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Abstract

:

In recent years, grassland degradation has become a global ecological problem. The identification of degraded grassland species is of great significance for monitoring grassland ecological environments and accelerating grassland ecological restoration. In this study, a ground spectral measurement experiment of typical grass species in the typical temperate grassland of Inner Mongolia was performed. An SVC XHR-1024i spectrometer was used to obtain field measurements of the spectra of grass species in the typical grassland areas of the study region from 6–29 July 2021. The parametric characteristics of the grass species’ spectral data were extracted and analyzed. Then, the spectral characteristic parameters + vegetation index, first-order derivative (FD) and continuum removal (CR) datasets were constructed by using principal component analysis (PCA). Finally, the RF, SVM, BP, CNN and the improved CNN model were established to identify Stipa grandis (SG), Cleistogenes squarrosa (CS), Caragana microphylla Lam. (CL), Leymus chinensis (LC), Artemisia frigida (AF), Allium ramosum L. (AL) and Artemisia capillaris Thunb. (AT). This study aims to determine a high-precision identification method based on the measured spectrum and to lay a foundation for related research. The obtained research results show that in the identification results based on ground-measured spectral data, the overall accuracy of the RF model and SVM model identification for different input datasets is low, but the identification accuracies of the SVM model for AF and AL are more than 85%. The recognition result of the CNN model is generally worse than that of the BP neural network model, but its recognition accuracy for AL is higher, while the recognition effect of the BP neural network model for CL is better. The overall accuracy and average accuracy of the improved CNN model are all the highest, and the recognition accuracy of AF and CL is stable above 98%, but the recognition accuracy of CS needs to be improved. The improved CNN model in this study shows a relatively significant grass species recognition performance and has certain recognition advantages. The identification of degraded grassland species can provide important scientific references for the realization of normal functions of grassland ecosystems, the maintenance of grassland biodiversity richness, and the management and planning of grassland production and life.
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1. Introduction


Grassland ecosystems play an important role in global climate change [1], play an irreplaceable role in water conservation biodiversity protection and provide a steady increase in carbon sinks [2]. Adequate grassland resources and healthy grassland ecosystems are essential for maintaining high levels of grassland livestock production, ensuring food security and meeting the basic needs of local pastoralists [3,4]. In recent years, under the dual influence of human activities and natural factors, grasslands have been degraded to varying degrees, and it seems to have become one of the global ecological problems [5,6]. The grassland degradation situation in China is particularly serious, with more than 90% of the grassland in a degraded state [7], which threatens the ecological security of grasslands in China. Changes in grassland vegetation community structure are synergistic with grassland degradation [8]. Grassland degradation forces vegetation to develop coping strategies, and the grass seed community structure changes accordingly, making the grass seed community structure index an important part of the grassland degradation index system. The composition of grass seed community structure indicators includes degraded indicator plant populations, dominant indicator plant populations, community species composition, community spatial regularity, population density, and population proportion; thus, the identification results of grass species can be used as the basis for changes in grass species community structure [9]. Therefore, the identification of degraded grassland species is of great significance for monitoring grassland ecological environments and accelerating grassland ecological restoration. The high-precision identification results can lay a solid data foundation for grassland resource surveys.



The identification of vegetation species is generally based on the external characteristics of plants. Compared with other external organs (such as roots, stems and flowers), the leaves of plants are easier to collect and obtain. Therefore, it is the most direct and effective method to use the leaf characteristics of vegetation to identify the types of vegetation species. The earliest methods for obtaining vegetation leaf length, leaf aspect ratio, leaf edge serrations and other traits by manual measurements involved heavy workloads, low work efficiency and difficulties in guaranteeing data objectivity.



With the continuous refinement of vegetation species identification techniques and methods, various scientific methods have been proposed by domestic and foreign scholars for the classification of vegetation species, including spectral characteristic parameter analysis [10,11], spectral mixture analysis [12,13] and the vegetation index [2]. Models such as the random forest model [14] and artificial neural networks [15] were used for grass seed identification. The combination of measured spectral data and hyperspectral remote sensing image data, based on parameters such as the vegetation index and spectral characteristics, and statistical analysis methods (such as partial least squares regression analysis, one-way analysis of variance and linear discriminant analysis) can not only extract the effective feature bands for vegetation classification and accurately identify vegetation types [16] but also distinguish newly grown vegetation from all vegetation [17].



In recent years, hyperspectral remote sensing technology has been widely used in grass species identification research, and the identification results significantly improved [18]. Hyperspectral remote sensing data have superior characteristics that multispectral data cannot match, i.e., high spectral resolution and rich spectral dimension information. It can quantitatively analyze weak spectral characteristic differences in the process of grassland degradation and can also estimate the community characteristic parameters of grassland degradation vegetation, making it far more capable of grassland degradation monitoring than multispectral remote sensing [19]. However, traditional grassland hyperspectral research is limited to the analysis and comparison of spectral reflectance characteristics [20]. There are two general ideas. One involves using spectral transformation processing based on measured spectral data (such as continuum removal, spectral feature parameter extraction and vegetation index extraction) to analyze vegetation spectral features; the other involves using mathematical statistical analysis methods (such as regression analysis and correlation analysis) to analyze the characteristic bands of the spectrum of various types of grass species [21,22,23]. Research on vegetation species identification using various hyperspectral data information extraction methods shows that hyperspectral remote sensing has more clear advantages than multispectral remote sensing in terms of vegetation species identification [15]. The abovementioned studies show that hyperspectral remote sensing technology has strong applicability and feasibility in grass species identification and has great development potential.



In recent years, with the development and improvement of artificial intelligence theories and applications, artificial neural networks (ANNs) as data mining technology—such as back propagation (BP) neural networks, multilayer perceptron (MLP) neural networks and convolutional neural networks (CNNs)—have been gradually introduced into the field of grassland identification research [24]. Artificial neural networks can process information by imitating the operation mechanism of the human brain. It has outstanding self-learning, self-organizing and self-adaptive characteristics, showing a strong fault-tolerant ability and a high degree of parallel and distributed processing information and nonlinear expression capabilities. In the field of spectral analysis, the application of ANNs covers many aspects and has become the most widely used pattern recognition technology in spectral analyses [25]. Aiming at the ground-measured spectrum, the BP neural network model can effectively classify the spectral characteristics of different grass species with high accuracy by mining data effectively, thereby identifying grass species [24]. Moreover, studies have shown that the MLP neural network model has high recognition accuracies for natural grasslands in various phases and small changes over time [26].



Currently, there are few high-precision identification methods for the identification of constructive and degraded grass species in typical temperate grasslands. This study made full use of field-measured spectral data to extract and analyze the parametric features of the grass species’ spectral data to distinguish the characteristic differences among various grass species to the greatest extent. Combined with the learning and analysis abilities of the neural network model, the accurate identification of constructive and degraded grass species in typical temperate grasslands can be realized. At the same time, compared with other identification methods, the identification method of ground spectral remote sensing data suitable for typical grassland species was determined. This study aims to realize the accurate identification of constructive and degraded grass species in typical temperate grasslands and provide an important research basis for the degradation monitoring and ecological restoration of typical temperate grasslands in China.




2. Materials and Methods


2.1. Study Area


The typical temperate steppe of Xilingol League was taken as the research area in this study. It is located at 115°44′–115°56′ E and 44°46′–45°04′ N; the size of the area is about 228.211 km2, and it is located at the junction of East Ujimqin Banner and Xilinhot City, Xilingol League, Inner Mongolia, China (Figure 1). It belongs to the central region of the Inner Mongolia Plateau, and the terrain is relatively flat, with high-altitude terrain in the north and low-altitude terrain in the south. The study area is characterized by cold weather, high wind, little rain, long periods of sunshine, large temperature differences and strong evaporative power. It is dry and windy in spring seasons, rainy and hot in summer seasons, and cold in winter seasons due to Mongolia’s high air pressure. The typical temperate steppe in the study area is mainly composed of Stipa grandis as the constructive species community and Cleistogenes squarrosa as the constructive species community. With the change in the environment and the further development of grassland degradation in this area, communities dominated by degraded grass species such as Caragana microphylla Lam., Artemisia frigida and Allium ramosum L. gradually emerged.




2.2. Data and Preprocessing


Based on the vegetation type distribution map [27], historical measured data and the specific conditions of the experimental area, ground spectral measurements were performed in the study area. The plant species included Stipa grandis (SG), Leymus leymus chinensis (LC), Artemisia frigida (AF), Allium ramosum L. (AL), Caragana microphylla Lam. (CL), Artemisia capillaris Thunb. (AT) and Cleistogenes squarrosa (CS) (Figure 2).



2.2.1. Data Acquisition


(1) Sample Plot Setting



According to the vegetation type distribution map, previous research data and historical field experiment data, the sample plots with dense grass species distributions and research potential within the study area were selected in advance. In the field experiment, the preset sample plots were adjusted according to the specific conditions, and the optimal sample plots were selected to meet the research needs.



(2) Quadrat Setting



To consider the dominant grass species, degraded types and the quantity of distribution in the sample plots, we randomly set up four 1 × 1 m sample plots every 30 × 30 m for spectral collection (Figure 3). Attention should be given to the selection of ground sampling points that can best reflect the homogeneity of vegetation and soil in the study area in the process of setting and laying the sample plots.



(3) Spectra collection



An SVC XHR-1024i spectrometer was used to conduct field measurements of the grass species spectra in typical grassland areas from 6 July to 29 July 2021. The measurement was performed in sunny, windless or light weather, and the observation time was controlled and took place between 10:00 a.m. and 14:00 p.m. every day. A white board was used to calibrate the spectrometer before conducting measurements. The spectrometer probe should be approximately 1 m away from the vegetation so that the target vegetation in the quadrat fills the entire field of view of the probe. During the measurement, the grass species targeted by the spectrometer and the dominant grass species in the plot were recorded. For each species in each quadrat, ensuring at least 3 repeated measurements is required, and they are averaged in a follow-up measurement.




2.2.2. Data Preprocessing


Spectral reflectance data obtained by field measurements are subject to different interferences in the process of acquisition and transmission, which reduced the quality of spectral data and had a direct impact on the identification results of grass species. Therefore, it is necessary to smooth and denoise the measured data to improve data quality. First, the measured spectral data are screened, the abnormal spectral data are removed, and the mean value of the spectral data is calculated. Then, the moving average method—a method used to calculate the mean value of a certain point within a certain range on the spectral curve to replace the raw value of the point—is used to smooth and denoise the spectral data, as shown in Equation (1) [28]:


   R i ′  =  1  2 k + 1    (   R  i + 1   +  R  i − k + 1   + ⋯ +  R i  + ⋯ +  R  i + k    )  ,  



(1)




where    R i ′    reflects the reflectance of the sample at point i, which ranges from 1 to n.



The nine-point weighted moving average method is based on the principle of the moving average method. The weight of each point is attached to the distance between the four points before and after a point on the curve, and the distance is inversely proportional to the weight [28]:


   R i ′  = 0.04  R  i − 4   + 0.08  R  i − 3   + 0.12  R  i − 2   + 0.16  R  i − 1   + 0.20  R i  + 0.16  R  i + 1   + 0.12  R  i + 2   + 0.08  R  i + 3   + 0.04  R  i + 4   ,  



(2)




where    R i ′    reflects the reflectance of the sample after smoothing. i − 4 to i + 4 represent nine points that are weighted, with i as the origin.



In this study, the nine-point weighted moving average method was selected as the smoothing and denoising method in order to calculate the measured spectral data and to complete data preprocessing.





2.3. Methodology


2.3.1. Feature Extraction of Ground-Measured Data


(1) Spectral Derivative



A spectral transformation is the deep processing of grass species spectral data by using mathematical transformations. After the grass species spectrum is spectrally transformed, spectral features will be enhanced, which will help amplify the spectral changes between the grass species and improve the separability of grass species. Common spectral transformation methods include spectral derivative transformations and continuum removal transformations. The first-order derivative (FD) spectrum is the first derivative of the grass species spectral data that is solved (i.e., the slope of the grass species spectral curve), which can reflect the change speed of the raw data and play a role in enhancing the difference between grass species. Equation (3) shows the calculation formula of the FD spectrum [29]:


  F  D  λ  ( i )    =    R  λ  (  i + 1  )    −  R  λ  (  i − 1  )      Δ λ   ,  



(3)




where   F  D  λ  ( i )      is the value of the FD spectrum at point i, i is the midpoint of band i − 1 and band i + 1.    R  λ  (  i + 1  )      is the value of reflectance at band i + 1,    R  λ  (  i − 1  )      is the value of reflectance at band i − 1, and   Δ λ   is the distance between band  i  − 1 and band  i  + 1.



(2) Continuum Removal



Continuum removal, also known as envelope removal, is a normalization of spectral data so that the spectral absorption characteristics of various grass species can be compared under one criterion. The continuum removal process can enhance and expand the absorption features of the grass species spectral data, thereby highlighting the differences in spectral features between grass species [18]:


  C  R i  =    R i     R  H i     ,  



(4)






   R  H i   =  R  s t a r t   + K ×  (   μ i  −  μ  s t a r t    )  ,  



(5)






  K =    R  e n d   −  R  s t a r t      μ  e n d   −  μ  s t a r t     ,  



(6)




where   C  R i    is the value of the continuum at band  i ,    R i    is the value of reflectance at band  i ,    R  H i     is the magnitude of the Hull value at band  i ,  K  is the slope of Hull at the selected absorption start point to end point,    R  s t a r t     is the value of reflectance at the absorption start point,    R  e n d     is the value of reflectivity at the absorption end point, and    μ  s t a r t       and    μ  e n d     are the wavelengths corresponding to the absorption start and end points, respectively.



(3) Spectral Characteristic Parameters



The spectral dimension information of the measured spectral data is extremely rich, which provides the possibility for the rational and effective use of the data, but at the same time, a large amount of data and redundant data result, which lead to an increase in the amount of calculation and a decrease in efficiency in the specific application process and is not conducive for the identification of grass species. Therefore, 6 three-edge parameters, 4 peak-valley parameters, 3 three-edge area parameters, and 7 spectral characteristic parameters were selected as spectral characteristic parameters for calculation and analysis in this study (Table 1).



The amplitude of the three edges is the maximum value of the FD within a certain range. The position of the three edges is the wavelength corresponding to the amplitude of the three edges. The area of the three edges is the sum of the FD values within a certain range. The blue edge corresponds to 490–530 nm, the red edge corresponds to 560–640 nm, and the yellow edge corresponds to 560–640 nm.



The chlorophyll contained in plant leaves can strongly absorb most of the energy of red and blue light. The “green peak and red valley” in the visible light range is the key difference between the raw spectrum of vegetation and that of other ground objects. The green peak amplitude is the maximum reflectance in the range of 510–560 nm, the green peak position is the wavelength corresponding to the green peak amplitude, the red valley peak is the minimum reflectance in the range of 640–680 nm, and the red valley position is the wavelength corresponding to the red valley amplitude.



(4) Vegetation Index



The vegetation index method calculates the spectral reflectance of a specific band and amplifies the difference in spectral characteristics between grass species in the form of a vegetation index. The normalized difference vegetation index (NDVI), ratio vegetation index (RVI), difference vegetation index (DVI), modified soil adjusted vegetation index (MSAVI), transformed vegetation index (TVI) and renormalized difference vegetation index (RDVI) were selected for research. As shown in Table 2, the vegetation indices of 6 grass species were calculated according to the calculation formula. Bands    B 3    and    B 4    in the table are obtained by averaging the spectral reflectance within a certain range, where band    B 3    corresponds to 620–670 nm and band    B 4    corresponds to 841–876 nm.




2.3.2. Establishment of Grassland Species Recognition Models


Grassland species recognition in the study area was conducted based on ground-measured spectral data. First, the feature extraction method based on principal component analysis (PCA) was used to reduce the dimensions of the grass species’ spectral data, FD and CR data and to build datasets. Then, the algorithms of RF, SVM, BP neural network and CNN were used to establish the recognition models that are applicable to the measured spectral data in order to identify and analyze the grass species and to study high-precision recognition methods.



(1) Feature Extraction Based on PCA



PCA is a multivariate statistical analysis method that can transform multiple indicators in the high-dimensional space of the raw data via their internal structural relationships to obtain a few mutually independent composite indicators in the low-dimensional space while retaining most information of the original indicators. In the process of applying PCA, multiple independent variables in the raw spectrum are linearly fitted based on the principle of maximum variance, and the original high-dimensional variables are replaced by the converted low-dimensional variables. Usually, the first few principal components that can represent T% of all feature information (T is generally higher than 80%) are selected to reduce the dimensionality of the data. PCA can not only replace the original indicators in the high-dimensional space with a few unrelated principal component factors to reduce the crossover and redundancy of the raw information, but it can also eliminate the need to manually determine the weights, obtain the internal structural relationships between the indicators via the analysis of the raw data and then obtain the weight according to the correlation and variability existing between the indicators, thus making the calculation results more scientific and reliable [40].



Hyperspectral data have many raw wave bands and high dimensionality. The FD and CR datasets can be calculated from the raw spectrum, which further enriches the spectral information of the data and highlights the differences in spectral features among grass species. The PCA method can extract the most effective features from the high-dimensional spectral information, which is conducive to the efficient recognition of grassland plant species.



(2) Establishment of SVM Models



The SVM algorithm is a model based on the Vapnik–Chervonenkis dimension theory and the principle of structural risk minimization in statistics, which further improves the traditional machine model by avoiding the dimensionality disaster of calculating high-dimensional data in the process of learning and training so that it can demonstrate excellent generalization ability and better robustness for pattern recognition and can be applied to small sample learning [41].



The core component of SVM is to maximize the classification boundary, transfer the data to the high-dimensional space in the form of nonlinear mapping using the inner product kernel function and establish the optimal hyperplane for the division of the high-dimensional space. The calculation formula is shown in (7) [41].


  m i n φ  (  ω , b  )  =  1 2   (  ω ⋅ ω  )  ,  



(7)






   y i   |   (  ω ⋅  x i   )  + b  |  ≥ 1 ,     i = 1 , 2 , … , n ,  



(8)







The dot product in the optimal hyperplane is represented by the inner product   K    (   x i  ,   x  )   ′   ; that is, the data are mapped to a new space, and then the optimization function is calculated, as shown in (9) [41]:


  m a x  ( a )  =  ∑  i = 1  n   a i  −  1 2   ∑  i , j = 1  n   a i   a j   y i   y j   (   x i  ⋅  x j   )  ,  



(9)






   ∑  i = 1  n   y i   a i  = 0 ,  



(10)






   a i  ≥ 0 ,     i = 1 , 2 , … , n   ,  



(11)




where    a i    is the Lagrange multiplier, which corresponds to the sample one by one. The optimal solution of the quadratic function is calculated, and the calculation formula of the optimal classification function is obtained, as shown in (12) [41]:


  f  ( x )  = s g n  (   (  ω ⋅ x  )  + b  )  = s g n  [   ∑  i = 1  n   a i *   y i  k  (   x i  , x  )  +  b *   ]  ,  



(12)




where    b *    denotes the threshold value of classification, and   K ( x ,  x i  )   denotes the kernel function. There are three main types of kernel functions that are widely used in SVM algorithms: radial basis functions, polynomial kernel functions and neural network kernel functions.



(3) Establishment of BP Neural Network Models



The BP neural network is a multilayer feedforward neural network based on the backpropagation training algorithm. It has strong self-learning and adaptive capabilities. It takes the error of the network as the objective function and calculates the minimum value of the objective function based on the gradient search technique, which enhances the classification ability of the network. The damage to some neurons of the BP neural network will not have a fatal impact on the global learning and training of the network, and it can still operate normally with a certain degree of fault tolerance. It generally consists of three layers: an input layer, a hidden layer and an output layer. The BP neural network hidden layer is located between the input layer and output layer, which is not directly related to the outside, but the number of its nodes has a great influence on the network’s accuracy. Therefore, choosing a reasonable number of neurons in the output layer and hidden layer is beneficial for training the network and improving the recognition accuracy [42].



The computation process of the BP neural network can be divided into two stages, namely the forward computation process of the raw data and the back computation process. In the forward propagation process, the input data enter the network from the input layer and pass to the hidden layer, and the results are delivered to the output layer after layer-by-layer computational processing in the hidden layer. In this process, the neurons in each layer only influence the neurons in the next layer. When the output of the output layer does not reach the desired state, the network enters the backpropagation training process. The error of each layer is returned along the original path, and the weights of each neuron are corrected and learned so that the error is minimized.



The calculation formula is shown in (13) [42].    X i    represents the input of the neural network, and the input of each neuron in the hidden layer can be expressed as follows:


  f  ( x )  = s g n  (   (  ω ⋅ x  )  + b  )  = s g n  [   ∑  i = 1  n   a i *   y i  k  (   x  i ,   x  )  +  b *   ]  ,  



(13)




where    w  i j     denotes the weight of the  i  input layer neuron and the  j  hidden layer neuron,    θ j    denotes the threshold of the  j  hidden layer neuron, and both    w  i j     and    θ j    are adjusted in the direction of error reduction during the training process.



(4) Establishment of CNN Models



CNN is a type of neural network for deep supervised learning in the field of machine learning [43,44]. It can imitate the signal processing of the visual neural system to learn the deep features. Via parameter sharing and sparse connections, it solves the problem of having many parameters in traditional neural networks and is conducive for optimizing the network; on the other hand, it simplifies the model’s structure and reduces the risk of overfitting [44].



CNN generally includes an input layer, convolutional layer, pooling layer, fully connected layer and objective function. The training process of CNN is divided into two stages: forward propagation and backpropagation. In the forward propagation process, different modules, such as the convolution layer and pooling layer, are superimposed to gradually learn the original features of the input data and transfer them to the final objective function. In the backpropagation process, the objective function is used to balance the difference between the real value and the predicted value, and the objective function is used to update the weight and offset.



The input layer is the raw data transmitted into the entire neural network. The convolution layer is the core of the entire convolutional neural network. The network realizes the dimensionality reduction and feature extraction of data via the operation of the convolution layer. The calculation formula of the convolution layer is shown in (14) [44]:


   x j l  = f  (   ∑  i ∈  M j     x i  l − 1   ×  W  i j  l  +  b j l   )  ,  



(14)




where    x i l    is the feature mapping of the current layer,   f     is the nonlinear activation function,    x i  l − 1     is the mapping of the upper layer features,    M j    is the set of feature mappings,    W  i j  l    is the weight value corresponding to the filter at (  i , j  ) in the  l  layer, and    b j l    is the bias.



Nonlinear activation function  f  processes the linear output of the upper layer and can enhance the characterization ability of the model. The commonly used activation functions in the activation layer are ReLU, tanh and sigmoid, which are calculated by Equations (15)–(17) [44], respectively.


  f  ( x )  = m a x  (  0 , x  )  ,  



(15)






  f  ( x )  =    e z  −  e  − z      e z  +  e  − z     ,  



(16)






  f  ( x )  =  1  1 +  e  − z     ,  



(17)







The pooling layer, also known as the downsampling or subsampling layer, can effectively reduce the amount of computation, improve the network’s efficiency, enhance the generalization ability and prevent overfitting. Commonly used pooling layers include maximum pooling and average pooling, and their calculation formulas are (18) and (19) [45], respectively:


   P  u , v   m a x   =   max   i , j ∈  y  u , v      a  i , j   ,  



(18)






   P  u , v   a v e r   =  1   |   y  u , v    |     ∑  i , j ∈  y  u , v      a  i , j   ,  



(19)




where    P  u , v   m a x     denotes max pooling, i.e., the maximum value of the pooled domain;    P  u , v   a v e r     denotes average pooling, i.e., the average value of the pooled domain;    a  i , j     is the activation value of the pooled domain;    y  u , v     is the corresponding domain on the feature map.



The full connection layer combines the features transmitted at the lower layers, such as convolution and pooling, in the network to obtain high-level features and complete the classification task.



The objective function, also called the cost function or loss function, is the commander in chief of the entire convolutional neural network. The objective function generally includes the cost function and regularization. The backpropagation of the network is performed using the errors generated by the real values and predicted values of the samples to learn and adjust the network parameters.



The 1D CNN model set up in this study contains 6 convolutional layers and 3 pooling layers; finally, the softmax classifier is used to complete the recognition. Considering that the 1D CNN can only extract the spectral features of a single layer, there is a loss of detailed information; thus, the 1D CNN model is improved. By upsampling and merging pooling layers of different dimensions, multiscale features are fused, and an attention mechanism (AM) is introduced to redistribute the weight of different layers to obtain more spectral information features, thus improving the recognition performance of the 1D CNN. The improved network structure is shown in Figure 4.



(5) Dataset Construction



The input data applied to the model are derived from field-measured data, and the spectral feature parameters + vegetation index, spectral FD and CR data are calculated from the grass species spectra. PCA was carried out on the three sets of data, and the first k components were selected according to the cumulative contribution rate so that the cumulative contribution rate reached more than 90%, and the spectral characteristic parameters + vegetation index dataset, FD dataset and CR dataset were obtained. Each dataset contains 256 sample data. The above-mentioned three datasets are inputted into four recognition models, and the model automatically splits and disrupts the input dataset, using 70% of the data of each grass species as the training sample and 30% as the validation sample—that is, a total of 179 labeled data as the training set and 77 unlabeled data as the validation set. The validation set is set up to validate and compare the performance of individual models in identifying unknown spectral data.



(6) Accuracy Assessment



The overall accuracy (OA), producer’s accuracy (PA) and average accuracy (AA) are used to evaluate the recognition accuracy of each model [9].



The OA is calculated by Equation (20), which represents the ratio of the number of samples    ∑  i = 1  n   c  i i     correctly classified by the model classification method to the total number of samples    ∑  j = 1  n   ∑  i = 1  n   c  i j    . It can characterize the recognition performance of the entire classifier, which can reflect well the classification accuracy of the model and the overall error of the classification results. However, it is greatly affected by the sample’s distribution, especially when the sample distribution is unbalanced and there are too many samples of a certain category, which will have a significant impact on the OA of the classification results.


  O A =    ∑  i = 1  n   c  i i      ∑  j = 1  n   ∑  i = 1  n   c  i j     ,  



(20)







The PA can be calculated by Equation (21). It is the ratio of the number of samples    c  i i     correctly classified in each category to the total number of samples    ∑  i = 1  n   c  i j     in that category—that is, the probability that the category of any random sample in the validation sample is consistent with its real category in the classification result—reflecting the accuracy rate corresponding to each category.


  P A =    c  i i      ∑  i = 1  n   c  i j     ,  



(21)







The AA is shown in Equation (22). It is the average of the classification accuracy of each category. It represents the average of the percentage of correctly classified samples, giving each category the same degree of attention.


  A A =    ∑  i = 1  n  P  A i   n  =  1 n  ×  ∑  i = 1  n     c  i i      c  i j     ,  



(22)










3. Results


3.1. Ground-Measured Data Feature Analysis


3.1.1. Grass Species Spectra Analysis


Figure 5 shows the curve of the grass species spectral data after smoothing, with AL having the highest reflectivity at the green peak and CL having the smallest reflectance. At the red valley, the reflectance values of seven grass species are consistent with the order of the reflectance size at the green peak, among which the reflectivity of AL decreases more smoothly at the red valley, while the reflectance of the remaining six grass species decreases rapidly.




3.1.2. Spectral Derivative Feature Analysis


Figure 6 shows the FD spectral data curve of typical grassland species in the study area. The first smaller peak occurs in the range from 480 to 550 nm, and the size of this peak reflects the ability of this type of vegetation to reflect chlorophyll to a certain extent. The FD spectral data changes significantly around this peak, among which the FD value of AT is the greatest, followed by CS, and the FD value of AL and LC is small. The second largest peak of the FD spectral data occurs in the red band range of 680 to 750 nm, which is the strong absorption band of chlorophyll, where the seven grass species show significant differences. Among them, the FD spectral peak of AT is the largest, followed by CL, and the FD peak of SG and AL is small. Between the two peaks, the FD values of the seven grass species fluctuate less and show a roughly similar trend, among which AL maintains a larger spectral FD value than the other grass species, while CS and AT show lower FD values.




3.1.3. Continuum Removal Analysis


Figure 7 shows CR data for measured spectral data in the visible range. The differences between grass species in the range from 400 to 800 nm are significant, among which the CR value of AL is significantly higher than that of other grass species, followed by AF. There is a peak at approximately 550 nm (the green reflection peak in the raw spectrum), which has the most pronounced difference between AL and CL, while the difference between AT and CS is smaller. At approximately 680 nm, the peak shows a trough pattern, and the CR value rapidly increases after the valley. The trough value that appears here is the red valley in the grass species spectral data, where the difference between AL and CS is clear, while the difference between CL and AT, SG and AF is very weak.




3.1.4. Spectral Characteristic Parameters


From the calculation results of the spectral characteristic parameters in Table 3, the Eb of each grass species is not very different for the three-edge parameters. There is a certain gap in the red-edge position (Er); AF, AL and CS appear earlier, and SG, LC, CL and AT are located relatively behind. The yellow-edge position (Ey) shows a clearer difference: AL is the most forward; SG, LC and CS are in the center; AF, CL and AT are more in the back. For the three-edge amplitude, the red-edge amplitudes (Erm) of each grass species are more significant than the blue-edge amplitudes (Ebm) and the yellow-edge (Eym) amplitudes, with AL and CL being larger and AL being the smallest. The change in the three-edge area parameter is similar to the three-edge amplitude, the difference between the red-edge area (Era) is also the most significant, and the characteristics of its performance are similar to the differences between grass species reflected by the amplitude. It can be concluded that the differences between grass species in general are most evident in the spectral characteristic parameters of the red edge.



It can be seen from the results of seven spectral feature indices that the characteristics of the Pgm/Vrm value, Pgm-Vrm normalized value and Pgm-Vrm value of each grass species are similar, among which the value of AL is the lowest and the value of CS is the greatest. The variation characteristics of the Era/Eba value and Er-Eb normalized value are consistent, with AL being the lowest and LC being the greatest. The variation characteristics of the Era/Eya value and Er-Ey normalized value are consistent with the greatest value of AL and the lowest value of CS, respectively.




3.1.5. Vegetation Index


As shown in Table 4, the vegetation indices of each grass species are calculated based on their mean spectra. The differences in the characteristics of each grass species on the six planting indices were basically the same, with the values of CS, CL and LC always maintaining high values, the values of SG, AF and AL remaining stable in the middle and the values of AL remaining the lowest. Among them, the RVI value of each grass species is substantially greater than the value of other vegetation indices, which makes the difference in the RVI of the seven typical grass species more significant.





3.2. Grassland Species Identification Based on Ground-Measured Spectral Data


3.2.1. Feature Extraction Results and Analysis


The dimensionality reduction results in Table 5 were obtained by using PCA to reduce the dimensionality of the grass species spectra (GSS) data, first-order derivative (FD) data and continuum removal (CR) data and then comprehensively considering the characteristic values and cumulative percentages of the principal components of each grass species. The principal components with cumulative eigenvalues exceeding 90% are selected. That is, the principal components selected can represent more than 90% of the spectral data information; the top two principal components are required for the GSS data, the top five principal components are required for the FD data; the top three principal components are required for the CR data. This shows that the characteristics of the raw data are enhanced, and the amount of information is richer via the spectral conversion processing of FD and CR. At the same time, PCA is efficient in the calculation of research data, has good applicability and information retention ability and achieves good dimensionality reduction effects so that spectral data information is expressed more intensively and further provides more effective characteristics for the identification of grassland plant species.




3.2.2. Identify Results and Accuracy Analysis


With respect to the three input datasets of the spectral characteristic parameter + vegetation index, FD and CR, four models used for ground-measured spectral data were tested. Table 6, Table 7 and Table 8 show the recognition results of the four models on different datasets.



For the dataset of the spectral characteristic parameters + vegetation index, the SVM model had the lowest OA of 68.83% and the highest recognition accuracy of 98.7% for AL, followed by AF, SG, CL, AT and LC, with the lowest recognition accuracy of 50% for CS. The OA of the RF model is 69.28%, the highest recognition accuracy is 91.67% for AF, and the lowest recognition accuracy is 57.04% for CS. The OA of the BP neural network model is 83.12%, and the recognition accuracy of AF, CL and CS is 98.7%, but the lowest recognition accuracy of 59.34% was achieved for LC. The OA of the CNN model is 76.62%, and the recognition accuracy of AL reached 98.7%, but the accuracy of LC is the worst, with an accuracy of 57.15%. The improved CNN model has the highest OA of 90.91%, and its recognition ability for each grass species is relatively balanced, with an AA of 91.23%.



For the FD dataset, the RF model has the lowest OA of 70.42% and the highest recognition accuracy of 88.89% for AL, with the lowest recognition accuracy of 57.15% for CS. The highest accuracy of the SVM model for the recognition of AF is 98.7%, and the lowest accuracy of the recognition of SG is 50%. The accuracy of the BP neural network model reached 98.7% for the classification of AL, CL and AT, and the lowest for the recognition of CS is 66.67%. The OA of CNN is improved, but the lowest recognition accuracy is 58.33% for CS. The improved CNN model has the highest OA of 97.37%, and its recognition accuracy reached 98.7% for SG, AF, AL, CL, and AT.



For the CR dataset, the RF model achieved 92.86% for the recognition accuracy of AF, but its OA of 79.12% is still the lowest. The SVM model achieved 98.7% for the recognition accuracy of AF, but it had an OA of 79.22%. The OA of both the BP neural network model and CNN model significantly improved toward 96.10% and 91.78%, respectively. The OA of the improved CNN model improved toward 98.70%, and the accuracy of the grass species except CS reached 98.7%, which produces better recognition results.



From the abovementioned results, the RF model has the highest recognition accuracy for AF in the three datasets, both reaching more than 80%, but the recognition effect for CS is poor. The SVM model has the highest recognition accuracy for AL and AF in the three datasets, both reaching more than 85%, but the recognition accuracy is lower for both SG and CS. The BP neural network model is the best for the recognition of CL, with 98.7% for three datasets, and it is less effective for the recognition of LC. The recognition accuracy of the CNN model has been maintained at 98.7% for AL, while the improved CNN model has a stabilized recognition accuracy of 98.7% for AF and CL, but they all need to improve the recognition accuracy of CS.






4. Discussion


The same model in different datasets with respect to the classification results shows that the differences in spectral features among different grass species in typical grasslands do not only appear at individual special locations. The deep processing of the grass species spectral data using mathematical transformations enhances the spectral characteristics, helps amplify the spectral changes among grass species and improves the separability of grass species [21]. Spectral differential transformations can eliminate some atmospheric effects and smooth the interference of vegetation backgrounds, such as soil and shadow [29]. Continuum removal (CR) transformation can eliminate noise and enhance the spectral absorption and reflection characteristics of ground objects [18]. Compared with the dataset of spectral characteristic parameters + vegetation index, the spectral differential dataset and the CR dataset constructed in the experiment are used to identify the grass species from the improved combination of data by using principal component analysis. Therefore, the spectrum transform method can effectively strengthen the model’s stability and improve the identification accuracy of the grass species of each model.



In this experiment, different mathematical transformations are used to change the form of the spectral data. It can be seen that the transformed FD data (Figure 6) and CR data (Figure 7) have great differences between grass species, which enhances the spectral separability between grass species and can be effectively used to identify grass species [18]. Comparing the identification results of the spectral differential dataset and the CR dataset illustrates that different spectral transformation methods differ in their ability to handle noise and in extracting original feature information, and they differ in their enhancement of the model’s performance. For example, for the improved CNN model, the differential transformation of the spectral data can obtain an AA of 97.68%, while the CR process can achieve an AA of 98.81%. It is shown that the CR makes the data more applicable and distinguishable than the first-order derivative transformation, which can significantly improve the recognition accuracy.



Although the PA of the improved CNN model for identifying individual grass species was lacking in the spectral characteristic parameters + vegetation index dataset compared with the BP neural network model, it corresponded to the highest OA and AA and the best recognition accuracy overall. The original CNN has difficulty in taking advantage of its recognition because of the small data volume, low dimensionality and limited samples of the measured spectra, but the recognition performance greatly improved after its improvement. Therefore, for the analysis of the measured spectral data, the improved CNN model of this experiment showed more significant grass species recognition performance and had certain recognition advantages.



The large difference in the recognition results of the same model for different input samples is because the recognition process of the neural network for grass species is similar to a black box simulation process for sample data input and output, and the learning processes and memory of its network are unstable and closely related to the training samples [26]. In other words, for different learning samples, the trained neural network needs to start training again, and there is no memory for the previous learning process. Thus, its training and recognition can only target the internal laws implied in this sample data, and it is only responsible for this batch of samples. However, neural networks have an important position in the field of spectral analysis due to their powerful self-learning, self-organization and self-adaptive abilities and massive parallel processing capabilities [24], which make them an important classification method for typical grassland plant species identification based on ground spectral data.



In this study, we used ground spectral data to identify plant species in typical grasslands in the study area based on RF, SVM and neural network algorithms and investigate the accuracy of improving the recognition of typical grassland plant species based on ground spectral data. However, due to the limitation of sample distribution, the study area in this work only covers temperate typical grasslands, and no large-scale identification of other grassland species in Inner Mongolia has been performed. The next step is to carry out scientific and reasonable large-scale field experiments, obtain more ground observation data, carry out more extensive in-depth research and analysis and provide an important scientific reference for grassland degradation monitoring and management operations.




5. Conclusions


In this study, the identification of constructive species and degraded grass species of typical temperate grassland in Inner Mongolia was performed based on the measured spectrum. The research used field-measured data to extract and analyze the parametric characteristics of grass species’ spectral data; to establish the RF model, SVM model, BP neural network model, CNN model and improved CNN model; to complete grass species type recognition based on the ground spectrum; and to determine the high-precision recognition method based on hyperspectral remote sensing data, laying the foundation for related research.




	
In the recognition results based on ground-measured spectral data, for the spectral characteristic parameters + vegetation index dataset, the highest OA of the improved CNN model was 90.91% and its recognition ability for each grass species was more balanced, with an average accuracy of 91.23%; for the FD dataset, the OA of the improved CNN model was the highest at 97.37%, and the accuracy of its recognition of SG, AF, AL, CL and AT was 98.7%; for the CR dataset, the OA of the improved CNN model increased to 98.70%, and the accuracies of all grass species except CS reached 98.7%.



	
For each input dataset of the ground-measured spectral data, the OA of the RF model and SVM model is low, and the recognition result of the CNN model is generally worse than that of the BP neural network model, but its recognition accuracy for AL is higher, while the BP neural network model is better for the recognition of CL. The OA and AA of the improved CNN model are the highest, and the recognition accuracy is the best overall.



	
Neural networks have an important position in the field of spectral analysis due to their powerful self-learning, self-organizing and self-adaptive capabilities and massive parallel processing abilities, and they are important classification methods for typical grassland plant species recognition based on ground truth spectral data. The improved CNN model in this study showed more significant grass species recognition performance and has certain recognition advantages.
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Figure 1. The map of the location of study area. 
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Figure 2. Experimental grass species of typical grassland: (a) Stipa grandis (SG); (b) Leymus leymus chinensis (LC); (c) Artemisia frigida (AF); (d) Allium ramosum L. (AL); (e) Caragana microphylla Lam. (CL); (f) Artemisia capillaris Thunb. (AT); (g) Cleistogenes squarrosa (CS). 






Figure 2. Experimental grass species of typical grassland: (a) Stipa grandis (SG); (b) Leymus leymus chinensis (LC); (c) Artemisia frigida (AF); (d) Allium ramosum L. (AL); (e) Caragana microphylla Lam. (CL); (f) Artemisia capillaris Thunb. (AT); (g) Cleistogenes squarrosa (CS).



[image: Agriculture 13 00399 g002]







[image: Agriculture 13 00399 g003 550] 





Figure 3. Diagram of quadrat settings. 
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Figure 4. Diagram of the structure of the improved 1D CNN model. 
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Figure 5. Grass species spectra in the study area. 
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Figure 6. First-order derivative spectra of measured spectral data. 
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Figure 7. Continuum removal spectra of measured spectral data. 
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Table 1. List of spectral characteristic parameters.
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Parameter Type

	
Specific Parameters

	
References






	
Three-edge

	
Blue edge amplitude (Ebm)

	
[30]




	
Yellow edge amplitude (Eym)

	
[30]




	
Red edge amplitude (Erm)

	
[31]




	
Blue edge position (Eb)

	
[30]




	
Yellow edge position (Ey)

	
[30]




	
Red edge position (Er)

	
[31]




	
Peak-valley

	
Green peak amplitude (Pgm)

	
[32]




	
Red valley amplitude (Vrm)

	
[32]




	
Green peak position (Pg)

	
[30]




	
Red valley position (Vr)

	
[30]




	
Three-edge area

	
Blue edge area (Eba)

	
[30]




	
Yellow edge area (Eya)

	
[30]




	
Red edge area (Era)

	
[31]




	
Spectral characteristic index

	
     E r − E b   E r + E b     

	
[33]




	
     E r − E y   E r + E y     

	
[33]




	
   P g m / V r m   

	
[33]




	
   P g m − V r m   

	
[33]




	
     P g m − V r m   P g m + V r m     

	
[33]




	
   E r a / E b a   

	
[33]




	
   E r a / E y a   

	
[33]











[image: Table] 





Table 2. List of vegetation index.
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	Vegetation Index Type
	Calculation Formula
	References





	NDVI
	      B 4  −  B 3     B 4  +  B 3      
	[34]



	RVI
	      B 4     B 3      
	[35]



	DVI
	    B 4  −  B 3    
	[36]



	MSAVI
	      (  2  B 4  + 1  )  −      (  2  B 4  + 1  )   2  − 8  (   B 4  −  B 3   )     2    
	[37]



	TVI
	     NDVI + 0.5     
	[38]



	RDVI
	     NDVI × RVI     
	[39]
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Table 3. List of spectral characteristic parameters of grass species.
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Type

	
Parameters

	
SG

	
LC

	
AF

	
AL

	
CL

	
AT

	
CS






	
Three-edge

	
Ebm

	
0.001284

	
0.001131

	
0.001473

	
0.001167

	
0.00146

	
0.001981

	
0.001805




	
Eym

	
0.000079

	
0.000010

	
0.000018

	
0.000101

	
0.000038

	
0.000022

	
0.000006




	
Erm

	
0.005056

	
0.005919

	
0.006718

	
0.004361

	
0.008139

	
0.008492

	
0.007807




	
Eb

	
522

	
522

	
522

	
518

	
522

	
525

	
522




	
Ey

	
599

	
599

	
630

	
565

	
630

	
628

	
598




	
Er

	
719

	
719

	
718

	
717

	
719

	
719

	
716




	
Peak-valley

	
Pgm

	
0.065778

	
0.067993

	
0.087709

	
0.095160

	
0.073829

	
0.082552

	
0.078074




	
Vrm

	
0.050950

	
0.049186

	
0.061151

	
0.084551

	
0.048475

	
0.048982

	
0.040826




	
Pg

	
556

	
555

	
554

	
554

	
554

	
554

	
555




	
Vr

	
670

	
672

	
672

	
670

	
672

	
672

	
676




	
Three-edge Area

	
Eba

	
0.023379

	
0.019810

	
0.025351

	
0.020357

	
0.025803

	
0.033659

	
0.031166




	
Eya

	
0.011409

	
0.013992

	
0.019013

	
0.008573

	
0.017555

	
0.024316

	
0.025796




	
Era

	
0.180616

	
0.208623

	
0.213602

	
0.145875

	
0.258844

	
0.268309

	
0.258625




	
Spectral

characteristic index

	
(Er − Eb)/(Er + Eb)

	
0.770788

	
0.826557

	
0.787816

	
0.755077

	
0.818702

	
0.777069

	
0.784907




	
(Er − Ey)/(Er + Ey)

	
0.881172

	
0.874294

	
0.836528

	
0.888985

	
0.872973

	
0.833808

	
0.818607




	
Pgm/Vrm

	
1.291031

	
1.382380

	
1.434315

	
1.125472

	
1.523025

	
1.685335

	
1.912374




	
Pgm − Vrm

	
0.014828

	
0.018808

	
0.026559

	
0.010609

	
0.025354

	
0.033569

	
0.037248




	
(Pgm − Vrm)/

(Pgm + Vrm)

	
0.127031

	
0.160503

	
0.178414

	
0.059033

	
0.207301

	
0.255214

	
0.313275




	
Era/Eba

	
7.725566

	
10.531196

	
8.425782

	
7.165840

	
10.031547

	
7.971390

	
8.298306




	
Era/Eya

	
15.831011

	
14.910163

	
11.234524

	
17.015630

	
14.744745

	
11.034257

	
10.025779
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Table 4. List of spectral characteristic parameters of grass species.






Table 4. List of spectral characteristic parameters of grass species.





	Grass Species
	NDVI
	RVI
	DVI
	MSAVI
	TVI
	RDVI





	SG
	0.654061
	4.781366
	0.203528
	0.349276
	1.074272
	1.768419



	LC
	0.688205
	5.414475
	0.231870
	0.395119
	1.090048
	1.930355



	AF
	0.636240
	4.498125
	0.231679
	0.381616
	1.065945
	1.691711



	AL
	0.482362
	2.863703
	0.161967
	0.262173
	0.991142
	1.175305



	CL
	0.723546
	6.234470
	0.281325
	0.468066
	1.106140
	2.123894



	AT
	0.722116
	6.197236
	0.286469
	0.473712
	1.105493
	2.115448



	CS
	0.738018
	6.634123
	0.275216
	0.465386
	1.112663
	2.212714
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Table 5. Grass species spectra data, FD data and CR data principal component analysis.






Table 5. Grass species spectra data, FD data and CR data principal component analysis.





	
Grass Species Spectra (GSS)




	
Data Type

	
PC1

	
PC2




	
Cumulative Percentage/%

	
64.68

	
90.82




	
Features Value

	
334.37

	
135.18




	
First-Derivative (FD)




	
Data Type

	
PC1

	
PC2

	
PC3

	
PC4

	
PC5




	
Cumulative Percentage/%

	
35.37

	
55.91

	
74.56

	
84.54

	
93.99




	
Features Value

	
186.73

	
108.45

	
98.50

	
52.70

	
49.89




	
Continuum Removal (CR)




	
Data Type

	
PC1

	
PC2

	
PC3




	
Cumulative Percentage/%

	
60.21

	
82.43

	
91.63




	
Features Value

	
312.56

	
112.36

	
58.08
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Table 6. The recognition results of the models on spectral characteristic parameters + vegetation index dataset.






Table 6. The recognition results of the models on spectral characteristic parameters + vegetation index dataset.





	Type
	RF
	SVM
	BP
	CNN
	Improved CNN





	SG
	66.67%
	66.67%
	98.70%
	83.33%
	91.67%



	LC
	59.34%
	57.04%
	59.34%
	57.15%
	82.71%



	AF
	91.67%
	90.91%
	98.70%
	81.82%
	98.70%



	AL
	77.78%
	98.70%
	66.67%
	98.70%
	88.89%



	CL
	66.67%
	66.67%
	98.70%
	77.78%
	98.70%



	AT
	70.00%
	60.00%
	60.00%
	80.00%
	90.00%



	CS
	57.04%
	50.00%
	98.70%
	66.67%
	85.33%



	OA
	69.28%
	68.83%
	83.12%
	76.62%
	90.91%



	AA
	69.88%
	70.20%
	83.72%
	78.11%
	91.23%
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Table 7. The recognition results of models on the dataset of FD.






Table 7. The recognition results of models on the dataset of FD.





	Type
	RF
	SVM
	BP
	CNN
	Improved CNN





	SG
	66.67%
	50.00%
	75.00%
	66.67%
	98.70%



	LC
	75.00%
	85.71%
	91.67%
	71.43%
	92.86%



	AF
	81.82%
	98.70%
	81.82%
	98.70%
	98.70%



	AL
	88.89%
	88.89%
	98.70%
	98.70%
	98.70%



	CL
	66.67%
	66.67%
	98.70%
	98.70%
	98.70%



	AT
	70.00%
	70.00%
	98.70%
	98.70%
	98.70%



	CS
	57.15%
	75.00%
	66.67%
	58.33%
	90.91%



	OA
	70.42%
	76.62%
	86.67%
	83.12%
	97.37%



	AA
	72.31%
	76.61%
	87.88%
	85.20%
	97.68%
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Table 8. Recognition results of the model on the dataset of CR.






Table 8. Recognition results of the model on the dataset of CR.





	Type
	RF
	SVM
	BP
	CNN
	Improved CNN





	SG
	66.67%
	66.67%
	83.33%
	91.67%
	98.70%



	LC
	81.82%
	85.71%
	92.86%
	98.70%
	98.70%



	AF
	92.86%
	98.70%
	98.70%
	98.70%
	98.70%



	AL
	88.89%
	88.89%
	98.70%
	98.70%
	98.70%



	CL
	80.00%
	77.78%
	98.70%
	80.00%
	98.70%



	AT
	80.00%
	80.00%
	98.70%
	98.70%
	98.70%



	CS
	66.67%
	58.33%
	98.70%
	66.67%
	91.67%



	OA
	79.12%
	79.22%
	96.10%
	91.78%
	98.70%



	AA
	79.56%
	79.63%
	96.60%
	91.19%
	98.81%
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
cs

AT

CL

AF

Lc

SG

L'S6L
918L
v'LoL
Tese
L8EL
ThTL
960L
6769
1089
599
€059
T
1079
6409
968S
€YLS
6'85S
vevs
8'LTE
TS
$96¢
808
6hor
06t
reey
oLy
000y





media/file4.png





nav.xhtml


  agriculture-13-00399


  
    		
      agriculture-13-00399
    


  




  





media/file2.png
115°0'0"E  115°50'0"E
I L1

N

44°20'0"N

43°40'0"N
|

. )|
Elevation/m 761

116°40'0"E

1907

117°30'0"E  118°20'0"E

Lengend * AF <AL *AT <CL

115°52'0"E

44°55'0"N 45°0'0"N

44°50'0"N





media/file5.jpg





media/file3.jpg





media/file1.jpg
115°00°E 115°500"E  116°400"E

43°400"N

Elevation/m ;| TR | coend (AF AL -AT +CL -CS +LC -G





media/file7.jpg





media/file10.png
AT

CL

CS

LC

SG

0°S¥01
8866
¢9L6
V'ES6
c0¢6
L906
L'T88
¥'868
9¢es
808
6C8L
0LSL
80¢L
cvoL
VLLY
€059
8'CTY
s68
€LIS
c6¢Ls
801§
a8y
Vesy
Evy
['66¢
96¢9¢
66¢¢





media/file12.png
AT

CL

CS

LC
SG





media/file9.jpg
AT

CcL

cs

Lc






media/file0.png





media/file14.png
CS

AT

CL

=

<

SG

L'S6L
918L
VLi9L
['ESL
L'8EL
cviL
9°60L
6 v69
['089
'$99
€09
se9
1029
6 ¥09
9°68¢
EVvLS
686§
vV EvS
LTS
cCIs
o6V
808
6 VoV
06vv
['Eey
OLlY
000V





media/file8.png





media/file11.jpg
AT

CL

€768
$6L8
'8s8
T8
9'€T8
608
0'88L
00LL
1L
14374
6FIL
7969
YL
859
£6€9
1079
8009
€186
L198
0THS
TS
TT08
Ty
0ToF
STy
vy
000%





media/file6.png





