured using ground-based methods. Three types of spectral data—original spectral reflectance (OSR), first-order differential spectral reflectance (FDSR), and vegetation indices (VIs)—along with three types of Haralick textures—simple, advanced, and higher-order—were analyzed for their correlation with LAI across multiple growth stages. A model for LAI estimation in potato at multiple growth stages based on spectral and textural features screened by the successive projection algorithm (SPA) was constructed using partial least squares regression (PLSR), random forest regression (RFR) and gaussian process regression (GPR) machine learning methods. The results indicated that: (1) Spectral data demonstrate greater sensitivity to LAI than Haralick textures, with sensitivity decreasing in the order of VIs, FDSR and OSR; (2) spectral data alone provide more accurate LAI estimates than Haralick textures, with VIs achieving an accuracy of R² = 0.63, RMSE = 0.38, NRMSE = 28.36%; and (3) although Haralick textures alone were not effective for LAI estimation, they can enhance LAI prediction when combined with spectral data, with the GPR method achieving R² = 0.70, RMSE = 0.30, NRMSE = 20.28%. These findings offer a valuable reference for large-scale, accurate monitoring of potato LAI.
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1 Introduction

The potato, ranked fourth in the global list of food crops, is irreplaceable in achieving development goals such as the eradication of hunger, poverty and malnutrition (Ahmed et al., 2024). Its production in developing countries has grown significantly over the past two decades, making the monitoring of its growth critical to the security and stability of the global food supply (Badr et al., 2022). The Leaf Area Index (LAI) represents the total one-sided leaf area of a crop per unit ground area and is closely linked to key physiological processes such as respiration, transpiration, productivity, and photosynthesis (Li et al., 2016; Ilniyaz et al., 2022). Rapid and accurate estimation of LAI is essential for diagnosing crop growth and predicting yield (Cohrs et al., 2020; Kaplan and Rozenstein, 2021). While traditional manual measurement methods are precise, they are also time-consuming, destructive to crops, and incapable of providing large-scale spatiotemporal data, thereby limiting the effectiveness of crop management. Remote sensing, which involves detecting and obtaining information about objects from a distance without direct contact (Kokubu et al., 2020; Raj et al., 2021), has become increasingly important in monitoring crop LAI due to its non-destructive nature and high-throughput capabilities. Among the various remote sensing technologies available, UAV (Unmanned Aerial Vehicle) remote sensing has emerged as the preferred method for estimating crop LAI, owing to its ability to configure multiple sensors, its flexibility in data collection, and the high spatial and temporal resolution of the images it captures (Dong et al., 2019; Revill et al., 2020).

There are three primary approaches to crop LAI estimation using UAV remote sensing imagery: physical models, hybrid models, and empirical statistical models (Verrelst et al., 2015). Physical models are based on light-crop interactions, such as reflection and absorption, providing a mechanistic and generalizable framework (Fu et al., 2022). These models simulate crop canopy spectral reflectance, which can indirectly estimate LAI. However, despite their mechanistic nature, physical models require numerous input parameters, making them costly to implement. Hybrid models leverage simulation data from physical models to train machine learning algorithms, offering an effective method for estimating LAI without extensive ground-truthing data (Verrelst et al., 2015). On the other hand, empirical statistical models establish a statistical relationship between crop characteristics and LAI (Cao et al., 2020). This approach is user-friendly, easy to implement, and has gained popularity. UAV hyperspectral remote sensing has high spectral resolution and strong band continuity, and its original spectral reflectance (OSR) contains a large amount of spectral information, which can be effectively used for crop physicochemical parameter estimation (Chen et al., 2024). In order to improve the accuracy of hyperspectral remote sensing in the estimation of crop physicochemical parameters, the OSR need to be preprocessed to reduce noise and improve accuracy. First-order differential spectral reflectance (FDSR) not only eliminates the effect of background, but also resolves the overlapping signals and improves the sensitivity of spectral features to crop physicochemical parameters. Additionally, vegetation indices (VIs) are also an effective form of extracting spectral features of crop canopies, which are mainly formed by combinations of reflectance in two or more bands in the visible to near-infrared region (Fan et al., 2022; Liu et al., 2024b). Optical VIs can mitigate the effects of canopy structure and soil on crop reflectance spectra, thereby enhancing and highlighting relevant crop information (Liu et al., 2024a). Numerous VIs are currently used to estimate crop LAI. For example, Lu et al. (2022) evaluated the performance of several VIs in estimating wheat LAI at multiple growth stages and found that the normalized red-edge index exhibited a significant linear relationship with LAI (R² = 0.53). Similarly, Gong et al. (2021) assessed the LAI of rice throughout its growth stages using different VIs and discovered that the Enhanced Vegetation Index 2 produced higher estimation accuracy (R² = 0.38). These studies show a gradual decrease in the sensitivity of VIs to LAI over different growth stages, thus challenging the use of VIs for multiple growth stages LAI estimation.

The band reflectance used to form VIs is primarily influenced by leaf morphology and canopy structure (Croft et al., 2014; Zhang et al., 2021b). Compared to maize and wheat, potatoes exhibit more complex changes in canopy structure throughout their growth phases (Li et al., 2020; Yang et al., 2021). During the nutrient reserve stage, potato stems grow randomly, and leaves increase in size. As the crop enters the pre-mid reproductive stage, the canopy becomes denser, leading to VI saturation under high LAI conditions. As underground tubers begin to form, nutrients accumulated during the earlier growth stages are transferred to these tubers. At this stage, potato leaves start to yellow and wither, significantly affecting the reflectance spectrum of the potato canopy. Consequently, estimating LAI without considering the growth stage of the potato, which accounts for changes in canopy structure, is challenging. To achieve accurate LAI estimation, the differences in potato canopy structure across growth stages must be quantified. Texture features of an image, which define the variability between neighboring pixels within a given window, can describe variations in canopy structure (Wulder et al., 1998; Yue et al., 2019; Zhang et al., 2022c). Recent studies have incorporated texture features when estimating LAI across multiple crop growth stages (Li et al., 2019). For instance, Qiao et al. (2024) improved multi-growth stage LAI estimation in peanut by combining VIs with image texture features extracted using the Gray-Level Co-occurrence Matrix (GLCM). Similarly, Zhou et al. (2022) demonstrated that texture features extracted using discrete wavelet transform, when combined with VIs, provided more accurate LAI estimates for rice compared to using VIs alone. While combining texture features with VIs is expected to enhance LAI estimation across different crop growth stages, it remains uncertain whether existing texture feature extraction methods can accurately capture the complex changes in potato canopy structure at various growth stages. Therefore, it is essential to explore texture features that effectively reflect these structural changes to assist VIs in improving LAI estimation accuracy across multiple growth stages in potatoes.

Among texture features, the Haralick texture feature is the most prominent, relying on the GLCM. Typically, one or more summary statistics, known as Haralick features, are used to summarize the GLCM for ease of interpretation (Haralick et al., 1973; Das and Naskar, 2024). Different types of texture features, including simple, advanced, and high-order features, can be extracted using the Haralick texture extraction method based on the GLCM (Jiang et al., 2021). Among these features, it is possible to filter out those that are particularly sensitive to changes in potato canopy structure, which, when combined with VIs, can enable accurate estimation of LAI across multiple growth stages. Compared to digital or multispectral images, UAV hyperspectral images can provide richer spectral information. When captured under ultra-low-altitude flight conditions, these high-spatial-resolution hyperspectral images can also extract canopy texture features that respond to crop LAI (Duan et al., 2019). Consequently, UAV-based hyperspectral imaging technology offers significant potential for improving LAI estimation. However, extracting sensitive features from hyperspectral image-derived variables is challenging due to the high dimensionality and complexity of the data. As a result, sensitive feature selection methods, such as genetic algorithms, successive projection algorithms (SPA), and stepwise regression algorithms, have been employed to identify the optimal combination of spectral and texture features (Gu et al., 2022; Ji et al., 2022; Ma et al., 2022). Zhang et al. (2021a) demonstrated that features extracted using SPA combined with machine learning can yield more accurate LAI estimation results. Although machine learning methods are increasingly powerful tools for analyzing spatial variations in LAI from multiple remotely sensed feature datasets, not all machine learning approaches are equally effective for crop LAI estimation at multiple growth stages. The choice of appropriate regression methods is also crucial for improving the accuracy of LAI estimation. To the best of our knowledge, few studies have investigated the use of hyperspectral imagery to extract spectral and Haralick texture features for estimating LAI across multiple growth stages in potato.

To enhance the accuracy of potato LAI estimation across multiple growth stages, this study aimed to: (1) evaluate the performance of spectral information and Haralick texture features extracted from UAV hyperspectral imagery for LAI estimation independently; (2) determine whether combining spectral information with Haralick texture features improves LAI estimation accuracy; and (3) identify the optimal combination of variables and the most effective regression method for estimating potato LAI at various growth stages. The findings of this study offer insights into utilizing UAV hyperspectral imaging technology to obtain both canopy spectral and structural information, thereby improving the precision of LAI estimation and establishing a foundation for monitoring potato growth at the field scale.




2 Materials and methods



2.1 Experiment design

Potato trials were conducted at the National Precision Agriculture Experimental Base in Changping District, Beijing, China (Figure 1). Two early-maturing potato varieties, Zhongshu 3 (Z3) and Zhongshu 5 (Z5), were planted. To increase the spatial variability of LAI, three treatments were performed, including different planting densities, nitrogen gradients, and potassium gradients. Planting density was categorized into three levels: 60,000 (P1), 72,000 (P2), and 84,000 (P3) tubers/hm2. Nitrogen treatments were categorized into four levels: 0 (N0), 112.5 (N1), 225 (N2), and 337.5 (N3) kg/hm2 of pure nitrogen. Potash treatments were categorized into three levels: 0 (K0), 495 (K1, applied to the planting density and nitrogen test areas), and 990 (K2) kg/hm2 of K2O. In this experiment, each plot size of 32.5 m2 was applied with 90 kg/hm2 P2O5 and each treatment was replicated three times, totalling 48 plots. Field management practices, including weeding, fertilization, and irrigation, were consistent with local agricultural conditions. To calibrate the UAV hyperspectral images acquired during the study, 11 ground control points were evenly distributed around the experimental field. The spatial locations of these points were determined using the Qianxun SR2 high-precision RTK measurement system.




Figure 1 | The spatial planting distribution of potatoes in this study.






2.2 Hyperspectral images acquisition and processing

In 2019, UAV hyperspectral images were acquired during three critical stages of potato development: tuber formation (28 May), tuber growth (10 June), and starch accumulation (20 June). These stages correspond to BBCH codes 41, 44, and 47 (referred to as BBCH41, BBCH44, and BBCH47), respectively. The images were captured using an M600 UAV (SZ DJI Technology Co., Ltd., Shenzhen, China) equipped with a UHD 185-Firefly imaging spectrometer (Cubert GmbH, Ulm, Germany). The UHD185 has 125 spectral channels covering a wavelength range of 450–950 nm, with a sampling interval of 4 nm. The UAV followed identical flight paths across all three growth stages, maintaining consistent take-off positions. The image acquisition was conducted under clear, cloudless, and windless conditions, between 11:30 am and 13:30 pm, when direct sunlight reached the ground. Flights were carried out at an altitude of 20 meters, resulting in a spatial resolution of 1.43 cm, with a flight speed of 1.5 m/s. To facilitate the efficient stitching of orthophotos, the heading and sidelap overlaps were manually set to 85% and 93%, respectively. Given the small size of the field, each hyperspectral image acquisition took approximately 12 minutes. Before each take-off, dark current and radiometric calibration were performed on the ground using a black-and-white calibration plate.

The processing of UAV hyperspectral images involves several key steps: panchromatic image stitching, fusion of panchromatic and hyperspectral images, and extraction of canopy spectral reflectance. First, Agisoft PhotoScan software (Agisoft LLC, St. Petersburg, Russia) was used to correct the topography of the panchromatic images by integrating the positional data from the ground control points. Next, the panchromatic images were mosaicked using the structure-from-motion algorithm, and orthophotos of the test field were generated. The panchromatic orthophoto was then fused with the hyperspectral image using Cube-Pilot software (Cubert GmbH, Ulm, Germany) to create a new hyperspectral image. Finally, the average spectral reflectance of the potato canopy was extracted from the vector files of the 48 plots using ENVI software, and this data was used for subsequent analysis.




2.3 LAI measurement

To obtain LAI data, three uniformly growing plants were destructively sampled at each growth stage of tuber formation, tuber growth, and starch accumulation. Plants were transported quickly to the laboratory to prevent water loss leading to leaf curling. After manual separation of the stems and leaves, 60 leaf discs were punched out with a 0.8 cm diameter punch and their wet weights were measured using a high-precision balance (W1). The remaining leaves of the three plants were also measured for their wet weight (W2). Finally, the LAI of each plot was calculated using the weight ratio and planting density. The formula for LAI was as follows:

 

Where WI and W2 were the wet weight of 60 leaf discs and the remaining leaves of three plants respectively. S was the area of leaf discs. M was the number of potato plants per unit area.




2.4 The extraction of spectral and textural feature

The spectral information extracted from UAV hyperspectral images in this study primarily includes canopy original spectral reflectance (OSR), first-order differential spectral reflectance (FDSR), and vegetation indices (VIs). Additionally, simple, advanced, and higher-order texture features were derived using Haralick texture extraction methods.



2.4.1 The extraction of FDSR

A first-order differential transformation of the raw canopy spectra can eliminate the interference of linear background noise on the canopy spectral signals and enhance the spectral absorption and reflectance features in the visible to near-infrared region, which is conducive to the improvement of the spectral reflectance response to LAI (Imanishi et al., 2004; Li et al., 2014). Hyperspectral data are well-suited for first-order differential processing due to their large number of continuous bands. The first-order differentiation formula used in this study is as follows:

 

where   is the first-order differential spectral reflectance at a central wavelength   between waveband   and  .   and   are the reflectance in the waveband   and  , respectively.   is the sampling interval.




2.4.2 The extraction of VIs

VIs are effective spectral signals used to enhance vegetation information (Sone et al., 2009; Hu et al., 2021; Wengert et al., 2021). In this study, thirty VIs were selected for estimating LAI, with their specific expressions and names provided in Table 1.


Table 1 | The VIs used in the study.






2.4.3 The extraction of Haralick texture features

Haralick texture features are computed from a GLCM, which records the co-occurrence of neighboring gray levels in an image (Brynolfsson et al., 2017). The GLCM is a square matrix, where the number of rows and columns corresponds to the number of gray levels in the region of interest. Each texture feature is derived from the elements of the GLCM and represents a specific relationship between neighboring voxels. In this study, we utilized the Python package and Orfeo Toolbox 7.2.0 (https://www.orfeo-toolbox.org/download/) to extract the Haralick features.

In order to reduce the difficulty of extracting texture features, principal component analysis (PCA) was performed on the raw hyperspectral images using ENVI software. It was found that the first principal component image could explain 90% of the image information. Consequently, various Haralick texture features were extracted from this first principal component image. Simple, advanced, and higher-order textures were derived using a 5×5 window size in the 45° direction. The names and quantities of the extracted Haralick texture features are listed in Table 2.


Table 2 | The Haralick texture used in the study.







2.5 Statistical analysis and methodology

The optimal combination of variables for estimating LAI was determined using the SPA. SPA is a forward variable selection algorithm based on the projection analysis of vectors (Sun et al., 2019). Initially, a set of vectors is randomly selected as the starting variables. These vectors are then projected onto the unselected vectors, and the magnitudes of the projected vectors are compared. The variable with the largest projected vector is selected, and this process is repeated through several iterations. Ultimately, the optimal combination of variables is chosen based on the minimum root mean square error (RMSE) of cross-validation.

Partial Least Squares Regression (PLSR) is a statistical method used to develop a linear regression model by projecting independent and dependent variables into a new space. This method involves both the extraction of principal components from the independent and dependent variables and the maximization of the correlation between these components during the regression modeling process (Tao et al., 2020). Random Forest Regression (RFR) is a machine learning technique that integrates a large number of decision trees (Yue et al., 2018). The accuracy of the RFR model is primarily influenced by the number of decision trees (ntree) and the number of nodes (mtry), with mtry typically set to one-third of the input variables and ntree set to 500. Gaussian Process Regression (GPR) is a method based on Bayes’ theorem that models the relationship between dependent and independent variables using a kernel function (Liu et al., 2022b). Compared to other popular machine learning methods, GPR models are simpler to optimize and particularly suitable for training on small sample datasets. In this study, MATLAB software was used for training and validating LAI models with the aforementioned machine learning methods. A total of 96 samples (replicates 2 and 3 for each growth stage) were used for model training, while 48 samples (replicate 1 for each growth stage) were reserved for model validation.

Our flowchart from different types of spectral and texture extraction to model construction and evaluation in this study is shown in Figure 2.




Figure 2 | Flowchart of the experimental research.



The coefficient of determination (R²), root mean square error (RMSE), and normalized root mean square error (NRMSE) were used to evaluate the accuracy of the models. The corresponding equations are shown in Equations 3–5:

 

 

 

Where   is the measured potato LAI;   is the estimated potato LAI;   is the mean value of the measured potato LAI; n is the number of samples.





3 Results and analysis



3.1 Analysis of measured LAI

In the field experiment, LAI values of potato at each growth stage in 48 experimental plots were determined. A total of 144 LAI samples were obtained at three growth stages of potato in 2019. The box line plot of potato LAI is shown in Figure 3. With the dynamic change of potato growth stage, the mean LAI value first decreased and then levelled off. During the tuber formation stage, the LAI ranged from 0.43 to 3.29, with an average of 1.50. During the tuber growth stage, the LAI ranged from 0.34 to 3.00, with an average of 1.32. During the starch accumulation stage, the LAI varied from 0.29 to 3.75, with an average of 1.28.




Figure 3 | Box line plot of measured leaf area index at each growth stage.






3.2 Correlation of LAI against hyperspectral image-derived features

The correlation coefficients between different types of characterization variables and the LAI of potatoes across multiple growth stages are presented in Figures 4, 5. LAI exhibited a highly significant correlation with OSR in the wavelength ranges of 454–702 nm and 718–950 nm (p< 0.01), with a particularly strong correlation observed at 750–922 nm (Figure 4A). The correlation between LAI and FDSR showed greater variability after the first-order derivation of OSR, with highly significant correlations occurring at 454–506 nm, 550–642 nm, 690–774 nm, and 790–950 nm (p< 0.01). The highest correlation between LAI and FDSR was noted at 734–758 nm (Figure 4B). The VIs selected in this study also demonstrated highly significant correlations with LAI across multiple growth stages of potatoes (Figure 5A). Additionally, the extracted Haralick textures, including Inverse Difference Moment, Cluster Shade, Haralick Correlation, Mean, Sum Average, Low Grey-Level Run Emphasis, Short Run High Grey-Level Emphasis, and Long Run Low Grey-Level Emphasis, showed highly significant correlations with LAI (Figure 5B).




Figure 4 | Pearson’s correlation coefficient of LAI with OSR and FOD: (A) OSR (B) FOD.






Figure 5 | Pearson’s correlation coefficient of LAI with VIs and Haralick textures. (A) VIs, (B) Haralick textures. The numbers in Panel (A) match the Number column in Table 1, and the numbers in Panel (B) match the Number column in Table 2.



The variables with the highest correlation to LAI across multiple growth stages of potatoes were 886 nm for OSR (r = 0.55, p< 0.01), 742 nm for FDSR (r = 0.67, p< 0.01), NDRE for VIs (r = 0.65, p< 0.01), and the Mean for Haralick texture (r = -0.50, p< 0.01). The mean absolute correlation coefficients of OSR (450–950 nm), FDSR (450–950 nm), VIs, and Haralick texture features with LAI were 0.48, 0.35, 0.53, and 0.17, respectively. These results suggest that VIs may better capture the spatial variability of potato LAI, whereas Haralick texture features may be less effective.




3.3 Sensitive feature acquisition using SPA method

The results of filtering five feature datasets using the SPA method are presented in Table 3, including OSR, FDSR, VIs, Haralick textures, and their combined features. From a total of 125 OSR features, 125 FDSR features, 30 VIs, 28 textures, and 308 combined features, 10, 7, 8, 10, and 17 features were selected, respectively. This selection indicates that the unselected features were either uninformative or contained redundant information for estimating LAI across multiple growth stages of potatoes.


Table 3 | Sensitive features were obtained based on different datasets using the SPA method.



Although the selected wavelengths for LAI estimation using OSR and FDSR differ, they share a common characteristic: these wavelengths span the visible to near-infrared regions and exhibit a high correlation with LAI. Typically, VIs containing near-infrared or red-edge wavelengths are chosen for LAI estimation. Three features were selected from simple textures, five from advanced textures, and two from higher-order textures; however, not all of these features achieved a high correlation with LAI. For instance, features such as Inertia, Sum of squares: variance, Difference entropy, and Information measures of correlation IC1 did not fully reach the highly significant correlation level with LAI. This suggests that the SPA method helps to prevent the omission of features that significantly contribute to LAI estimation. In total, four OSR, seven FDSR, three VIs, and three textures were selected from the combined features, all of which remained highly sensitive to LAI, except for Inertia, which did not achieve a highly significant correlation. These findings indicate that the integration of different types of features is crucial for accurately estimating LAI across multiple growth stages in potatoes.




3.4 Estimation of LAI in multiple growth stages of potato

The calibration and validation results obtained using PLSR, RFR, and GPR based on the variables screened in Table 3 are presented in Figure 6. X1, X2, X3, X4 and X5 in Figure 6 represent OSR, FDSR, VIs, Haralick textures and All. Among the models, the LAI estimation model constructed using the GPR method demonstrated higher fitting accuracy and lower error compared to the others. When using the same regression method, LAI estimation based on different types of spectral information was more accurate than that based on Haralick texture features, with the best results achieved using the GPR method with VIs (Calibration: R² = 0.63, RMSE = 0.41, NRMSE = 31.32%; Validation: R² = 0.63, RMSE = 0.34, NRMSE = 22.84%). Although using Haralick texture features alone to estimate LAI across multiple growth stages of potatoes is not ideal, combining texture features with different forms of spectral information can enhance the accuracy of LAI estimation, suggesting that Haralick texture can compensate for the limitations of spectral information. Compared to the PLSR and RFR methods, the GPR method was the most accurate for estimating multi-stage LAI in potatoes using 17 features that included both spectral and texture information (Calibration: R² = 0.68, RMSE = 0.38, NRMSE = 29.04%; Validation: R² = 0.70, RMSE = 0.30, NRMSE = 20.28%).




Figure 6 | The Accuracy of LAI estimation based on different types of variables. (A) R2(Cal), (B) RMSE(Cal), (C) NRMSE(Cal), (D) R2(Val), (E) RMSE(Val), (F) NRMSE(Val). X1: OSR, X2: FDSR, X3: VIs, X4: Haralick textures and X5: All features.



The fitted relationship between the estimated and measured LAI values of potatoes across multiple growth stages, obtained using the best regression method based on four types of spectral information, one type of texture, and a combination of spectral and texture features, is illustrated in Figure 7. The results indicate the following: (1) Estimating LAI using only spectral information or Haralick textures yields significant errors, particularly with Haralick textures, leading to low model accuracy (R² = 0.45, RMSE = 0.41, NRMSE = 27.60%). (2) Among the spectral information, VIs demonstrated the best estimation performance (R² = 0.63, RMSE = 0.34, NRMSE = 22.84%). (3) The combination of spectral information and texture features reduced the error in LAI estimation across multiple growth stages and enhanced the accuracy of the model. Notably, when LAI was greater than 2, the estimates based on the fused sensitive features were closer to the 1:1 line with the measured values (R² = 0.70, RMSE = 0.30, NRMSE = 20.28%), suggesting that integrating multiple types of features can mitigate the inaccuracies associated with using a single type of feature for LAI estimation.




Figure 7 | Fitting relationship between measured and estimated LAI based on different types of spectral information and Haralick textures. (A) OSR, (B) FDSR, (C) VIs, (D) Haralick textures, and (E) spectral information combined with texture features.






3.5 Applicability of estimated LAI for different growth stages

The study combines three types of spectra and Haralick textures with the GPR machine learning method to estimate LAI in two potato varieties. Figure 8 illustrates the effect of this estimation to assess the model’s applicability across different growth stages. The results showed that the performance of the method proposed in this study differed significantly in the estimation of LAI for the three growth stages, as evidenced by the poorer performance of the model in terms of accuracy in tuber growth (Figure 8B). This is due to the high canopy cover of potato in tuber growth compared to the other two growth stages. Spectral information saturation is more severe and textural information contribution is reduced. In contrast, the accuracy of the model was satisfactory in all three growth stages, although it still varied, so the method of combining different types of spectral information with Haralick textures still has potential for predicting potato LAI in different growth stages.




Figure 8 | Applicability of estimated LAI for different growth stages based on the optimal model. (A) Tuber formation (B) Tuber growth (C) Starch accumulation.






3.6 Mapping potato LAI

The optimal estimation model of potato LAI for multiple growth stages was constructed based on the three spectral information and Haralick textures, and the model was used to generate the spatial distribution map of potato LAI in the study area, as shown in Figure 9. This method helps to provide a more comprehensive understanding of the growth conditions and spatial distribution pattern in the study area. Analyzing LAI spatial distribution maps aids in assessing plant water use efficiency, optimizing irrigation and fertilizer strategies, and enhancing overall water and fertilizer efficiency. Additionally, it supports early detection of pests and diseases, minimizing yield loss, and serves as a preliminary tool for predicting crop yields, ultimately improving agricultural production and management.




Figure 9 | Spatial distribution of LAI in potato at different growth stages. (A) Tuber formation, (B) Tuber growth, (C) Tuber accumulation.







4 Discussion

Miniature UAV-imaging hyperspectral systems not only acquire spectral reflectance information of the crop canopy but also capture image data of the canopy structure, enabling rapid and non-destructive monitoring of crop LAI (Yan et al., 2019; Verma et al., 2022). Estimating crop LAI across multiple growth stages using only the optical information of the crop canopy is challenging, as the performance of optical data can be inconsistent due to the influence of phenology and crop variety. Given the variations in potato canopy structure and the advantages of hyperspectral imaging, this study explored the applicability and potential of combining Haralick texture features with canopy spectral information for LAI estimation.



4.1 Response of spectral and texture features to LAI

The spectral reflectance of the potato canopy reflects the crop’s physiological and geometrical characteristics, while VIs enhance the contrast between crop and soil, allowing for the quantitative description of crop growth. This spectral information is frequently used to estimate crop growth parameters such as LAI (Kayad et al., 2022). The three types of spectra used in this study varied significantly in their sensitivity to LAI across multiple growth stages of potatoes (Figures 4A, B, 5A). After differential transformation, FDSR reduced the effects of soil background and overlapping signal interference compared to OSR, thereby enhancing the sensitivity of spectral signals to LAI across different growth stages (Figures 4A, B). This finding is consistent with the results obtained by Zhang et al. (2022a) using differentially transformed spectra to estimate the LAI of rice. The VIs selected in this study exhibited higher sensitivity to LAI across multiple growth stages than OSR and FDSR. This increased sensitivity is due to the combination of multiple bands, which can mitigate the interference of external environmental signals on LAI response (Figure 5A). However, previous studies by Liu et al. (2022a) and Shi et al. (2022) have shown that the sensitivity of VIs to LAI across different growth stages can be affected by climatic variations and varietal differences, potentially limiting the accuracy of LAI estimation models. Spatial information such as texture of high-resolution UAV remote sensing data correlates with the spatial structure of the crop, reflecting more effectively the shading and internal structural information of the crop canopy. Given the importance of texture information in describing changes in canopy structure, this study attempted to use Haralick texture features to estimate LAI. The application of Haralick texture in the estimation of crop physicochemical parameters has not been extensively investigated. It remains unclear whether the sensitive bands of texture features align with the spectral bands. To address this, we employed the PCA downscaling method, which preserves the majority (>90%) of the image information and offers a robust foundation for subsequent studies. However, compared to canopy spectral information, the simple, advanced, and higher order textures did not effectively capture changes in LAI across multiple growth stages due to the low sensitivity of Haralick texture to potato LAI (Figure 5B), which is similar to the previous work of Qiao et al. (2024). The extraction of texture features from an image is often affected by a variety of factors, such as noise in the image and changes in lighting conditions, which may interfere with the stability of the texture features. This limitation may be related to the size of the window used for texture extraction and the calculation method employed. Consequently, we conclude that Haralick texture alone does not adequately reflect changes in LAI across multiple growth stages of potatoes.




4.2 Optimization of model parameters

To reduce the number of input parameters for the LAI estimation model and minimize errors due to subjective variable selection, the feature variables obtained using the SPA algorithm are presented in Table 3. For both OSR and FDSR, the characteristic wavelengths identified after SPA screening, although not identical, fall within the visible to near-infrared regions. Since LAI is determined by plant leaves, and the absorption and reflection of pigments within these leaves, along with scattering between leaf tissues, influence the crop canopy spectra across the visible to near-infrared ranges, the differences in the sensitive spectral positions of various transformed spectral data and LAI are expected to be minimal (Zhou et al., 2022). The eight VIs selected through screening all include red-edge or near-infrared wavelengths, as these spectral regions are more responsive to changes in LAI (Figures 2A, B), a finding consistent with studies by Tao et al. (2020) and Liu et al. (2022a) in monitoring winter wheat LAI. The fact that not all of the 10 variables selected from the 28 Haralick textures achieved a highly significant correlation with potato LAI suggests that the variables identified by the SPA algorithm are objectively determined, allowing for the retention of those that significantly contribute to LAI estimation and thereby avoiding the large estimation errors that can result from subjective variable selection. To evaluate the performance of combining spectral and texture information for LAI estimation, four OSR, seven FDSR, three VIs, and three textures were selected from 308 combined features, underscoring the importance of feature fusion in accurately estimating LAI in potatoes across multiple growth stages (Table 3).




4.3 Performance evaluation of LAI estimation model

Compared to traditional algorithms, machine learning regression models can make effective use of data when dealing with complex data and obtain higher model prediction accuracy. The modeling and validation results obtained using the GPR method for the variables identified in Table 3 were superior to those achieved with the PLSR and RFR methods. This finding aligns with the results reported by Caballero et al. (2022) for estimating LAI in winter wheat. The superior performance of GPR may be attributed to its ability to effectively handle nonlinear relationships between independent and dependent variables, as well as its suitability for small sample datasets (Upreti et al., 2019; Zhang et al., 2022b). In this study, the modeling and validation datasets were small, and the spectral and texture information extracted from UAV hyperspectral imagery likely exhibited a stronger nonlinear relationship with LAI, making GPR a fitting choice for constructing the LAI estimation model. Analyzing the results in Table 3, the accuracy of LAI estimation across multiple growth stages of potatoes was higher when using the three forms of spectral information compared to Haralick texture alone. This is consistent with the findings of Zhang et al. (2022b) in estimating LAI for maize, where the grey-scale covariance matrix texture was less effective than crop canopy spectral information. Among the spectral information types, the order of performance in estimating LAI was VIs, FDSR, and OSR, which corresponds to the sensitivity of these spectral types to LAI (Figures 4A, B, 5A). Although Haralick texture alone was not effective for estimating potato LAI (Table 3, Figure 3), combining it with crop canopy spectral features improved the accuracy of LAI estimation, consistent with Zhou et al (Zhou et al., 2022), who combined wavelet texture with spectral features for estimating rice LAI. Further illustrating that different types of feature coupling provide unique and complementary information with great potential in crop monitoring (Ochiai et al., 2024). Yu et al. (2023) also demonstrated that combining different types of features can improve the prediction performance of LAI in potato. This study highlights the limitations of Haralick texture, but also demonstrates its value as auxiliary information when combined with spectral features for LAI estimation. The combination of spectral and Haralick texture information in this study explained 69% of the variability in LAI across multiple growth stages in potatoes, which is lower than the 85% of spatial variability in maize LAI explained by Zhang et al. (2022b) using fusion information. This discrepancy may be due to differences in crop variety and canopy structure.




4.4 Advantages and limitations of research

Haralick texture differs from spectral information in response to potato canopy structure, and their complementary information helps to improve LAI estimation accuracy. This complementary information can enhance the accuracy of LAI estimation. In this study, models for LAI estimation that integrated both spectral and texture data outperformed those relying on a single type of data. Thus, combining spectral information with Haralick textures offers valuable insights for LAI estimation across various growth stages of potatoes. The study derived the spatial and temporal distribution of potato LAI at the field scale using the optimal estimation model (Figure 9), facilitating the assessment of the model’s potential for practical field applications. Despite achieving satisfactory results, some limitations remain. Future research should consider incorporating additional crop structural characteristics, such as vegetation cover, plant height, and volume, to improve model construction. This study compared the potential of three machine learning methods for UAV estimation of LAI in wheat, but found that deep learning performed better for potato biomass prediction (Liu et al., 2024c), suggesting that deep learning has greater potential for application in the field of UAV spectral monitoring of crop growth. Therefore, future research will deeply explore the application of methods such as deep learning in this field. In addition, since the UAV and ground data used in this study were limited to a single location, within one year, and two varieties, we will further explore the impact of multi-year and multi-variety potato data on improving the performance of Haralick texture features. Future work will focus on different varieties and multiple years of data to analyze the robustness of canopy spectra and Haralick texture features in estimating potato LAI.





5 Conclusions

To accurately and timely estimate potato LAI, this study utilized UAV hyperspectral image data to extract three types of spectral information and Haralick textures, and analyzed their combined ability to estimate potato LAI. The effectiveness of this method was validated using plot test data, yielding the following results:

	Using the SPA feature selection method, 17 sensitive features were identified as significant contributors to potato LAI, including four OSR wavelengths (650, 710, 886, and 922 nm), seven FDSR wavelengths (478, 530, 586, 630, 702, 738, and 770 nm), three VIs (GNDVI, NDRE, TCARI), and three Haralick textures (Inertia, Cluster shade, Short run high grey-level emphasis).

	Among the single-type feature models, VIs demonstrated the best performance. In contrast, the regression performance of Haralick textures was less effective when used independently.

	The accuracy of potato LAI estimation improved when combining features as input parameters, achieving an R² of 0.70 and an RMSE of 0.30. This model outperformed the optimal VIs model based on univariate parameters (R² = 0.63, RMSE = 0.34), suggesting that the combination of spectral information and Haralick textures provides better accuracy for LAI estimation and offers a feasible approach for monitoring potato growth.



Combining different types of spectral information and Haralick textures from UAV hyperspectral imagery can improve the estimation of LAI for potatoes with multiple growth stages to some extent compared to using a single type of feature. However, UAV multispectral data can provide higher spatial resolution and may be more suitable for texture feature extraction. Therefore, an attempt was made to validate the feasibility of this study’s method using low-cost UAV multispectral in future studies.





Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.





Author contributions

JF: Writing – original draft, Writing – review & editing, Conceptualization, Data curation, Methodology, Software, Validation. YL: Methodology, Software, Writing – review & editing. YF: Data curation, Software, Writing – review & editing. YY: Project administration, Writing – review & editing. RC: Data curation, Investigation, Writing – review & editing. MB: Data curation, Project administration, Writing – review & editing. YM: Data curation, Visualization, Writing – review & editing. HF: Conceptualization, Data curation, Funding acquisition, Resources, Supervision, Writing – original draft, Writing – review & editing. HW: Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This study was supported by the Key scientific and technological projects of Heilongjiang province (2021ZXJ05A05), the National 433 Natural Science Foundation of China (41601346), and the Key Field Research and Development Program of Guangdong Province 434 (2019B020216001).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





References

 Ahamed, T., Tian, L., Zhang, Y., and Ting, K. (2011). A review of remote sensing methods for biomass feedstock production. Biomass Bioenergy 35, 2455–2469. doi: 10.1016/j.biombioe.2011.02.028

 Ahmed, M., Ahmad, S., Abbas, G., Hussain, S., and Hoogenboom, G. (2024). “Potato-potato system,” in Cropping Systems Modeling Under Changing Climate. Eds.  M. Ahmed, S. Ahmad, G. Abbas, S. Hussain, and G. Hoogenboom (Springer Nature Singapore, Singapore), 271–306. doi: 10.1007/978-981-97-0331-9_10

 Apan, A., Held, A., Phinn, S., and Markley, J. (2003). “Formulation and assessment of narrow-band vegetation indices from EO-1 Hyperion imagery for discriminating sugarcane disease,” in Proceedings of the 2003 Spatial Sciences Institute Biennial Conference (SSC2003): Spatial Knowledge Without Boundaries. (Canberra, Australia: Spatial Sciences Institute of Australia), 1-13. doi: 10.1016/j.fecs.2024.100239

 Badr, M. A., El-Tohamy, W. A., Salman, S. R., and Gruda, N. (2022). Yield and water use relationships of potato under different timing and severity of water stress. Agric. Water Manage. 271, 107793. doi: 10.1016/j.agwat.2022.107793

 Barnes, J. D., Balaguer, L., Manrique, E., Elvira, S., and Davison, A. (1992). A reappraisal of the use of DMSO for the extraction and determination of chlorophylls a and b in lichens and higher plants. Environ. Exp. Bot. 32, 85–100. doi: 10.1016/0098-8472(92)90034-Y

 Blackburn, G. A. (1998). Quantifying chlorophylls and caroteniods at leaf and canopy scales: an evaluation of some hyperspectral approaches. Remote Sens. Environ. 66, 273–285. doi: 10.1016/S0034-4257(98)00059-5

 Broge, N. H., and Leblanc, E. (2001). Comparing prediction power and stability of broadband and hyperspectral vegetation indices for estimation of green leaf area index and canopy chlorophyll density. Remote Sens. Environ. 76, 156–172. doi: 10.1016/S0034-4257(00)00197-8

 Brynolfsson, P., Nilsson, D., Torheim, T., Asklund, T., Karlsson, C. T., Trygg, J., et al. (2017). Haralick texture features from apparent diffusion coefficient (ADC) MRI images depend on imaging and pre-processing parameters. Sci. Rep. 7, 4041. doi: 10.1038/s41598-017-04151-4

 Caballero, G., Pezzola, A., Winschel, C., Casella, A., Sanchez Angonova, P., Orden, L., et al. (2022). Quantifying irrigated winter wheat LAI in Argentina using multiple sentinel-1 incidence angles. Remote Sens. 14, 5867. doi: 10.3390/rs14225867

 Cao, Y., Li, G. L., Luo, Y. K., Pan, Q., and Zhang, S. Y. (2020). Monitoring of sugar beet growth indicators using wide-dynamic-range vegetation index (WDRVI) derived from UAV multispectral images. Comput. Electron. Agric. 171, 105331. doi: 10.1016/j.compag.2020.105331

 Chappelle, E. W., Kim, M. S., and Mcmurtrey, J. E. (1990). “Ratio analysis of reflectance spectra,” in 10th Annual International Symposium on Geoscience and Remote Sensing. New York, USA: IEEE (Institute of Electrical and Electronics Engineers), 1605–1608.

 Chen, J. M. (1996). Evaluation of vegetation indices and a modified simple ratio for boreal applications. Can. J. Remote Sens. 22, 229–242. doi: 10.1080/07038992.1996.10855178

 Chen, R., Liu, W., Yang, H., Jin, X., Yang, G., Zhou, Y., et al. (2024). A novel framework to assess apple leaf nitrogen content: Fusion of hyperspectral reflectance and phenology information through deep learning. Comput. Electron. Agric. 219, 108816. doi: 10.1016/j.compag.2024.108816

 Cohrs, C. W., Cook, R. L., Gray, J. M., and Albaugh, T. J. (2020). Sentinel-2 leaf area index estimation for pine plantations in the Southeastern United States. Remote Sens. 12, 1406. doi: 10.3390/rs12091406

 Croft, H., Chen, J. M., and Zhang, Y. (2014). The applicability of empirical vegetation indices for determining leaf chlorophyll content over different leaf and canopy structures. Ecol. Complexity 17, 119–130. doi: 10.1016/j.ecocom.2013.11.005

 Das, D., and Naskar, R. (2024). Image splicing detection using low-dimensional feature vector of texture features and Haralick features based on Gray Level Co-occurrence Matrix. Signal Processing: Image Communication 125, 117134. doi: 10.1016/j.image.2024.117134

 Datt, B. (1999). A new reflectance index for remote sensing of chlorophyll content in higher plants: tests using eucalyptus leaves. J. Plant Physiol. 154, 30–36. doi: 10.1016/S0176-1617(99)80314-9

 Dong, T., Liu, J., Shang, J., Qian, B., Ma, B., Kovacs, J. M., et al. (2019). Assessment of red-edge vegetation indices for crop leaf area index estimation. Remote Sens. Environ. 222, 133–143. doi: 10.1016/j.rse.2018.12.032

 Duan, B., Liu, Y., Gong, Y., Peng, Y., Wu, X., Zhu, R., et al. (2019). Remote estimation of rice LAI based on Fourier spectrum texture from UAV image. Plant Methods 15, 124. doi: 10.1186/s13007-019-0507-8

 Fan, Y., Feng, H., Jin, X., Yue, J., Liu, Y., Li, Z., et al. (2022). Estimation of the nitrogen content of potato plants based on morphological parameters and visible light vegetation indices. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.1012070

 Fitzgerald, G., Rodriguez, D., and O’Leary, G. (2010). Measuring and predicting canopy nitrogen nutrition in wheat using a spectral index—The canopy chlorophyll content index (CCCI). Field Crops Res. 116, 318–324. doi: 10.1016/j.fcr.2010.01.010

 Fu, B., Sun, J., Wang, Y., Yang, W., He, H., Liu, L., et al. (2022). Evaluation of LAI estimation of mangrove communities using DLR and ELR algorithms with UAV, hyperspectral, and SAR images. Front. Mar. Sci. 9. doi: 10.3389/fmars.2022.944454

 Gitelson, A. A., Gritz, Y., and Merzlyak, M. N. (2003). Relationships between leaf chlorophyll content and spectral reflectance and algorithms for non-destructive chlorophyll assessment in higher plant leaves. J. Plant Physiol. 160, 271–282. doi: 10.1078/0176-1617-00887

 Gitelson, A. A., Merzlyak, M. N., and Lichtenthaler, H. K. (1996). Detection of red edge position and chlorophyll content by reflectance measurements near 700 nm. J. Plant Physiol. 148, 501–508. doi: 10.1016/S0176-1617(96)80285-9

 Gong, Y., Yang, K., Lin, Z., Fang, S., Wu, X., Zhu, R., et al. (2021). Remote estimation of leaf area index (LAI) with unmanned aerial vehicle (UAV) imaging for different rice cultivars throughout the entire growing season. Plant Methods 17, 88. doi: 10.1186/s13007-021-00789-4

 Gu, J., Su, Z., Gao, R., Wang, Y., Meng, Y., and Kong, Q. (2022). Improving QGA-ELM inversion model of rice leaf area index based on UAV remote sensing image. Mobile Inf. Syst. 2022, 9658966. doi: 10.1155/2022/9658966

 Haboudane, D., Miller, J. R., Pattey, E., Zarco-Tejada, P. J., and Strachan, I. B. (2004). Hyperspectral vegetation indices and novel algorithms for predicting green LAI of crop canopies: Modeling and validation in the context of precision agriculture. Remote Sens. Environ. 90, 337–352. doi: 10.1016/j.rse.2003.12.013

 Haboudane, D., Miller, J. R., Tremblay, N., Zarco-Tejada, P. J., and Dextraze, L. (2002). Integrated narrow-band vegetation indices for prediction of crop chlorophyll content for application to precision agriculture. Remote Sens. Environ. 81, 416–426. doi: 10.1016/S0034-4257(02)00018-4

 Haralick, R. M., Shanmugam, K., and Dinstein, I. (1973). Textural features for image classification. IEEE Trans. Systems Man Cybernetics SMC 3, 610–621. doi: 10.1109/TSMC.1973.4309314

 Hu, P., Chapman, S. C., Jin, H., Guo, Y., and Zheng, B. (2021). Comparison of modelling strategies to estimate phenotypic values from an unmanned aerial vehicle with spectral and temporal vegetation indexes. Remote Sens. 13, 2827. doi: 10.3390/rs13142827

 Huete, A. (1988). A soil vegetation adjusted index (SAVI). Remote Sens. Environ. 25, 295–309. doi: 10.1080/07038992.1996.10855178

 Ilniyaz, O., Kurban, A., and Du, Q. (2022). Leaf area index estimation of pergola-trained vineyards in arid regions based on UAV RGB and multispectral data using machine learning methods. Remote Sens. 14, 415. doi: 10.3390/rs14020415

 Imanishi, J., Sugimoto, K., and Morimoto, Y. (2004). Detecting drought status and LAI of two Quercus species canopies using derivative spectra. Comput. Electron. Agric. 43, 109–129. doi: 10.1016/j.compag.2003.12.001

 Ji, S., Gu, C., Xi, X., Zhang, Z., Hong, Q., Huo, Z., et al. (2022). Quantitative monitoring of leaf area index in rice based on hyperspectral feature bands and ridge regression algorithm. Remote Sens. 14, 2777. doi: 10.3390/rs14122777

 Jiang, Z., Huete, A. R., Didan, K., and Miura, T. (2008). Development of a two-band enhanced vegetation index without a blue band. Remote Sens. Environ. 112, 3833–3845. doi: 10.1016/j.rse.2008.06.006

 Jiang, X., Zhen, J., Miao, J., Zhao, D., Wang, J., and Jia, S. (2021). Assessing mangrove leaf traits under different pest and disease severity with hyperspectral imaging spectroscopy. Ecol. Indic. 129, 107901. doi: 10.1016/j.ecolind.2021.107901

 Kaplan, G., and Rozenstein, O. (2021). Spaceborne estimation of leaf area index in cotton, tomato, and wheat using sentinel-2. Land 10, 505. doi: 10.3390/land10050505

 Kayad, A., Rodrigues, F. A., Naranjo, S., Sozzi, M., Pirotti, F., Marinello, F., et al. (2022). Radiative transfer model inversion using high-resolution hyperspectral airborne imagery – Retrieving maize LAI to access biomass and grain yield. Field Crops Res. 282, 108449. doi: 10.1016/j.fcr.2022.108449

 Kokubu, Y., Hara, S., and Tani, A. (2020). Mapping seasonal tree canopy cover and leaf area using worldview-2/3 satellite imagery: A megacity-scale case study in Tokyo urban area. Remote Sens. 12, 1505. doi: 10.3390/rs12091505

 Li, B., Xu, X., Zhang, L., Han, J., Bian, C., Li, G., et al. (2020). Above-ground biomass estimation and yield prediction in potato by using UAV-based RGB and hyperspectral imaging. ISPRS J. Photogrammetry Remote Sens. 162, 161–172. doi: 10.1016/j.isprsjprs.2020.02.013

 Li, S., Yuan, F., Ata-UI-Karim, S. T., Zheng, H., Cheng, T., Liu, X., et al. (2019). Combining color indices and textures of UAV-based digital imagery for rice LAI estimation. Remote Sens. 11, 1763. doi: 10.3390/rs11151763

 Li, X., Zhang, Y., Bao, Y., Luo, J., Jin, X., Xu, X., et al. (2014). Exploring the best hyperspectral features for LAI estimation using partial least squares regression. Remote Sens. 6, 6221–6241. doi: 10.3390/rs6076221

 Li, X., Zhang, Y., Luo, J., Jin, X., Xu, Y., and Yang, W. (2016). Quantification winter wheat LAI with HJ-1CCD image features over multiple growing seasons. Int. J. Appl. Earth Observation Geoinformation 44, 104–112. doi: 10.1016/j.jag.2015.08.004

 Liu, Y., Fan, Y., Feng, H., Chen, R., Bian, M., Ma, Y., et al. (2024a). Estimating potato above-ground biomass based on vegetation indices and texture features constructed from sensitive bands of UAV hyperspectral imagery. Comput. Electron. Agric. 220, 108918. doi: 10.1016/j.compag.2024.108918

 Liu, Y., Fan, Y., Yue, J., Jin, X., Ma, Y., Chen, R., et al. (2024b). A model suitable for estimating above-ground biomass of potatoes at different regional levels. Comput. Electron. Agric. 222, 109081. doi: 10.1016/j.compag.2024.109081

 Liu, Y., Feng, H., Yue, J., Fan, Y., Jin, X., Zhao, Y., et al. (2022b). Estimation of potato above-ground biomass using UAV-based hyperspectral images and machine-learning regression. Remote Sens. 14, 5449. doi: 10.3390/RS14215449

 Liu, Y., Feng, H., Yue, J., Jin, X., Fan, Y., Chen, R., et al. (2024c). Improving potato AGB estimation to mitigate phenological stage impacts through depth features from hyperspectral data. Comput. Electron. Agric. 219, 108808. doi: 10.1016/j.compag.2024.108808

 Liu, S., Hu, Z., Han, J., Li, Y., and Zhou, T. (2022a). Predicting grain yield and protein content of winter wheat at different growth stages by hyperspectral data integrated with growth monitor index. Comput. Electron. Agric. 200, 107235. doi: 10.1016/j.compag.2022.107235

 Lu, Z., Deng, L., and Lu, H. (2022). An improved LAI estimation method incorporating with growth characteristics of field-grown wheat. Remote Sens. 14, 4013. doi: 10.3390/rs14164013

 Ma, Y., Zhang, Q., Yi, X., Ma, L., Zhang, L., Huang, C., et al. (2022). Estimation of cotton leaf area index (LAI) based on spectral transformation and vegetation index. Remote Sens. 14, 136. doi: 10.3390/rs14010136

 Merton, R., and Huntington, J. (1999). “Early simulation results of the ARIES-1 satellite sensor for multi-temporal vegetation research derived from AVIRIS,” in Proceedings of the eighth annual JPL airborne earth science workshop (Pasadena, CA, USA: Jet Propulsion Lab., California Inst. of Tech), 9–11.

 Merzlyak, M. N., Gitelson, A. A., Chivkunova, O. B., and Rakitin, V. Y. (1999). Non-destructive optical detection of pigment changes during leaf senescence and fruit ripening. Physiologia Plantarum 106, 135–141. doi: 10.1034/j.1399-3054.1999.106119.x

 Ochiai, S., Kamada, E., and Sugiura, R. (2024). Comparative analysis of RGB and multispectral UAV image data for leaf area index estimation of sweet potato. Smart Agric. Technol. 9, 100579. doi: 10.1016/j.atech.2024.100579

 Peñuelas, J., Gamon, J. A., Fredeen, A. L., Merino, J., and Field, C. B. (1994). Reflectance indices associated with physiological changes in nitrogen- and water-limited sunflower leaves. Remote Sens. Environ. 48, 135–146. doi: 10.1016/0034-4257(94)90136-8

 Qiao, D., Yang, J., Bai, B., Li, G., Wang, J., Li, Z., et al. (2024). Non-destructive monitoring of peanut leaf area index by combing UAV spectral and textural characteristics. Remote Sens. 16, 2182. doi: 10.3390/rs16122182

 Raj, R., Walker, J. P., Pingale, R., Nandan, R., Naik, B., and Jagarlapudi, A. (2021). Leaf area index estimation using top-of-canopy airborne RGB images. Int. J. Appl. Earth Observation Geoinformation 96, 102282. doi: 10.1016/j.jag.2020.102282

 Rama Rao, N., Garg, P. K., Ghosh, S. K., and Dadhwal, V. K. (2008). Estimation of leaf total chlorophyll and nitrogen concentrations using hyperspectral satellite imagery. J. Agric. Sci. 146, 65–75. doi: 10.1017/S0021859607007514

 Revill, A., Florence, A., MacArthur, A., Hoad, S., Rees, R., and Williams, M. (2020). Quantifying uncertainty and bridging the scaling gap in the retrieval of leaf area index by coupling sentinel-2 and UAV observations. Remote Sens. 12, 1843. doi: 10.3390/rs12111843

 Richardson, A. J., and Wiegand, C. (1977). Distinguishing vegetation from soil background information. Photogrammetric Eng. Remote Sens. 43, 1541–1552.

 Roujean, J.-L., and Breon, F.-M. (1995). Estimating PAR absorbed by vegetation from bidirectional reflectance measurements. Remote Sens. Environ. 51, 375–384. doi: 10.1016/0034-4257(94)00114-3

 Rouse, J. W., Haas, R. H., Schell, J. A., and Deering, D. W. (1974). Monitoring vegetation systems in the Great Plains with ERTS. NASA Spec. Publ 351, 309.

 Shi, Y., Gao, Y., Wang, Y., Luo, D., Chen, S., Ding, Z., et al. (2022). Using unmanned aerial vehicle-based multispectral image data to monitor the growth of intercropping crops in tea plantation. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.820585

 Sone, C., Saito, K., and Futakuchi, K. (2009). Comparison of three methods for estimating leaf area index of upland rice cultivars. Crop Sci. 49, 1438–1443. doi: 10.2135/cropsci2008.09.0520

 Stamatiadis, S., Taskos, D., Tsadilas, C., Christofides, C., Tsadila, E., and Schepers, J. S. (2006). Relation of ground-sensor canopy reflectance to biomass production and grape color in two merlot vineyards. Am. J. Enology Viticulture 57, 415–422. doi: 10.5344/ajev.2006.57.4.415

 Sun, J., Zhou, X., Hu, Y., Wu, X., Zhang, X., and Wang, P. (2019). Visualizing distribution of moisture content in tea leaves using optimization algorithms and NIR hyperspectral imaging. Comput. Electron. Agric. 160, 153–159. doi: 10.1016/j.compag.2019.03.004

 Tao, H., Feng, H., Xu, L., Miao, M., Long, H., Yue, J., et al. (2020). Estimation of crop growth parameters using UAV-based hyperspectral remote sensing data. Sensors 20, 1296. doi: 10.3390/s20051296

 Upreti, D., Huang, W., Kong, W., Pascucci, S., Pignatti, S., Zhou, X., et al. (2019). A comparison of hybrid machine learning algorithms for the retrieval of wheat biophysical variables from sentinel-2. Remote Sens. 11, 481. doi: 10.3390/rs11050481

 Verma, B., Prasad, R., Srivastava, P. K., Yadav, S. A., Singh, P., and Singh, R. K. (2022). Investigation of optimal vegetation indices for retrieval of leaf chlorophyll and leaf area index using enhanced learning algorithms. Comput. Electron. Agric. 192, 106581. doi: 10.1016/j.compag.2021.106581

 Verrelst, J., Camps-Valls, G., Muñoz-Marí, J., Rivera, J. P., Veroustraete, F., Clevers, J. G. P. W., et al. (2015). Optical remote sensing and the retrieval of terrestrial vegetation bio-geophysical properties – A review. ISPRS J. Photogrammetry Remote Sens. 108, 273–290. doi: 10.1016/j.isprsjprs.2015.05.005

 Vincini, M., Frazzi, E., and D’Alessio, P. (2006). “Angular dependence of maize and sugar beet Vis from directional CHRIS/PROBA data,” in Fourth ESA CHRIS PROBA Workshop (Frascati, Italy: ESRIN), 19–21.

 Wengert, M., Piepho, H.-P., Astor, T., Graß, R., Wijesingha, J., and Wachendorf, M. (2021). Assessing spatial variability of barley whole crop biomass yield and leaf area index in silvoarable agroforestry systems using UAV-borne remote sensing. Remote Sens. 13, 2751. doi: 10.3390/rs13142751

 Wulder, M. A., LeDrew, E. F., Franklin, S. E., and Lavigne, M. B. (1998). Aerial image texture information in the estimation of northern deciduous and mixed wood forest leaf area index (LAI). Remote Sens. Environ. 64, 64–76. doi: 10.1016/S0034-4257(97)00169-7

 Xue, L., Cao, W., Luo, W., Dai, T., and Zhu, Y. (2004). Monitoring leaf nitrogen status in rice with canopy spectral reflectance. Agron. J. 96, 135–142. doi: 10.2134/agronj2004.1350

 Yan, G., Hu, R., Luo, J., Weiss, M., Jiang, H., Mu, X., et al. (2019). Review of indirect optical measurements of leaf area index: Recent advances, challenges, and perspectives. Agric. For. Meteorology 265, 390–411. doi: 10.1016/j.agrformet.2018.11.033

 Yang, H., Li, F., Wang, W., and Yu, K. (2021). Estimating above-ground biomass of potato using random forest and optimized hyperspectral indices. Remote Sens. 13, 2339. doi: 10.3390/rs13122339

 Yu, T., Zhou, J., Fan, J., Wang, Y., and Zhang, Z. (2023). Potato leaf area index estimation using multi-sensor unmanned aerial vehicle (UAV) imagery and machine learning. Remote Sens. 15, 4108. doi: 10.3390/rs15164108

 Yue, J., Feng, H., Jin, X., Yuan, H., Li, Z., Zhou, C., et al. (2018). A comparison of crop parameters estimation using images from UAV-mounted snapshot hyperspectral sensor and high-definition digital camera. Remote Sens. 10, 1138. doi: 10.3390/rs10071138

 Yue, J., Yang, G., Tian, Q., Feng, H., Xu, K., and Zhou, C. (2019). Estimate of winter-wheat above-ground biomass based on UAV ultrahigh-ground-resolution image textures and vegetation indices. ISPRS J. Photogrammetry Remote Sens. 150, 226–244. doi: 10.1016/j.isprsjprs.2019.02.022

 Zarco-Tejada, P. J., Berjón, A., López-Lozano, R., Miller, J. R., Martín, P., Cachorro, V., et al. (2005). Assessing vineyard condition with hyperspectral indices: Leaf and canopy reflectance simulation in a row-structured discontinuous canopy. Remote Sens. Environ. 99, 271–287. doi: 10.1016/j.rse.2005.09.002

 Zhang, J., Cheng, T., Guo, W., Xu, X., Qiao, H., Xie, Y., et al. (2021a). Leaf area index estimation model for UAV image hyperspectral data based on wavelength variable selection and machine learning methods. Plant Methods 17, 49. doi: 10.1186/s13007-021-00750-5

 Zhang, T., Jiang, X., Jiang, L., Li, X., Yang, S., and Li, Y. (2022a). Hyperspectral reflectance characteristics of rice canopies under changes in diffuse radiation fraction. Remote Sens. 14, 285. doi: 10.3390/rs14020285

 Zhang, J., Qiu, X., Wu, Y., Zhu, Y., Cao, Q., Liu, X., et al. (2021b). Combining texture, color, and vegetation indices from fixed-wing UAS imagery to estimate wheat growth parameters using multivariate regression methods. Comput. Electron. Agric. 185, 106138. doi: 10.1016/j.compag.2021.106138

 Zhang, Y., Ta, N., Guo, S., Chen, Q., Zhao, L., Li, F., et al. (2022c). Combining spectral and textural information from UAV RGB images for leaf area index monitoring in kiwifruit orchard. Remote Sens. 14, 1063. doi: 10.3390/rs14051063

 Zhang, X., Zhang, K., Sun, Y., Zhao, Y., Zhuang, H., Ban, W., et al. (2022b). Combining spectral and texture features of UAS-based multispectral images for maize leaf area index estimation. Remote Sens. 14, 331. doi: 10.3390/rs14020331

 Zhou, C., Gong, Y., Fang, S., Yang, K., Peng, Y., Wu, X., et al. (2022). Combining spectral and wavelet texture features for unmanned aerial vehicles remote estimation of rice leaf area index. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.957870




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2024 Fan, Liu, Fan, Yao, Chen, Bian, Ma, Wang and Feng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/im2.jpg





OEBPS/Images/M2.jpg
@





OEBPS/Images/fpls.2024.1492372_cover.jpg
& frontiers | Frontiers in Plant Science

Estimation of potato leaf area index based
on spectral information and Haralick
textures from UAV hyperspectral images





OEBPS/Images/fpls-15-1492372-g004.jpg
Pearson correlation coefficient

0.6

"450

550

650 750

Wavelength(nm)

850

950

Pearson correlation coefficient

0.8

05| (b)

0.4
0.2

00 | e e

|
b
(%)

&
=

FDSR

650 750
Wavelength(nm)

850

950





OEBPS/Images/fpls-15-1492372-g003.jpg
Measured LAI

[ 125%~75%

— median line

A average value

Tuber formation

Tuber growth

Starch accumulation





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Estimation of potato leaf area index based on spectral information and Haralick textures from UAV hyperspectral images

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Experiment design

          



          		

            2.2 Hyperspectral images acquisition and processing

          



          		

            2.3 LAI measurement

          



          		

            2.4 The extraction of spectral and textural feature

          

            		

              2.4.1 The extraction of FDSR

            



            		

              2.4.2 The extraction of VIs

            



            		

              2.4.3 The extraction of Haralick texture features

            



          



          



          		

            2.5 Statistical analysis and methodology

          



        



        



        		

          3 Results and analysis

        

          		

            3.1 Analysis of measured LAI

          



          		

            3.2 Correlation of LAI against hyperspectral image-derived features

          



          		

            3.3 Sensitive feature acquisition using SPA method

          



          		

            3.4 Estimation of LAI in multiple growth stages of potato

          



          		

            3.5 Applicability of estimated LAI for different growth stages

          



          		

            3.6 Mapping potato LAI

          



        



        



        		

          4 Discussion

        

          		

            4.1 Response of spectral and texture features to LAI

          



          		

            4.2 Optimization of model parameters

          



          		

            4.3 Performance evaluation of LAI estimation model

          



          		

            4.4 Advantages and limitations of research

          



        



        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/fpls-15-1492372-g008.jpg
4.0 5 4.0 5 4.0 >
35f @ 35L ® 35 © 7
30t 2 sof v 3.0
<25 225 <25
= e 525
3 3 3
w20 20 %20
: : :
Zist Zist Z1s
y = 0.67%x10.43 y = 0.63%x+0.51 y = 0.82%x+0.34
Rl R’=0.76 L0 R’=0.64 Lo R’=0.71
ol RMSE=0.33 isl Tt e RMSE=0.34 0is RMSE=0.39
: . NRMSE=23.01% =F NRMSE=25.25% : NRMSE=28.27%
0.0 L~ 1
00 05 10 15 20 25 30 35 40 00 05 1.0 15 20 25 30 35 40 00 05 10 15 20 25

Measured LAI

Measured LAI

Measured LAI

3.0 35

4.0





OEBPS/Images/im7.jpg





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/im10.jpg





OEBPS/Images/table3.jpg
Features

OSR 462, 474, 514, 542, 594, 674, 694, 714, 798, and 914 nm
FDSR 466, 486, 502, 506, 670, 778, and 946 nm
VIs EVI, GNDVI, NDRE, NRI, PSRI, PSND, PBI, RVSI
Inverse difference moment, Inertia, Cluster shade, Mean, Sum of
Haralick squares: variance, Sum average, Difference entropy,
textures Information measures of correlation IC1, Low grey-level run
emphasis, Long run low grey-level emphasis
650, 710, 886, and 922 nm (OSR); 478, 530, 586, 630, 702, 738,
All and 770 nm (FDSR); GNDVI, NDRE, TCARTJ; Inertia, Cluster

shade, Short run high grey-level emphasis





OEBPS/Images/im3.jpg





OEBPS/Images/fpls-15-1492372-g005.jpg
< < =3 =3 (=3
Q < 35 @ S
T 7 T e ik

N
W4
N T
O\

1.00
0.80
0.60
0.40
0.20
0.00

\\/ON\

WAL T
000000
\OINNION
\OON/ I NI
00\ 000000
AN7ONANN/ 0N
70\ 00\/ /8

\OO\/ /7 8/
NTATA AT L e \ Y
\I/0/N0/ N0/ \N\/ O\
A\NZ770/N0/7807\\/ O\
N ZNNONFONION 7 N\ -

SONNNNN

NAZNNNNN

SANANNNNN

AR R REARR

SANNNNANNNNN

NAZLL/IN/ /1 /

NZANNNANZNANNN
SNNNNNNANNNNY
ANNNNNNNAANNNNN
NOI/INIIIIINII Y/
AONSNANNNNNANNNGY
SNAANNUNNNNNANNNNN
SOANAANNNNNNNNANNNNN

AR AR R AR R R AR

AR R AR R AR R R VARNNYY
SAONNNNAANNAANNNN A NNNNN
SAONNNNE AN NNNNNANNNNY
ALLRR R RS EAR MR R R VAR
ALLRL LR LY ZA RR VL R R EA R R R A
AR LR RN N ARG VAR R VAR MR L VARRRLY
AL LR L L RN NE ZA L R L R R VARG MY
ALLLL LM RN 0N Z R R VA L L RN VAR Y
SOV NNNNNANNNN

DAYD %5 6 A B ADIHE IO OL DO PNV APAFAD SN DD

N

12345678901234567890]2

et e et et et e 7t 1t et et O] O]

LAI [7





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-15-1492372-g009.jpg
(b) Tuber growth

N

LAI

P <100
1.00 - 1.50

1.50 - 2.00

2.00 - 2.50

T 2:50-3.00

0 42585 17 255 34

(c) Tuber accumulation






OEBPS/Images/M1.jpg
LA =

Wi+ w2)
IXWI

xSxM

)





OEBPS/Images/im8.jpg
i+l





OEBPS/Images/M5.jpg
©






OEBPS/Images/fpls-15-1492372-g006.jpg
X4 X2 X4 X3 X4 X3
(a) R¥(Cal) (b) RMSE(Cal) (¢) NRMSE(Cal)

X4 X3 X4 X3 X4 X3
(d) R¥(Val) (¢) RMSE(Val) (f) NRMSE(Val)





OEBPS/Images/im9.jpg





OEBPS/Images/fpls-15-1492372-g001.jpg
P plots
(18 plots)

.
0 650 1300 2,600 km Nplots 3
L 111

(24 plots)






OEBPS/Images/im4.jpg





OEBPS/Images/M4.jpg





OEBPS/Images/im5.jpg
Ryi-yy





OEBPS/Images/table2.jpg
Type

of textures

1 Energy

2 Entropy

3 Correlation

4 Inverse difference moment

simple

5 Inertia

6 Cluster shade

7 Cluster prominence

8 Haralick correlation

9 Mean

10 Sum of squares: variance

11 Dissimilarity

12 Sum average

13 Sum variance

advanced 14 Sum entropy

15 Difference variance

16 Difference entropy

17 Information measures of
correlation IC1

18 Information measures of
correlation IC2

19 Short run emphasis

20 Long run emphasis

21 Grey-level nonuniformity

22 Run length nonuniformity

23 Run percentage

24 Low grey-Level
run emphasis

higher order

25 High grey-Level
run emphasis

26 Short run low grey-
level emphasis

27 Short run high grey-
level emphasis

28 Long run low grey-
level emphasis






OEBPS/Images/im12.jpg





OEBPS/Images/fpls-15-1492372-g007.jpg
4.0

35

ks
n

Do
=

[

Estimated LAI
n

-
o

&
n

5
>

—_

Estimated LAI
in

4.0 4.0
y=0.59x + 0.56 y=0.68x + 0.46 y=0.63x + 0.49
R=0.51 SR04 (b) 351 R=0.63
RMSE=0.48 = RMSE=0.50 RMSE=0.41
NRMSE=36.48% 30 NRMSE=36.35% S o 2 30 NRMSE=31.32%
]
S5t &) o 25t
= ° |
3 ol . 3
E 2.0 - ° .‘. ‘e . * 2201
L)
2 1.5F = b w2 ® '5 1.5
=R e o6 o =
y=0.61x+0.71 A y=0.68x + 0.46 y =0.66x +0.57
R*=0.52 -, P R*=0.55 1.0 o* R=0.63
RMSE=0.40 % Yl RMSE=0.39 RMSE=0.34
NRMSE=27.24% 0.5 NRMSE=26.23% 0.5 NRMSE=22.84%
(]
4 1 1 1 1 0'0 1 1 1 1 1 1 1 0'0 1 1 1 1
00 05 1.0 15 20 25 30 35 40 00 05 1.0 15 20 25 30 35 4.0 00 05 1.0 15 20 25 30 35 4.0
Measured LAL Measured LAL Measured LAL
4.0
y=0.42x +0.77 y=0.70x + 0.41
R>=0.45 (d) 3.5 R%=0.68 (e)
RMSE=0.50 RMSE=0.38
NevisEad 301 SE=29.04% ibrati
NRMSE=38.18% NRMSE=29.04% o - o Chlibration cet
32.5 L ® Validation set
Ezo- < < —— 1:1 Fitted line
g Cocy > ——— Fitted line(Cal)
= °® v %
Q15F S Fitted line(Val)
03 (1]
y = 0.44x + 0.89 10k f'. o o° y=0.71x + 0.48
R=0.45 k] .. R*=0.70
RMSE=0.41 05t % . RMSE=0.30
NRMSE=27.60% NRMSE=20.28%
X 1 1 1 1 1 0'0 1 15 A § 1 1 1 1
00 05 1.0 15 20 25 30 35 40 00 05 1.0 15 20 25 30 35 40

Measured LAT Measured LAT





OEBPS/Images/M3.jpg
)





OEBPS/Images/fpls-15-1492372-g002.jpg
Data collection

Platform

Feature extraction

=
2
=1
153
=
S
o
S
<
<
=
=
5}

Training
Dataset
(70%)
Hyperspectral images P |
ﬂ VIs
Digital Orthophoto Map
(DOM)
B FDSR
Principal Component Analysis —
(PCA) : ! Haralick textures
aset
Field survey
Sampling —>  Leafarea index Test
: ‘ Dataset
(30%)
Indoor measurement

Model construction
Using OSR
. Using OSR + VIs + FDSR
Usinzv + Haralick textures
L Using FDSR i
- i
Using Haralick Four
type of
textures <
variable
C Successive Projection Algorithm (SPA)
PLSR RFR PLSR
Accuracy evaluation
Modeling methods
OSR-based VIs-based FDSR-based Evaliation metrics
OSR + Vls + FDSR + Haralick textures -based R?
RMSE
PLSR RFR PLSR
oo @ @
Optimal LAI estimation for potato






OEBPS/Images/im1.jpg
FDSR;





OEBPS/Images/im6.jpg
Ry





OEBPS/Images/table1.jpg
Vis

rmula

Reference

Difference vegetation index (DVI) 1 Rgo0-Re70 (Richardson and
Wiegand, 1977)
Enhanced vegetation index (EVI) 2 2.5%(Rgoo-Re70)/(Rspo+6X Re70-7.5%Ryso+1) (Ahamed et al,, 2011)
Enhanced vegetation index2 (EVI2) 3 2.5%(Rgo0-Re70)/(Rgoo+2.4xRgro+1) (Jiang et al,, 2008)
Green normalized-difference vegetation index (GNDVI) 4 (R750-Rs50)/(R750+Rss0) (Gitelson et al., 1996)
Greenness index (GI) 5 Rs54/R65; (Zarco-Tejada et al., 2005)
Linear combination index (LCI) 6 (Rsso-Ro10)/(Rsso+Rezo) > (Datt, 1999)
Modified chlorophyll-absorption ratio index (MCARI) 7 ((Ry00-Re70)-0.2%(R700-Rs50)) (Ry00/Rs70) (Haboudane et al., 2002)
Modified simple ratio index (MSR) 8 (Rgo0/Re70-1)/(Rsoo/ Rezo+1)""? (Chen, 1996)
Modified soil adjusted vegetation index (MSAVI) 9 0.5x[2xRg0+1-((2xRgoo+1)>-8x(Rgoo- (Haboudane et al., 2002)
Reno)'?]
Modified triangular vegetation index 1 (MTVI1) 10 1.2x[1.2X(Rgg0-Rss0)-2.5(Rs70-Rss0) ] (Haboudane et al., 2004)
Modified triangular vegetation index 2 (MTVI2) 1 é:(;i;iﬁfs:ﬁ”xﬁ’:::Xs(;:z:;"af;”;;,/,z e
Normalized-difference vegetation index (NDVI) 12 (Rsoo0-Res0)/(Rsoo+Reso) (Rouse et al., 1974)
Normalized difference red edge (NDRE) 13 (Ryo0-Ry20)/(Ryo0+R720) (Fitzgerald et al., 2010)
Normalized pigment chlorophyll ratio index (NPCI) 14 (Re7o-Raso)/(Reo+Rago) (Pefiuelas et al., 1994)
Normalized difference index (NDI) 15 (Rsso-Ry10)/(Rsso+Reso) (Apan et al,, 2003)
Nitrogen reflectance index (NRI) 16 (Rs70-Re70)/(Rs70+Re70) (Barnes et al., 1992)
Optimizing soil-adjusted vegetation index) (OSAVI) 17 1.16%(Rso0-Re0)/(Rsoo+Rer+0.16) (Li et al., 2016)
Plant senescence reflectance index (PSRI) 18 (Reso~Rs00)/Rys0 (Merzlyak et al., 1999)
Pigment-specific normalized difference (PSND) 19 (Rso0-R170)/(Rgoo+Ri70) (Blackburn, 1998)
Plant biochemical index (PBI) 20 Rg10/Rs0 (Rama Rao et al., 2008)
Ratio vegetation index (RVI) 21 Rg10/Res0 (Xue et al., 2004)
Renormalized-difference vegetation index (RDVI) 22 (Rso0-Rs70)/(Rsoo+Rez0) 2 (Roujean and Breon, 1995)
Ratio analysis of reflectance spectra (RASI) 23 R760/Rs00 (Chappelle et al., 1990)
Red-edge vegetation stress index (RVSI) 24 [(R712+R752)/2]-R732 (Merton and Huntington, 1999)
Soil-adjusted vegetation index (SAVI) 25 1.5%(Rg00-Re70)/ (Rgoo+Re70+0.5) (Huete, 1988)
Spectral-polygon vegetation index (SPVI) 26 0.4%[3.7%(Rs00-Re70)-1.2x|Rsso-Rezol ] (Vincini et al., 2006)
Triangular vegetation index (TVI) 27 0.5%[120%(R;50-Rs50)-200x(Rs70-Rss0)] (Broge and Leblanc, 2001)
Transformed chlorophyll absorption ratio index (TCARI) 28 3x[(R710-Res0)-0-2X(R700-Rs60) (R710/ Reso)] (Haboudane et al., 2002)
Visible atmospherically resistance index (VARI) 29 (Rss5-Res0)/ (Rsss+Rsso-Raso) (Gitelson et al., 2003)
Wodified wide dynamic range vegetation 30 (0.1xRs00-Re70)/(0.1xRso0+Rez0) (Stamatiadis et al., 2006)

index (WDRVI)





OEBPS/Images/im11.jpg





