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Leaf Area Index (LAI) is an important parameter for assessing the crop growth and winter wheat yield prediction. The objectives of this study were(1)to establish and verify a model for the LAI of winter wheat, where the regression models, extended the Grey Relational Analysis(GRA), Akaike's Information Criterion(AIC), Least Squares Support Vector Machine (LSSVM) and (ii) to compare the performance of proposed models GRA-LSSVM-AIC. Spectral reflectance of leaves and concurrent LAI parameters of samples were acquired in Tongzhou and Shunyi districts, Beijing city, China, during 2008/2009 and 2009/2010 winter wheat growth seasons. In the combined model, GRA was used to analyse the correlation between vegetation index and LAI, LSSVM was used to conduct regression analysis according to the GRA for different vegetation index order of the number of independent variables, AIC was used to select the optimal models in LSSVM models. Our results indicated that GRA-LSSVM-AIC optimal models came out robust LAI evaluation (R2 = 0.81 and 0.80, RMSE =0.765 and 0.733, i ndividually). The GRA-LSSVM-AIC had higher applicability between different years and achieved prediction of LAI estimation of winter wheat between regional and annual levels, and had a wide range of potential applications.

Introduction

Leaf area index( LAI) means the total region of the plant leaves per unit account for the multiples of the total land area, it is an important indicator for measuring the plant's growing conditions and production forecast, as well as the center hub of reflecting the material production and remote sensing estimation [START_REF] Jihua | Quantitative remote sensing and its application in agriculture[END_REF][START_REF] Pinter | Remote sensing for crop management[END_REF].Traditional LAI determination method is depend on direct ground measure, however, for its time-consuming, and disruptive, it is difficult to achieve large area and longtime monitoring. The development of modern remote sensing technology supplies an chance for large area of LAI determination, and it has the advantage of fast determination, timely, low consumption, non-invasive and others. Therefore, it provides a speculative knowledge for monitoring the growth of large area crops, reporting the latest agricultural condition and estimating yield. At present, the LAI inversion methods mainly are empirical statistical model and physical model, and physical model parameter has clear physical meaning, but it requires inputting more parameters and more complex. Though empirical statistical model lacks of strong mechanism, it has the advantage of simple form and convenient calculation, so a lot of domestic and foreign scholars from different perspectives carried out extensive research on the issue of LAI [START_REF] Maki | Empirical regression models for estimating multiyear leaf area index of rice from several vegetation indices at the field scale[END_REF][START_REF] Potithep | Two separate periods of the LAI-VIs relationships using in situ measurements in a deciduous broadleaf forest[END_REF][START_REF] Inoue | Spectral estimation of radiation absorptance and leaf area index in corn canopies as affected by canopy architecture and growth stage[END_REF][START_REF] Li | Evaluating hyperspectral vegetation indices for estimating nitrogen concentration of winter wheat at different growth stages[END_REF].Xie Qiaoyun and others [START_REF] Xie | Comparative Study on Remote Sensing Invertion Methods for Estimating Winter Wheat Leaf Area Index[END_REF] have used PCA method to reduce the dimensionality of hyperspectral data and LSSVM model to have LAI inversion of winter wheat under different conditions. It turned out that LS-SVM model has higher estimate ability and universality for winter wheat LAI under different conditions. Lin Hui et al. [START_REF] Hui | Wheat leaf area index inversion with hyperspectral remote sensing based on support vector regression algorithm[END_REF] have used the selected optimum index factor based on LS -SVM algorithm to establish inverse model, and then mapped the remote sensing images, and the result showed that the LS -SVM can be regard as the optimization algorithm for modeling. Cai Qingkong and other researchers [START_REF] Cai | Estimation of Winter Wheat Leaf Area Index with Joint Principal Component Analysis and Least Squares Support Model[J][END_REF] have combined the method of PCA and LS-SVM, using multi-band information to establish hyperspectral estimation model of LAI, then compare it with the model obtained by the combination of vegetation index and LS -SVM model, it turned out that the LS-SVM model with the PCA parameter ranks the highest precision model. Jin Xiuliang and others [START_REF] Jin Xiu-Liang | Hyperspectral Estimation of Leaf Water Content for Winter Wheat Based on Grey Relational Analysis[END_REF][START_REF] Jin | Estimation of Leaf Water Content in Winter Wheat Using Grey Relational Analysis -Partial Least Squares Modeling with Hyperspectral Data[END_REF] have attempted to integrate the method of GRA, SRM and PLS to estimate leaf water content, the result showed that this integrated method can raise the estimate accuracy of winter wheat's leaf water content and more reliable. Xia Tian and others [START_REF] Tian | Comparison of two inversion methods for winter wheat leaf area index based on hyperspectral remote sensing[END_REF] have adopted the regression analysis and BP neural network method to build winter wheat LAI inversion model, and evaluated the inversion precision of the two methods. The result showed that the BP neural network method has greatly improved the estimate accuracy than the regression analysis. Lee et al. [START_REF] Lee | Hyperspectral versus multispectral data for estimating leaf area index in four different biomes[END_REF]have adopted different methods to estimate the LAI of four different plants based on the use of high spectral and multi-spectral data, and the result displayed that the red edge and near infrared region spectrum estimate LAI has higher accuracy than the near infrared spectral range . Jin Shunfa [START_REF] Shun-Fa | AIC principle and its Application in the Polynomial Models of the Crop Yield[END_REF] and others have taken the AIC into the polynomial model of crop yield, and the result showed that the AIC criterion can use less parameters to describe the model, and the AIC criterion which is considered to be the best model.

Currently, there are many studies about the estimation of leaf area index, but most studies do not take into account that whether the established model between vegetation index and LAI is the best model. This essay first introduces the gray correlation analysis [START_REF] Jin | Estimation of Leaf Water Content in Winter Wheat Using Grey Relational Analysis -Partial Least Squares Modeling with Hyperspectral Data[END_REF][START_REF] Tian | Comparison of two inversion methods for winter wheat leaf area index based on hyperspectral remote sensing[END_REF][START_REF] Lee | Hyperspectral versus multispectral data for estimating leaf area index in four different biomes[END_REF][START_REF] Shun-Fa | AIC principle and its Application in the Polynomial Models of the Crop Yield[END_REF][START_REF] Li | Remote Sensing Prediction of Winter Wheat Protein Content Based on Nitrogen Translocation and GRA-PLS Method[END_REF] to select the vegetation index, chooses the number of different vegetation indices as input factors according to the relational value, establishes different LAI estimation models based on the LSSVM algorithm and GRA array according to the increasing number of independent variable, and then screens the optimal LAI estimation model of winter wheat according to the ACI. This research offers a new method for the Hyperspectral remote sensing evaluation of the LAI of winter wheat.

Material and Methods

Brief Introduction of Research Area

The winter wheat experiments were implemented in 2008/2009 and 2009/2010 in Beijing Shunyi and Tongzhou. Shunyi is located in the northeast of Beijing, located at latitude 40 ° 00'-40 ° 18 ', longitude 116 ° 28'-116 ° 58' , with an total area of 1,019.89 square kilometers. Tongzhou is located in southeast of Beijing, located at latitude 39 ° 36'-40 ° 02 ', longitude 116 ° 32'-116 ° 56', with 906 square areas kilometers. During the experiment, two parallel winter wheat fields were chosen as experiment plots, and respectively conducted the canopy spectrometric and plants sampling in the critical growth period of winter wheat.

Canopy Spectrometry

The research introduces ASD FieldSpec FR2500 spectrometer to sample winter wheat from 10am to 2pm Beijing time in Tongzhou and Shunyi districts when the weather was sunny and windless. During the observation, the probe is vertically downward, and at the height of 1.3 meters from the ground, with 25 ° field angle. Each sample point was collected 10 times and the average value was regarded as the spectral reflectance of the sample, and reference board calibration was carried out immediately before and after the measurement. The wavelength range of American ASD FieldSpec FR2500 field spectrometer is from 350 nm to 2 500 nm, in which the band range from 350 nm to 1 000 nm is 1.4 nm, and within the band range of 1 000 ~2 500 nm is 2nm. Spectral resampling interval is 1 nm.

LAI Determination

Specific leaf weight method is used for the determination of winter wheat LAI, and the sampling area is 60 cm * 60 cm, then the sampling plants were brought to the lab to determine LAI. The LAIcalculation formula is:

S A       10000 W W W W LAI 1 3 2 1 (1)
W1 stands for leaf weight (g), S stands for leaf area (cm 2 ), W2 refers to the rest leaf weight of 10 stems (g), A stands for the sampling area (m 2 ), W3 stands for the rest plant leaf weight (g).

Method 2.4.1 Vegetation Index Selection

According to the results of previous studies and the significant relationship between vegetation indices and LAI, 14 vegetation indices related to leaf area index were sort out. (table 1) 
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Grey Relational Analysis, GRA

Grey correlation degree is a dimensionless quantity, it is used to identify whether there is a connection between the reference number and comparative sequence, and the specific relation between them. In this study, the concept of grey correlation degree is conducted to calculate the correlation degree between LAI and vegetation index, the higher grey correlation degree, the more closely between vegetation indices and LAI, and vice versa.

Akaike's Information Criterion (AIC)

AIC [START_REF] Li | Remote Sensing Prediction of Winter Wheat Protein Content Based on Nitrogen Translocation and GRA-PLS Method[END_REF] is put forward by H.Akaike during the study of information theory, especially in solving the problem of time series pricing. The AIC formula can be written as: AIC=(-2)ln (maximum likelihood function of the model)+2 (the number of independent parameters of the model) (2) As for linear regression model, the AIC formula is:

) 1 ( 2 ) ln( n AIC 2    k S p (3)
n is the sample size; 2 p S stands for residual mean square ; k is the number of variables of the model.

Least squares support vector machine (LSSVM)

The basic idea of LSSVM regression is to discovery a best separating hyperplane so that the deviation between the training samples and the optimal hyperplane is minimum, and the linear regression function built in highdimensional feature space is:

b x w x f    ) ( ) ( (4) 
) x (  stands for nonlinear mapping function, and this study selects radial basic function as kernel radial ; f(x) stands for the predicted value of the regression function.

Statistical Analysis

In this study, determination coefficient(R 2 )and RMSE were regarded as indicators to interpret and quantify the relationship between LAI and vegetation index. Generally speaking, the higher R 2 , the smaller RMSE, and the better ability of the estimate model between the LAI and vegetation index, otherwise, the estimate ability is poor.

Results and Analysis

Correlation between Vegetation Index and LAI

As can be caught sight of from table 2, there is a significant correlation between vegetation index and LAI, in which TCARI has a noteable relationship with LAI (p <0.05), and other vegetation indices also have noteable correlation with LAI (p <0.01). TCARI/OSAVI、SIPI and PRI all have highly significant negative correlation with LAI, and NDVI、SR、OSAVI、NDVI705、MSR705、mNDVI705、VOG1、MCARI2、MSAVI、 MSR have significantly positive correlation with LAI. 

Grey Correlation between Vegetation Index and LAI

Table 3 indicates the order of gray correlation degree between vegetation indices and LAI foundation on the analysis of GRA: VOG1> SIPI> MCARI2> NDVI> MSR> mNDVI705> OSAVI> NDVI705> TCARI / OSAVI> TCARI> PRI> MSAVI> > MSR705> SR. the gray correlation analysis between vegetation indices and LAI of winter wheat, the correlation degree of VOG1 is 0.921 and ranks first; while SR has the lowest value with the correlation degree 0.612. and the correlation degree is 0.612. 

The use of AIC to Determine the Optimal Regression Model

When the independent variables of vegetation index in the equation participated in the LSSVM regression according to their grey correlation degree, and the AIC value has changed in all the regression equation. As can be seen from table 4, when two vegetation index independent variables involved in the LSSVM regression, and the maximum AIC value is 19.055; when five vegetation indices involved in LSSVM regression, and the minimum AIC value is 16.29. The aim of AIC is to select a model that can better interpret the data and contain minimum free parameters, so the model that choosing five vegetation indices involved in the progress of LSSVM regression is regarded as the optimal equation.

Table4 Comparison of LSSVM regression built by different independent variables

Estimation and Validation of LAI

Through the analysis of section 2.3 and combining the data of whole growth period of winter wheat in 2008/2009 Beijing tongzhou and shunyi districts, the optimal estimate model GRA -LSSVM-AIC LAI is established, in which five vegetation indices are regarded as the independent variables, and the five vegetation indices respectively are SIPI, MCARI2, NDVI, MSR. The estimated results are shown in table 5 and figure 1.As can be seen from table 5 and figure 1, the value of R 2 and RMSE respectively are 0.81 and 0.765 in the GRA-AIC-LSSVM estimate model , and its modelling accuracy is preferable. In order to verify the precision of the model, the whole winter wheat growth stage in Beijing Tongzhou and Shunyi districts are tested, and the value of R 2 and RMSE respectively are 0.80 and 0.733, and the scatter diagram of predicted value and measured value also have high consistency. It showed that the GRA -LSSVM-AIC model for leaf area estimation is much more reliable. 

Conclusions

In order to define the number of the optimal principal components of winter wheat in the model of LSSVM, this essay attempts to use GRA to assess the correlation between vegetation index and winter wheat LAI, and regards LSSVM regression pattern with the minimum AIC value as the best model of the estimation of winter wheat LAI. Namely, the best estimation model of winter wheat LAI is foundation on the integration methods of GRA, LSSVM and AIC. Here comes the following conclusion;

Firstly, the use of GRA to evaluate the correlation sequence between vegetation indices and winter wheat LAI, namely VOG1> SIPI> MCARI2> NDVI> MSR> mNDVI705> OSAVI> NDVI705> TCARI / OSAVI> TCARI> PRI> MSAVI> MSR705> SR. Among them, VOG1 has the highest correlation degree with winter wheat LAI, while SR has the lowest correlation degree.

Then 9 inverse model of winter wheat LAI is established with the adoption of LSSVM algorithm and gradul increase of the number of independent variables according to the GRA order. Then 9 inverse model of winter wheat LAI based on the AIC is optimally filtered , and the winter wheat LAI model consists of 8 independent variables is considered the best model, and the 8 variables are VOG1、SIPI、MCARI2、NDVI、MSR、mNDVI705、 OSAVI、NDVI705.

Third, the modeling value set of R 2 and RMSE in the GRA -LSSVM-AIC model respectively are 0.81 and 0.765, and the value of validation set of R 2 and RMSE are 0.80 and 0.733. The result showed that the GRA-LSSVM-AIC model used as optimal estimation model for winter wheat LAI not only can be used for the detection of winter wheat LAI of different annual, but also has high modeling accuracy, so it can be regarded as the preferred model for the estimation of winter wheat LAI.

Table 1

 1 Summary of spectral indices related to LAI

	Vegetation Index						Formula	Reference
	Normalized difference vegetation index(NDVI)	R (	800		670 R	)	/(	800 R		670 R	)	[18]
	Simple Ratio Index(SR)						R	800 /	670 R	[19]
	optimized soil adjusted vegetation index(OSAVI)	R ( 16 . 1	800	-	R	670	)	/(	800 R	670  R		) 16 . 0	[20]
	Transformed chlorophyll												
	absorption in reflectance index												
	(TCARI)												

Table 2

 2 

		Correlation between vegetation index and LAI	
	Vegetation index	r	Vegetation index	r
	NDVI	0.738**	mNDVI705	0.734**
	SR	0.788**	VOG1	0.796**
	OSAVI	0.786**	SIPI	-0.555**
	TCARI	0.260*	PRI	-0.793**
	TCARI/OSAVI	-0.481**	MCARI2	0.815**
	NDVI705	0.777**	MSAVI	0.813**
	MSR705	0.752**	MSR	0.811**
	Note: ** and * represent significant at the 0.01 and 0.05 levels of probability respectively.	

Table 3

 3 Grey relational degree and rank of evaluation index for LAI at the whole growth stages

	Evaluation index	Grey correlation (ε=0.5)	orders	Evaluation index	Grey (ε=0.5) correlation	orders
	NDVI	0.8777	4	mNDVI705	0.8715	6
	SR	0.6178	14	VOG1	0.9211	1
	OSAVI	0.8712	7	SIPI	0.8818	2
	TCARI	0.8416	10	PRI	0.8405	11
	TCARI/OSAVI	0.8438	9	MCARI2	0.8818	3
	NDVI705	0.8671	8	MSAVI	0.8405	12
	MSR705	0.8263	13	MSR	0.8765	5

Table 5

 5 Estimation and validation of LAI

	Modeling		Modeling			Validation	
	Methods	Samples	R 2	RMSE	Samples	R 2	RMSE
	LSSVM	84	0.81	0.765	85	0.80	0.733