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Abstract: Taking the Lingbei rare earth mining area in Dingnan county of Jiangxi Province as 12 

the research object of the reclaimed vegetation, the original spectrum, derivative spectrum and 13 

the continuum removed spectrum of the reclaimed vegetation were detected. The spectral 14 

characteristics and variation regularity of the typical reclaimed vegetation were analyzed, the 15 

correlation between chlorophyll content and spectral characteristic index of reclaimed 16 

vegetation was analyzed, and the sensitive spectral parameters were extracted. Partial Least 17 

Squares Algorithm, Back Propagation Neural Network Algorithm and Sparse Autoencoder 18 

Network Algorithm were selected to construct the estimation model of chlorophyll content, and 19 

compare the accuracy. The results show that; The vegetation spectrum of rare earth mine 20 

reclamation has the spectral characteristics of higher reflectance in visible region, red shift of 21 

green peak and red valley, blue shift of “red edge”, with less spectral variation in bamboo 22 

willow; Variability in the sensitive spectral parameters extracted from different vegetation; 23 

Sparse Autoencoder network algorithm is the optimal estimation model (R2 value of three 24 

vegetation is 0.9117,0.7418 and 0.9815 respectively). In the case of the small sample, it has 25 

higher estimation precision and universality for different reclaimed vegetation. 26 

Key words: Hyperspectral; Chlorophyll Content; Mining Area Reclamation; Vegetation 27 

Index; Sparse Autoencoder Neural Network.  28 
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1 Introduction 29 

Rare earth has played an irreplaceable role in many cutting-edge military and high-tech 30 

fields, including precision-guided weapons and aerospace. However, for a long time, the 31 

disorderly and crude mining pattern of rare earth has left large areas of abandoned mining 32 

sites (Chen et al. 2007). The initial solution leaching method of acid solution injected into ore 33 

body is adopted in the rare earth mine, which leads to the soil degradation in the mine area, 34 

especially in the form of desertification and acidification, soil erosion and heavy metal 35 

pollution, the process of natural vegetation restoration is extremely difficult and mainly 36 

depends on artificial reclamation. However (Fang et al. 2003), the Special Physical 37 

Chemistry Properties of the reclaimed soil caused by the disturbance of rare earth mining and 38 

the environmental stress caused by rare earth mining result in the low survival rate and poor 39 

growth of the reclaimed vegetation, which affects the ecological security of the mining area 40 

(Flynn et al. 2020), chlorophyll is an important indicator of plant health. The study of 41 

chlorophyll and hyperspectral characteristics of typical vegetation in the mining area is 42 

helpful to monitor the growth process of reclaimed vegetation. 43 

Hyperspectral remote sensing has the advantages of high spectral resolution and 44 

real-time, rapid and non-destructive monitoring of chlorophyll content. Therefore, many 45 

scholars use bloom spectrum to study vegetation growth monitoring, physiological and 46 

biochemical parameters inversion. Under the stress of external factors, the normal growth 47 

state of the vegetation is inhibited, and its physiological and biochemical parameters will 48 

change, resulting in the variation of its spectral characteristics, which in turn affects the 49 

accuracy of the inversion of chlorophyll content (Gong et al. 2014). Zhu found that the 50 

spectral differences between copper-stressed leaves and healthy leaves were irregular. Not 51 

only related to the growth period, but also related to plant species (Hengkai L et al. 2020). Lu 52 

proposed that vegetation under heavy metal stress exhibits changes in the internal structure 53 

and spectral characteristics of its leaves (Huang et al.2004). Wang analyzed the relationship 54 

between chlorophyll values and spectral characteristics in different stress regions of typical 55 

plants, and the variation regularity was different (Hao X et al. 2015). In the process of 56 

chlorophyll content retrieval, it was found that there were significant differences in retrieval 57 

methods for different stresses, which was attributed to the differences in the study subjects. 58 

For example, Zheng used the continuum elimination method combined with partial least 59 

squares as the optimal model for chlorophyll estimation in rapeseed leaves (Hengkai L et al. 60 

2020); Liu used the SPA-PLSR model for non-destructive monitoring of navel orange 61 

chlorophyll content (Liu M L et al. 2010). Non-linear models such as support vector 62 

regression (SVR) model and BP Neural Network (BP) algorithm are widely used because of 63 
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their stronger ability to feature learning and expression. Fang established a hyperspectral 64 

estimation model of apple canopy chlorophyll content and used apple canopy spectra to 65 

generate four vegetation indices (Luo et al. 2016); the estimation model established by Peng 66 

et al. based on SAE has a higher accuracy of chlorophyll content than traditional machine 67 

learning (Liu et al. 2019).  68 

The growth environment of ion-type rare earth deposits is special, to explore the spectral 69 

characteristics of the reclaimed vegetation under stress, and according to the spectral 70 

characteristics of the reclaimed vegetation, targeted selection of estimation models to achieve 71 

the optimal prediction of vegetation physiological parameters (Lu et al. 2020). Based on the 72 

hyperspectral data of typical reclaimed vegetation and the chlorophyll content obtained from 73 

the ion-type rare earth mineral. In order to find out the best estimation parameters and 74 

methods, a model of chlorophyll content estimation was established by using partial least 75 

squares, BP neural network and SAE Neural Network Algorithm, it provides theoretical basis 76 

and technical support for monitoring the growth status of reclaimed vegetation. 77 

2 Materials and methods 78 

2.1 Survey of the study area 79 

The Lingbei rare earth mining area, covering an area of about 213km2, is located in the 80 

northern part of Dingnan County, Ganzhou province. Long time the rare earth mining, 81 

especially the use of early pool leaching/heap leaching process, accumulated a large amount 82 

of waste rock and tailings. The leaching liquid produced by "in-situ leaching" destroyed the 83 

original soil structure and nutrient distribution, resulting in vegetation degradation, soil 84 

erosion and serious damage to the ecological environment (Li et al. 2020). In this study, the 85 

Aobeitang ore spot in the mining area is taken as the research area. The ore spot is located in 86 

the south of Lingbei rare earth mine. The specific coordinates are 115°04'37″~115°05'41″ E, 87 

24°54'10″~24°56'42″ N, and the area is about 1.52 km2. The ore site has undergone three 88 

mining processes: pool leaching, heap leaching and in-situ leaching, leaving a large area of 89 

exposed tailings. Since water pollution, vegetation growth is not good. In order to study the 90 

change of spectral characteristics of reclaimed vegetation under the influence of 91 

environmental stress factors, Tung oil tree, bamboo willow and photinia glabra were selected 92 

as the research objects. 93 
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 94 

Fig. 1.  Experimental structure. 95 

2.2 Data acquisition 96 

The hyperspectral data in this study were collected from the field. The spectral 97 

reflectance of the leaves was recorded by ASD Spectral Devices (350-2500 nm). The spectral 98 

resolution was 3 nm at 350-1000 nm, the sampling interval was 1.4 nm; 1000-2500 nm, the 99 

spectral resolution was 10 nm, and the sampling interval was 2 nm. The data was collected in 100 

clear, cloudless and windless weather and at noon (11:00~14:00) instrument optimization and 101 

Whiteboard calibration measurements are performed prior to recording actual observations. 102 

In order to ensure the accuracy of the determination results as much as possible, the whole 103 

determination process should meet the requirements of the specification (Mahajan et al. 104 

2017). 105 

 During the collection, the survey team selected tung oil tree, bamboo willow and 106 

Photinia glabra as the acquisition objects. In addition, in order to obtain the difference 107 

between the reclaimed vegetation spectrum and the normal vegetation spectrum, the normal 108 

tung oil tree, bamboo willow and photinia glabra were collected within 1km from the mine 109 

site. According to the principle of uniform distribution, 110 groups of samples were randomly 110 

measured for each vegetation in the study area; To ensure the accuracy of the measurement 111 

data, each group of samples was measured 10-15 times, and the average value was calculated 112 

as the final reflection spectrum of the sample point. 113 

The SPAD-502 chlorophyll meter was used to collect the SPAD values immediately 114 
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after the single group of sample points were measured. In order to improve the accuracy of 115 

measurement data, the position of leaf vein should be avoided. The average value was used as 116 

the chlorophyll content of the sample. 117 

2.3 Data processing 118 

Hyperspectral data collected in the field are easily affected by soil environment and 119 

human operation, so it is necessary to remove invalid data with large deviation or abnormal 120 

fluctuation (Yan et al. 2016). In addition, the spectral data processing software ViewSpec Pro 121 

is used to de-noise and smooth the spectral curve. In the process of spectral analysis, the noise 122 

caused by water vapour absorption at 1350 ~ 1400 nm, 1800 ~ 1950 nm and 2450 ~ 2500 nm 123 

was removed. 124 

Calculating the first derivative of the spectral reflectance to obtain the derivative spectral 125 

curve of each sample. The calculation formula of the first derivative is as follows (Hao X et 126 

al. 2015): 127 𝑅′(𝜆𝑖) = 𝑑(𝑅(𝜆𝑖))𝑑𝜆 = 𝑅(𝜆𝑖+1)−𝑅(𝜆𝑖−1)2𝛥𝜆                       （1） 128 

In the formula, 𝜆𝑖  is the wavelength of each band; 𝑅(𝜆𝑖) is the original spectral 129 

reflectivity of waveband i; 𝑅′(𝜆𝑖) is the first derivative spectral value of wavelength 𝜆𝑖；𝛥𝜆 130 

is the interval from wavelength 𝜆𝑖+1 to 𝜆𝑖, determined by the spectral sampling interval 131 

(Hengkai L et al. 2020). 132 𝐶𝑅𝑖 = 𝑅𝑖 𝑅𝑤𝑖⁄                               （2） 133 𝑅𝑤𝑖 = 𝑅𝑞 + 𝑘(𝜆𝑖 − 𝜆𝑞)                               （3） 134 𝑘 = (𝑅𝑧 − 𝑅𝑞) (𝜆𝑧 − 𝜆𝑞)⁄                          （4） 135 

In the formula, 𝐶𝑅𝑖 and 𝑅𝑤𝑖 correspond to the envelope and shell values at band i;  136 𝑅𝑞 , 𝑅𝑧and 𝑅𝑖 correspond to the reflectivity at the beginning, the end and the i of absorption; 137 

And 𝜆𝑞, 𝜆𝑧 and𝜆𝑖 correspond to the wavelengths at the beginning, the end and the i of 138 

absorption. 139 

The existing vegetation index cannot get excellent performance when it is directly 140 

applied to the reclaimed vegetation in rare earth mining area. In this study, vegetation index 141 

NDVI and RVI were used as the prototype, and the optimal band combination of vegetation 142 

index and chlorophyll content was determined through the correlation calculation between the 143 

extracted vegetation index and chlorophyll content. The specific formula is as follows 144 

(Hengkai L et al. 2020): 145 

                          𝑆𝑅 = 𝑅𝑖/𝑅𝑗                              （5） 146 𝑁𝐷 = (𝑅𝑚 − 𝑅𝑛) (𝑅𝑚 + 𝑅𝑛)⁄                      （6） 147 



 

* Corresponding author. 

E-mail address: giskai@126.com; Tel. +8615807975730 

In the formula, 𝑅𝑖 ,𝑅𝑗, 𝑅𝑚and 𝑅𝑛 are reflectivity at any band, where i≠ j, m > n. New 148 

spectral parameters extraction based on first derivative and the continuum removed transform 149 

spectrum. The parameters are as follows: 150 

Table 1  151 

Extraction parameters based on first derivative and the continuum removed transform spectra. 152 

 Spectral parameters Definition Description Quotation 

Extract 

spectrum 

parameters 

by the First 

order 

derivate  

Db 

Blue edge 

amplitude 

Maximum derivative value at 

490-530nm 

[11] [15][16][17] 

λb 

Blue edge 

position 

Db corresponding wavelength 

[11] [15][16][17] 

SDb 

Blue edge 

area 

The first order derivate spectral 

integral in the blue edge range 

[11] [15][16][17] 

Dy 

Yellow edge 

amplitude 

Maximum derivative value at 

560-640nm 

[11] [15][16][17] 

λy 

Yellow edge 

position 

Dy corresponding wavelength 

[11] [15][16][17] 

SDy 

Yellow edge 

area 

The first order derivate spectral 

integral in the yellow edge range 

[11] [15][16][17] 

Dr 

Red edge 

amplitude 

Maximum derivative value at 

680-760nm 

[11] [15][16][17] 

λr 

Red edge 

position 

Dr corresponding wavelength 

[11] [15][16][17] 

SDr 

Red edge 

area 

The first order derivate spectral 

integral in the red edge range 

[11] [15][16][17] 

Rg 

Green peak 

reflectance 

Maximum original spectrum at 

510-560nm 

[11][18] 

λg 

Location of 

green peak 

Rg corresponding wavelength 

[11][18] 

Rv 

Red valley 

reflectance 

Minimum original spectrum at 

640-680nm 

[11][18] 

λv 

Location of 

red valley 

Rv corresponding wavelength 

[11][18] 

               SDr
/ SDb 

/ 

Ratio of red edge area to blue 

edge area 

[11][18] 
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              SDr
/ SDy 

/ 

Ratio of red edge area to yellow 

edge area 

[11][18] 

                Rg
/ Rr 

/ 

Ratio of Green peak reflectance 

to red valley reflectance 

[11][18] 

(SDr − SDb) (SDb +⁄ SDr) / 

Normalized radio of red edge 

area to blue edge area 

[11][18] 

(SDr − SDy) (SDr +⁄ SDy) / 

Normalized radio of red edge 

area to yellow edge area 

[11][18] 

(Rg − Rr) (Rg +⁄ Rr) / 

Normalized ratio of Green peak 

reflectance to red valley 

reflectance 

[11][18] 

Extract 

spectrum 

parameters 

by the 

continuum 

removed 

Rr Red valley 

reflectance 

Minimum original spectrum at 

640-680nm 

[7][19] 

λv Red valley 

position 

Rr corresponding wavelength [7][19] 

W Absorption 

width 

λ2-λ1 [7][19] 

H Absorption 

depth 

1-RP [7][19] 

A Absorption 

area 

H*W/2 [7][19] 

K Absorption 

slope 

(R2-R1)/W [7][19] 

SAI Absorption 

index 

[S ∗ 𝑅1 + (1 − S) ∗ 𝑅2] 𝑅𝑃⁄  [7][19] 

S Absorption 

symmetry 

(λ2-λP)/W [7][19] 

2.4 Chlorophyll estimation method 153 

In this study, hyperspectral data of leaves were used as independent variables, and 154 

chlorophyll content of vegetation was used as dependent variable. Pearson correlation 155 

analysis method was used to establish the inversion model between them. Partial least squares 156 

regression, BP neural network algorithm and SAE neural grid algorithm were used to 157 

construct the estimation model of chlorophyll content of reclaimed vegetation and were 158 

compared and analyzed. Partial least squares can realize the functions of regression modeling 159 

(multivariate Regression analysis), Data Structure Simplification (Principal Component 160 
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Analysis), and correlation analysis (Canonical Correlation Analysis) between two groups of 161 

variables. When the number of observations (sample size) is small, the Partial least squares 162 

regression has a unique advantage (Hengkai L et al. 2020). 163 

BP (back propagation) neural network, as an artificial neural network algorithm, which 164 

is based on the processing of Reference Information in biological neural network, can solve 165 

the nonlinear problem between real objects. The narrow and multi-band characteristic of 166 

hyperspectral spectrum makes the non-linear relationship between spectral information and 167 

dependent variables more obvious (Yao et al. 2014). 168 

Auto Encoder (AE) is an unsupervised learning model, which trains the weight values 169 

according to Ae Algorithm between two adjacent layers, and forms a stack Auto Encoder 170 

(SAE) after training layer by layer. The whole network training process includes 171 

unsupervised pre-training and supervised fine-tuning. That is to say, the network model 172 

trained by SAE is often around the optimal result, but it is still possible to continue to 173 

optimize. Then, by selecting the BP neural network algorithm in the output layer and using its 174 

error reverse propagation idea, it is helpful to fine tune the optimal learning network on the 175 

basis of pre training (Lu et al. 2020). 176 

2.5 Accuracy check 177 

In this study, 110 samples were collected from each reclaimed and normal vegetation, 178 

and stratified sampling method was used according to 3∶1 sampling. The estimation model 179 

and validation model were constructed, with 80 samples per vegetation estimation model and 180 

30 validated model samples. The verification set is predicted, and the predicted value is 181 

compared with the true value, and the effect of the model is evaluated according to the error 182 

result. 183 

The decision Coefficient R2, root mean square error (RMSE) and relative error RE were 184 

used to evaluate the prediction ability of the model. The larger the decision Coefficient R2(no 185 

more than 1), the smaller the root mean square error (RMSE) and relative error RE, the 186 

stronger the ability of model fitting and prediction. The formula is as follows: 187 

   𝑅2 = ∑ (𝑦𝑖−𝑦′𝑖)2𝑛𝑖=1∑ (𝑦𝑖−𝑦𝑖)2𝑛𝑖=1                             （7） 188 

𝑅𝑀 = √∑ (𝑦𝑖 − 𝑦′𝑖)2 𝑛⁄𝑛𝑖=1                          （8） 189 

𝑅𝐸 = 1𝑛 ∑ |𝑦𝑖−𝑦′𝑖|𝑦𝑖𝑛𝑖=1 ∗ 100%                        （9） 190 

In the formula, 𝑦𝑖 and 𝑦′𝑖 is the measured value and the predicted value respectively; 191 

and n is the number of samples. 192 
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3 Result analysis 193 

3.1 Spectral characteristic analysis 194 

Vegetation growth is usually affected by the environment, and the degree of impact can 195 

be shown by spectral changes. Generally speaking, when the growth of vegetation is under 196 

some kind of stress, the content of chlorophyll will decrease, which will eventually lead to the 197 

decline of photosynthetic capacity, the decrease of spectral reflectance, the "red shift" of 198 

wave peak and trough, and the "blue shift" of the "red edge" position of the first derivative 199 

spectrum. Because of the ecological stress, the vegetation growth in the reclaimed land of rare 200 

earth mine is consistent with that in other mining areas. 201 

3.1.1 Analysis of spectral characteristics based on original spectrum 202 

In this study, 80 samples of Tung oil tree, bamboo willow, Photinia glabra were selected 203 

from the collected hyperspectral data of normal and reclaimed vegetation. The results are as 204 

follows: 205 

 206 

 207 

Fig.2. Original spectral curves of tung oil tree, bamboo willow and photinia glabra. 208 

Table 2 209 

 mean value of chlorophyll in tung oil tree, bamboo willow and Photinia glabra. 210 

 Tung oil tree Bamboo willow   Photinia glabra 

Reclaimed vegetation 24.920 37.867 27.845 

Normal vegetation 48.353 54.874 51.554 

 211 

It can be seen from Figure 2 that the spectral variation trend of three different vegetation 212 

under reclamation and normal growth conditions is roughly the same, and conforms to the 213 

change trend of general vegetation. However, compared with the normal vegetation, the 214 

spectral reflectance of the three reclaimed vegetation increased in the visible light range, and 215 
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showed different performance in the following band. The main reason for the difference is 216 

that the chlorophyll content mainly affects the visible light reflectance of the vegetation, and 217 

the higher the chlorophyll content of the vegetation, the smaller the reflectance value in this 218 

range. After that, the spectral reflectance is mainly determined by the vegetation cell structure 219 

and water content. 220 

It can be seen from table 2 that the chlorophyll value of reclaimed vegetation is lower 221 

than that of normal vegetation, and tung oil tree > photinia glabra > bamboo willow. Due to 222 

the ecological stress in the growing area, the chlorophyll content decreased, resulting in the 223 

absorption capacity of visible band decreased and the reflectance increased. The reflectance 224 

of green peak and Red Valley of three kinds of reclaimed vegetation is higher than that of 225 

normal vegetation, and there is a certain degree of "red shift" phenomenon, which can be used 226 

as an effective indicator of vegetation reclamation monitoring in mining area. The red shift of 227 

reclaimed tung oil tree and reclaimed bamboo willow was 5nm and 4nm respectively at the 228 

green peak, while that of Photinia glabra was 56nm at the green peak. Compared with the 229 

other two kinds of reclaimed vegetation, the redshift scale of Photinia glabra is larger, which 230 

is caused by the different adaptability of the vegetation to the environment in the mining area. 231 

The reclaimed vegetation rises ahead of schedule at 680nm, and the slope around the red edge 232 

gets steeper. The analysis of the main reasons of the difference shows that the reclaimed 233 

plants are vulnerable to disease stress, the change of internal physiological structure, the 234 

decrease of chlorophyll content, the decrease of photosynthesis and the decrease of the ability 235 

of absorbing water and nutrients. As a result, these plants exhibit external symptoms such as 236 

blotches and yellowing (Yao et al. 2014). 237 

3.1.2 Analysis of spectral characteristics based on first derivative spectra 238 

In this study, three types of reclaimed vegetation and normal vegetation of tung oil tree, 239 

bamboo willow and Photinia glabra were treated by first derivative. According to the 240 

treatment results, the new spectral curve information was compared and analyzed. 241 

 242 

Fig.3.The first derivative spectra of tung oil tree, bamboo willow and photinia glabra. 243 
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Table 3  244 

Statistics of "trilateral parameters" of first derivative spectra of tung oil tree, bamboo 245 

willow and photinia glabra. 246 

Vegetation types 𝐃𝐛 𝛌𝐛 𝐃𝐲 𝛌𝐲 𝐃𝐫 𝛌𝐫 

Reclaimed tung oil tree 0.0048 520 -0.0019 572 0.0168 697 

Normal tung oil tree 0.0013 525 -0.0010 569 0.0119 717 

Reclaimed bamboo willow 0.0025 529 0.0004 592 0.0063 719 

Normal bamboo willow 0.0011 527 -0.0007 574 0.0080 726 

Reclaimed photinia glabra 0.0008 514 -0.0022 592 0.0172 696 

Normal photinia glabra 0.0025 521 -0.0015 570 0.0130 718 

 247 

It can be seen from Figure. 3 that the spectral changes among different types of 248 

vegetation and between the same type of reclaimed vegetation and normal vegetation are 249 

roughly the same, and there are only differences in some band positions and reflectance. In 250 

the visible light range, the derivative spectral characteristics are obvious. For example, in the 251 

350-450 nm band, due to the low reflectance of three vegetation, the reflectance changes 252 

little, and the derivative spectral reflectance value is small; The typical “red edge” position in 253 

the range of 680-760nm results in a sharp rise and fall in the first-order spectral reflectance of 254 

the three vegetation species, whose first-order derivative spectrum is the maximum in the 255 

whole band. 256 

In order to further analyze the difference of derivative spectra between the same type of 257 

reclaimed vegetation and normal vegetation and different types of vegetation, the statistical 258 

results of "trilateral parameters" in Table 3 were used for comparison. The blue shift of “red 259 

edge” was found in all the red edge parameters of the three vegetation types, but the changes 260 

of the three vegetation types were not consistent. The “red edge” of the reclaimed tung oil 261 

tree, bamboo willow and photinia glabra were 697 nm, 719 nm and 696 nm, respectively. 262 

Their “red edge” radiations are 0.0168,0.0063 and 0.0172, respectively. As for the blue edge 263 

parameters, tung oil tree showed an asynchronous change. Compared with the normal Tung 264 

oil tree, the reclaimed Tung increased 0.0035 in Db and decreased 5nm in λb, and the 265 

willow showed an asynchronous change in yellow edge parameters and decreased 0.0003 in 266 Dy, the λy increased by 18 nm; In terms of red edge parameters, the radiation values and 267 

band positions of tung oil tree and Photinia glabra are asynchronous. Compared with normal 268 

tung oil tree, reclaimed tung oil tree has an asynchronous change. Increasing 0.049 in 269 Dr and decreased by 20 nm in λr; At the Dr site of Photinia Glabra increases by 0.0042, 270 

and at the λr  site decreases by 22 nm. Among them, the difference of " Trilateral 271 
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parameters" of bamboo willow is smaller than that of tung oil tree and photinia glabra. And 272 

the adaptability of reclaimed bamboo willow in the mining area is stronger. 273 

3.1.3 Analysis of spectral characteristics based on the continuum removed spectra 274 

In this study, the original spectra of tung oil tree, bamboo willow and photinia glabra 275 

were continuum removed (Figure. 4). At the same time, the vegetation spectral information is 276 

analyzed with the help of the new absorption characteristic parameters included in the 277 

continuum removed spectrum, as shown in Table 4. 278 

 279 

 280 

Fig.4. Spectral curves of tung oil tree, bamboo willow and Photinia glabra. 281 

Table 4  282 

Statistics of de envelope spectral parameters of tung oil tree, bamboo willow and photinia glabra. 283 

Vegetation types 𝛌𝐏 𝐑𝐏 W H A K SAI S 

Reclaimed tung oil tree 677 0.1476 198 0.8524 84.3876 0.0018 5.8855 0.3687 

Normal tung oil tree 673 0.1309 259 0.8691 112.5485 0.0026 5.1032 0.4903 

Reclaimed bamboo willow 677 0.1545 203 0.8455 85.8183 0.0018 5.5749 0.3793 

Normal bamboo willow 674 0.1153 209 0.8847 92.4512 0.0031 6.2775 0.4211 

Reclaimed photinia glabra 677 0.1454 237 0.8546 101.2701 0.0024 5.7701 0.2827 

Normal photinia glabra 674 0.1032 205 0.8968 91.922 0.0030 7.3869 0.3902 

Due to the existence of green peaks, red valleys and near-infrared reflectance platforms, 284 

the absorption characteristics are most significant at the Red Valley. From this point on, it is 285 

easier to get good results by analyzing the absorption characteristics. In the de envelope 286 

spectrum, there are similar changes in absorption parameters between different vegetation 287 

reclamation and normal vegetation. Due to the poor ecological environment, the reclaimed 288 

vegetation is located in the red valley λP will shift to the long wave direction, and the 289 

absorption capacity will decrease, resulting in RP reflectivity increases. In addition, the "red 290 

shift" phenomenon causes the red valley wavelength to become larger, and the value of S for 291 

reclaimed vegetation is smaller than that of normal vegetation, indicating that the absorption 292 

0

0.2

0.4

0.6

0.8

1

350 650 950 1250

R
ef

le
ct

a
n

ce

Wavelength/nm

Reclamation of tung oil tree

Normal tung oil tree

Reclamation of bamboo willow

Normal of bamboo willow

Reclamation of photinia glabra

Normal photinia glabra



 

* Corresponding author. 

E-mail address: giskai@126.com; Tel. +8615807975730 

peak of reclaimed vegetation is closer to the wavelength of the right shoulder of the 293 

absorption characteristic. The A value of reclaimed tung oil tree and bamboo willow is lower 294 

than that of normal vegetation, which means that the absorption area of reclaimed vegetation 295 

is smaller than that of normal vegetation; the three types of vegetation have consistent laws in 296 

the absorption depth H and absorption slope changes. 297 

3.2 Extraction of sensitive spectral parameters. 298 

Rare earth mining areas will form a different growth environment from other mining 299 

areas and non-mining areas under the influence of mining technology. The chlorophyll 300 

content estimation model of reclaimed vegetation is directly used to construct the existing 301 

spectral parameters, and the accuracy of the chlorophyll content estimation is often 302 

unsatisfactory (Yu et al. 2018). In view of the spectral differences of the reclaimed vegetation 303 

in rare earth mining areas, separate spectral parameter extraction is required. In this study, 304 

based on the original spectrum, derivative spectrum, the continuum removed spectrum, the 305 

spectrum curve, characteristic parameters and vegetation index, the sensitive spectrum 306 

parameters for reclaimed vegetation were extracted. 307 

Based on the original spectra of the three reclaimed vegetations, the correlation between 308 

the entire band range of the first derivative spectra and the chlorophyll content is calculated. 309 

The correlation between the original spectrum and the first derivative spectrum of the 310 

reclaimed vegetation and the chlorophyll content changes with the waveband. There are both 311 

positive and negative correlation coefficients in the entire correlation coefficient curve. In 312 

some bands, the significant and extremely significant correlations are satisfied. The original 313 

spectral reflectance in the visible light region has a strong correlation with the chlorophyll 314 

content, while the near-infrared spectral reflectance has a low correlation with the chlorophyll 315 

content. 316 

Compared with the original spectrum, the correlation between the first derivative 317 

spectrum and the chlorophyll content is improved obviously, and the range and correlation of 318 

the band are better than that of the original spectrum. In conclusion, the correlation between 319 

the first derivative spectrum and chlorophyll content is higher than that of the original 320 

spectrum in the sensitive band, which shows that the first derivative can eliminate the 321 

influence of soil background to a certain extent. However, the stability of the first derivative 322 

Spectra at some wavebands is obviously worse than that of the original spectra.  323 
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 324 

Fig .5 . The original spectral correlation coefficient curve of tung oil tree, bamboo willow and 325 

photinia glabra. 326 

 327 

Fig. 6. Correlation coefficient curve of first derivative spectrum of tung oil tree, bamboo willow and 328 

photinia glabra. 329 

In this study, the highly significant correlation Coefficient (p < 0.01) was used as the 330 

sensitive spectral parameter extraction standard, and the relatively large band of absolute 331 

correlation Coefficient was selected as the candidate spectral parameter, the Derivative 332 

Spectra have more spectral parameters than the original spectra. 333 

Table 5 334 

 Extraction statistics of original spectra and first derivative spectra of tung oil tree, bamboo willow, 335 

photinia glabra. 336 

 Tung oil tree Bamboo willow   Photinia glabra 

 Spectral 

parameters 

Correlation 

coefficients 

Spectral 

parameters 

Correlation 

coefficients 

Spectral 

parameters 

Correlation 

coefficients 

Original 

spectrum 

595nm 

 

-0.8974 631 -0.5097 643nm -0.6145 

 700nm -0.9176 697 -0.5167 692nm -0.5654 

     761nm 0.4918 

Derivative 

spectrum 

550nm 

-0.9021 479 -0.6149 447nm -0.5172 
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 662nm 0.8997 554 -0.6180 630nm -0.6531 

 692nm -0.9433 671 0.8047 674nm 0.841 

 1685nm -0.8819 690 -0.6881 683nm -0.6856 

   741 0.6219 726nm 0.8489 

   922 -0.6046 1648nm 0.5585 

   1028 0.5934   

   1132 -0.6260   

   1214 0.5715   

 337 

Based on the "trilateral" parameter of the derivative spectrum and the absorption 338 

parameter of the continuum removed, the correlation analysis with the chlorophyll content is 339 

carried out, and the parameters that reach the extremely significant correlation level of P<0.01 340 

are selected as candidate spectral parameters for the chlorophyll content estimation model 341 

construct. 342 

Table 6  343 

Extraction statistics of the "trilateral" parameters and absorption parameters of tung oil tree, bamboo 344 

willow and photinia glabra. 345 

 

 

Tung oil 

tree 

Bamboo 

willow 

Photinia 

glabra 

“Trilateral” 

parameters and 

absorption 

parameters 

Tung oil 

tree 

Bamboo 

willow 

Photinia 

glabra 

Db -0.7693   λg -0.8016   

λb 0.9469   λp   -0.6529 

(Rg-Rv)/ 

(Rg+Rv) 

-0.4628   SDr/SDb 0.9240 0.675  

(SDr-SDy)/ 

(SDr+SDy) 

  0.6413 

（SDr-SDb)/ 

(SDr+SDb) 

0.9301 0.681  

λy -0.8620   SDb  -0.8467  

Dr -0.7356   Dy  0.7968  

λr 0.9415 0.612 0.9245 Rp -0.6078  -0.5203 

Rv -0.5857   W 0.6667  0.6235 

λv -0.8208 -0.670 -0.8087 H 0.6078 0.6248 0.5203 

Rg -0.8441   A 0.7575 0.7317 0.6571 

SDr   0.5381 K 0.8742 0.7113 0.6998 

SDy   -0.5271 S 0.6952 0.4989  
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 346 

In the "trilateral" parameters, the absolute value of the correlation coefficient of Tung oil 347 

above 0.9 is the blue edge position λb, the red edge position λr, the red edge area to blue edge 348 

area ratio SDr / SDb , the normalized red edge area and blue edge area. The edge area ratio（349 

SDr-SDb)/ (SDr+SDb) indicates that it is easier to extract the sensitive spectral parameters 350 

from the red and blue spectral angles. Among the four "trilateral" parameters extracted from 351 

bamboo willow, three parameters are related to the position of the red edge, indicating that 352 

the red edge parameter of the reclaimed vegetation has more sensitive response characteristics 353 

to the chlorophyll content. The maximum correlation of photinia glabra is 0.9245 of the red 354 

edge position λr. Therefore, estimating the chlorophyll content of photinia glabra from the red 355 

edge range of the vegetation spectrum can achieve better results. 356 

Based on the vegetation index calculation method in 1.3, the normalized vegetation 357 

index ND, the ratio vegetation index SR and the chlorophyll content of the reclaimed 358 

vegetation were calculated respectively, and the research scope was selected from 359 

350nm~1350nm with better chlorophyll response effect. According to the calculation results, 360 

the band combinations that meet the extremely significant correlation level are extracted as 361 

candidate spectral parameters. The calculation process and the graphical display of the 362 

correlation results are all completed in MATLAB. 363 

 364 

 365 
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 366 

Fig. 7. Correlation coefficient distribution of SR and ND of tung oil tree, bamboo willow and 367 

photinia glabra. 368 

Table 7 369 

 Extraction of vegetation index of tung oil tree, bamboo willow and photinia glabra. 370 

Tung oil tree Bamboo willow Photinia glabra 

Vegetation index 

Correlation 

coefficients 

Vegetation 

index 

Vegetation 

index 

Vegetation index 

Vegetation 

index 

SR（488/646） 0.9419 SR(541/762) -0.7566 SR(663/1350) -0.7171 

SR（499/504） 0.8926 SR(713/763) -0.7902 SR(703/1159) -0.9094 

SR（575/937） -0.9288 SR(762/541) 0.6942 SR(734/709) 0.8962 

SR（705/937） -0.9431 SR(712/817) -0.7995 

ND[(714-713)/(714+7

13)] 

0.9000 

SR（713/725） -0.9520 

ND[(763-739)/(

763+739)] 

0.7618 

ND[(762-634)/(762+6

34)] 

0.8444 

SR（664/660） 0.9273     

ND[(506-488)/(506+488)] -0.8887     

ND[(595-456)/(595+456)] -0.9268     

ND[(850-573)/(850+573)] 0.9153     

ND[(720-709)/(720+709)] 0.9507     

ND[(669-658)/(669+658)] 0.9273     

 371 

Select the extremely significant vegetation index with the absolute value of the 372 

correlation coefficient above 0.8, and the ratio vegetation index SR meets the significant 373 

correlation band combinations are far more than the normalized vegetation index ND. 374 

First of all, in terms of the original spectrum and the first derivative spectrum, all 375 

sensitive spectrum parameters exist in the visible and near-infrared range. However, the 376 

wavelength positions of the sensitive spectral parameters of different vegetations are 377 

different; in the screening of the "trilateral" parameters and absorption parameters, it is found 378 
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that the three types of reclaimed vegetation are consistent in the "trilateral" parameters λr, λv 379 

and SD, but the correlation coefficient of bamboo willow. It is significantly lower than other 380 

vegetations, and the average value of the extraction parameters is also lower than other 381 

vegetations; the selection results of absorption parameters H, A, K are consistent, and the 382 

differences are irregular; there are differences in the selection of other "trilateral" parameters 383 

and absorption parameters. For the vegetation index SR and ND, the three types of reclaimed 384 

vegetation have multiple band combinations that meet the requirements of sensitive 385 

parameters. The combined bands of SR and ND screened by different vegetation are different, 386 

but the correlation coefficient of the vegetation index extracted by bamboo willow is far 387 

lower much lower than that of other vegetation. 388 

The hyperspectral band has a narrow range, and environmental changes can easily cause 389 

fluctuations in the vegetation spectrum curve, which in turn affects the vegetation index. 390 

Therefore, if the existing normalized vegetation index and ratio vegetation index and 391 

chlorophyll content are used for correlation analysis, the correlation will decrease. In this 392 

study, the full-band index calculation method was used to find the band combination with the 393 

best correlation with the chlorophyll content, and screen out the normalized vegetation index 394 

ND and ratio index SR suitable for the environment of rare earth mining areas. Compared 395 

with the normalized vegetation index and ratio vegetation index of rare earth mines extracted 396 

by Ou Bin according to previous studies, this study has obtained multiple vegetation indexes 397 

that meet the requirements of sensitive spectral parameters, which can provide richer spectral 398 

information for chlorophyll analysis at the same time, the correlation coefficient has been 399 

improved overall. 400 

3.3 Estimation and analysis of chlorophyll content 401 

Due to the characteristics of narrow band channels and large number of band channels, 402 

hyperspectral technology can select characteristic spectral parameters that respond sharply to 403 

chlorophyll content through correlation calculations with chlorophyll content, which can be 404 

used for chlorophyll content estimation model construction, so as Spectral remote sensing 405 

satellite image data for rapid and large-scale collection of vegetation chlorophyll content. In 406 

this study, PLS algorithm, BP neural network algorithm, and SAE neural network algorithm 407 

were used to construct the estimation model of chlorophyll content of reclaimed vegetation 408 

tung oil tree, bamboo willow and photinia glabra. 409 

3.3.1 Estimation of chlorophyll content 410 

Three different estimation methods were used to model the chlorophyll content of 411 

reclaimed vegetation based on the sensitive spectral parameters of various reclaimed 412 
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vegetation, and the platform was MATLAB. After the construction of the MODEL, the model 413 

evaluation factor is used to evaluate the model accuracy. The coefficient of determination R2 414 

root, mean square error 𝑅𝑀 and the relative error 𝑅𝐸 are used to evaluate the model. 415 

 416 

a Estimated based on PLS 417 

 418 

b Based on BP neural network 419 

 420 

c Based on SAE neural network 421 

Fig .8. Comparison of real and predicted values of chlorophyll content of reclaimed vegetation in 422 

different models. 423 

3.3.2 Comparative analysis of model inversion accuracy 424 

Table 7 425 

 Evaluation index analysis of the estimation model of chlorophyll content of reclaimed vegetation based 426 

on different models. 427 

Models 

Tung oil tree Bamboo willow Photinia glabra 

R2 𝐑𝐌 𝐑𝐄 R2 𝐑𝐌 𝐑𝐄 R2 𝐑𝐌 𝐑𝐄 

PLS 0.7884 3.6955 13.42% 0.5908 3.4490 7.5700% 0.8704 5.8650 14.82% 

BP neural network 0.8705 2.5426 8.9171% 0.6757 2.3803 5.4028% 0.9844 1.5973 5.4030% 

SAE neural network 0.9117 2.2370 7.8393% 0.7418 2.1782 5.0118% 0.9815 1.5602 4.5859% 

 428 

In order to further compare the estimation models of the reclamation vegetation 429 
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chlorophyll content established by the three algorithms, statistics of the determination 430 

coefficient R2, root mean square error RM, and relative error RE of various vegetation 431 

validation set model evaluation indicators are calculated. The results are shown in Table 6. 432 

On the whole, in the three chlorophyll content estimation models established by various 433 

reclaimed vegetation, the determination coefficient R2 is gradually increased by the PLS 434 

algorithm, BP neural network algorithm, and SAE neural network algorithm. Although the 435 

SAE neural network algorithm of Photinia glabra is slightly smaller than the BP neural 436 

network algorithm, the R2 values of both are above 0.98; and the root mean square error RM 437 

and the relative error RE are determined by the PLS algorithm, BP neural network algorithm, 438 

and the SAE neural network algorithm gradually decreases, which shows that the estimation 439 

effect based on SAE neural network is the best, which is higher than the other two estimation 440 

methods. The reason is that the relationship between vegetation chlorophyll and spectral 441 

characteristics is not fixed, but a nonlinear relationship exists. The non-linear 442 

problem-solving ability of the SAE algorithm makes it superior to the linear analysis method 443 

PLS in chlorophyll estimation; SAE method effectively solves the local optimization problem 444 

in the network through the layer-by-layer pre-training and fine-tuning process, and 445 

accelerates the network convergence speed. In contrast, the BP neural network method is 446 

better than the PLS method in estimation accuracy because of its non-linear problem-solving 447 

ability, but its own existence is easy to fall into local problems, making its estimation 448 

accuracy inferior to the SAE neural network. On the whole, in the estimation methods of the 449 

rare earth mines reclamation vegetation, the SAE neural network estimation method is the 450 

best and can be applied to the reclamation vegetation; the BP neural network estimation 451 

method of photinia glabra is better than the SAE, the difference is very small, only 0.003 452 

difference. The precision of bamboo willow is the lowest among all the estimation methods. 453 

4 Discussion 454 

In order to explore the influence of rare earth mineral ecological environment on 455 

vegetation growth, the spectral curve and spectral characteristics of reclaimed vegetation and 456 

normal vegetation were analyzed. The environmental stresses such as soil composition, soil 457 

erosion and so on in rare earth minerals cause the spectral changes of the reclaimed 458 

vegetation such as the increase of the reflectance, the red shift of the position of the green 459 

peak and Red Valley, and the blue shift of the position of the “red edge” , but the difference 460 

of different vegetation is different, such as the size of “red shift” , the larger the spectral 461 

change, the more severe the response to the ecological stress of rare earth minerals, not 462 

conducive to the healthy growth of vegetation itself (Zhu et al. 2018). The spectral variation 463 

and the correlation coefficient of sensitive spectrum between reclaimed and normal bamboo 464 
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willows are smaller than other vegetation, which indicates that different vegetation has 465 

different adaptability to the environment of rare earth mining area. Therefore, in the 466 

ecological rehabilitation of rare earth mining area, it is necessary to select the vegetation 467 

which is less affected by the environment of mining area to carry out the reclamation project. 468 

Based on various spectral transformations, correlation calculation with chlorophyll 469 

content is performed to extract sensitive spectral parameters of reclaimed vegetation. The 470 

spectral variation of rare earth minerals causes different vegetations to have different spectral 471 

characteristics suitable for inversion, which have commonalities and differences. In the 472 

original spectrum and the first derivative spectrum, the visible light range is the main one; in 473 

the "trilateral" parameters and absorption parameters The red edge position range (640-680 474 

nm) is mainly used in the medium, and there are a few common parameters; in the vegetation 475 

index extraction, the combination of the green light band and the red edge position band is 476 

mainly used. However, the specific characteristic parameters extracted by different 477 

vegetations are different, and the vegetation index suitable for the environment of rare earth 478 

mining areas is selected and its correlation coefficient is improved. Therefore, spectral feature 479 

extraction should be performed according to the particularity of rare earth ore. 480 

In the chlorophyll estimation model, in view of the findings of previous studies (Zheng 481 

at al. 2019), the linear regression method represented by the traditional statistical model has 482 

certain limitations, the estimation model constructed is not high in accuracy, and the 483 

difference between different types of vegetation is obvious. Non-linear methods such as 484 

neural networks have certain general applicability. In particular, the SAE model is suitable for 485 

small sample inversion, suitable for the variation of reclaimed vegetation caused by multiple 486 

stress environments of rare earth mines. Can extract special features by virtue of its 487 

multi-layer feature extraction and nonlinear mapping capabilities. Spectral characteristics. 488 

This study analyzed the spectral differences between the reclaimed vegetation in the 489 

mining area and the normal vegetation, but did not thoroughly analyze the relationship 490 

between the vegetation spectrum in the mining area, soil, growth time and other factors, and 491 

the degree of stress on the health of the vegetation by the mining environment. Subsequent 492 

studies should further refine the research plan, expand the monitoring of the growth 493 

environment and physiological characteristics of the samples, reveal the deep mechanism of 494 

the changes in the spectral characteristics of plants in the mining area, and build spectral 495 

inversion models for different vegetations to monitor the health of surface plants in large 496 

areas and long-term mining areas. Providing theoretical foundation and technical support for 497 

precise management of the ecological environment of the mining area. 498 

5 Conclusion 499 
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In this study, the spectrum analysis of three types of reclaimed vegetation in rare earth 500 

mining areas, Tung Oil Tree, Bamboo Willow, and Photinia Glabra, combined with a variety 501 

of spectral processing methods, found that there are serious spectral variations between the 502 

reclaimed vegetation and the normal vegetation. Spectral characteristics such as increased 503 

reflectance of the area, red shift of the green peak and red valley position, and blue shift of 504 

the “red edge” position. The degree of variation of different vegetations is inconsistent, 505 

indicating that there are certain differences in adaptability to the environment, among which 506 

bamboo willow are better adapted to the mining environment. After calculating the 507 

correlation between vegetation spectrum and chlorophyll content and extracting sensitive 508 

spectrum parameters, it is found that the sensitive parameters extracted by different 509 

vegetations have similarities and differences. The sensitive parameters belong to the same 510 

range, but the specific parameters are not consistent. Its unique sensitive spectral parameters 511 

are attributed to the spectral difference caused by rare earth minerals. 512 

Finally, an estimation model of the optimal chlorophyll content of each reclaimed 513 

vegetation was constructed. The SAE neural network estimation model can be applied to the 514 

reclaimed vegetation of rare earth mines, but Photinia glabra can also achieve the same 515 

accuracy through the BP neural network. Studies have shown that traditional linear statistical 516 

models are not effective when compared with nonlinear models such as neural networks. 517 

Inversion models based on neural networks and deep learning will become the trend of future 518 

hyperspectral development, which can provide rapid growth of vegetation in large-scale 519 

mining areas. Dynamic monitoring, UAV monitoring and hyperspectral remote sensing 520 

applications lay a solid research foundation. 521 
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Figures

Figure 1

Experimental structure. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.



Figure 2

Original spectral curves of tung oil tree, bamboo willow and photinia glabra.

Figure 3

The �rst derivative spectra of tung oil tree, bamboo willow and photinia glabra.



Figure 4

Spectral curves of tung oil tree, bamboo willow and Photinia glabra.

Figure 5

The original spectral correlation coe�cient curve of tung oil tree, bamboo willow and photinia glabra.



Figure 6

Correlation coe�cient curve of �rst derivative spectrum of tung oil tree, bamboo willow and photinia
glabra.

Figure 7

Correlation coe�cient distribution of SR and ND of tung oil tree, bamboo willow and photinia glabra.



Figure 8

Comparison of real and predicted values of chlorophyll content of reclaimed vegetation in different
models.


