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Abstract 13 

Background: Vegetation heat-stress assessment in the reclamation areas of coal gangue dumps is of 14 

great significance in controlling spontaneous combustion. Methods: The study simulated the heat-stress 15 

environment of a coal gangue dump reclamation area through a temperature gradient experiment. We 16 

collected leaf spectrum and water content data on alfalfa plants commonly planted in such areas. We then 17 

obtained the optimal spectral features of appropriate leaf water content indicators through time series 18 

analysis, correlation analysis, and least absolute shrinkage operator (lasso) regression analysis. A spectral 19 

feature-based long short-term memory (SF-LSTM) model is proposed to estimate alfalfa's heat stress 20 

level. Results: Comparing three leaf water content indicators, we found that the live fuel moisture content 21 

(LFMC) varies significantly with time and has high regularity. Correlation analysis of the raw spectrum, 22 
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first-derivative spectrum, vegetation indexes and leaf water content data shows that LFMC and spectral 23 

data were the most strongly correlated. Combined with lasso regression analysis, the optimal spectral 24 

features were the first-derivative spectral value at 1661 nm (abbreviated as FDS (1661)), RVI (1525, 25 

1771), DVI (1412, 740) and NDVI (1447,1803). When the classification strategies were divided into 26 

three categories and the time sequence length of the spectral features was set to five consecutive 27 

monitoring dates, the SF-LSTM model had the highest accuracy in estimating the heat stress level in 28 

alfalfa. The accuracy of the training set was > 95% and the accuracy of the verification set was about 29 

90%. Conclusion: The results provide an important theoretical basis and technical support for vegetation 30 

heat-stress assessment in coal gangue dump reclamation areas.  31 

Keywords: heat stress, live fuel moisture content, spectral features, long-short-term memory  32 

Background 33 

The organic materials in coal gangue dumps can oxidize and generate heat, such that spontaneous 34 

combustion may occur when the rate of heat generation exceeds that of heat dissipation [1-2]. The 35 

spontaneous combustion of coal gangue dumps poses a serious threat to the environment and human 36 

safety. This spontaneous combustion, by releasing a large number of toxic and harmful gases and 37 

chemical [3], damages the surrounding soil and water environment in the mining area [4-5]. It may also 38 

cause geological disasters during the long-term stacking [6], resulting in human casualties. In 2005, a 39 

coal gangue hill in China, spontaneously ignited, resulting in the death of eight people and burns to 122 40 

people [7]. Further, over 30 miners were killed in the Ukraine from an explosion due to spontaneous 41 

combustion of coal in 2014 [8]. Remediation of coal gangue dumps mainly involves land reclamation 42 

and ecological reconstruction to reduce the probability of spontaneous combustion and other disasters 43 

[9]. A warning of spontaneous combustion in coal gangue dump reclamation areas helps managers take 44 
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effective and timely countermeasures. Remote sensing can be used for this purpose. Research this type 45 

of monitoring has mostly focused on surface temperature and coal fire monitoring via thermal infrared 46 

sensing [10-15]. However, changes in surface temperature are greatly affected by climate, sunshine, and 47 

other factors, which cause high hysteresis in spontaneous coal fire monitoring and make it impossible to 48 

obtain reliable early warnings. It has been found that prior to spontaneous combustion in coal gangue 49 

dumps, there is an internal heat accumulation stage that can affect the growth of plants. In this stage, 50 

there is potential to gain an early warning based on the spectral responses of plants. By averting 51 

spontaneous combustion disasters, the ecological environments of mining areas can be fundamentally 52 

improved. 53 

 Heat accumulation inside gangue dumps increases the surface soil temperature, which can reduce 54 

root numbers, roots’ absorption of water and nutrients, and plant fresh weights [16]. High soil 55 

temperature is far more influential than high air-temperature on plant growth [17]. At present, few studies 56 

have used remote sensing to monitor soil heat stress, and have mainly focused on drought stress [18], 57 

waterlogging stress [19], high-temperature stress [20], disease stress and heavy metal stress [21]. Plant 58 

environmental stress has been estimated directly or indirectly based on spectral features (such as 59 

frequency-domain transformation features [22], vegetation indexes [23]), physiological and biochemical 60 

parameters (such as plant water [24], the leaf area index [25], pigment content [26], and chlorophyll 61 

fluorescence parameters [27])  62 

 The heat stress caused by internal spontaneous combustion may eventually evolve into a fire in coal 63 

gangue dump reclamation areas. In such scenarios, the monitoring of plant water status is an important 64 

factor in detecting temperature anomalies [28]. Remote sensing can monitor plant water content because 65 

plant water absorbs radiation in the near-infrared (750–1300 nm) and short-wave-infrared (1300–2500 66 
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nm) regions [29]. Research has found that equivalent water thickness (EWT [18]), LFMC [30 ], and the 67 

relative water content (RWC [31]) of leaves can better reflect vegetation water status. Currently, 68 

commonly used vegetation moisture inversion methods include radiation transfer model inversion [32-69 

34], traditional regression models [35-37], and machine learning models [38]. Yebra M et al. [39] used 70 

radiation transfer model inversion to estimate fuel moisture contents from MODIS reflectivity data and 71 

established a flammability index through logistic regression modeling to map fire risk in Australia. Yi Q 72 

et al. [40] reported that DR1647/DR1133 and DR1653/DR1687 (DR = first-order differential reflectance 73 

value) are the optimal indexes for estimating EWT and LFMC, respectively. Rodríguez-Pérez JR et al. 74 

[35] used near-ground hyperspectral data to estimate grape leaf water content and used ordinary least-75 

squares regression (OLSR) and functional linear regression (FLR) modeling, finding that the FLR model 76 

centered at 1465 nm had the highest accuracy (R2 = 0.7, RMSE = 8.485). Krishna G et al. [41] predicted 77 

RWC according to the water deficit stress status of rice genotypes based on spectral indices, multivariate 78 

techniques, neural network techniques, and existing water-band indices. They proposed new water-band 79 

indices—the ratio index (RI) and normalized difference ratio index (NDRI)—for this purpose. In 80 

previous studies, the water indicators obtained by remote sensing technology have been used to 81 

qualitatively analyze plant water condition over an entire monitoring period to determine environmental 82 

stress level on vegetation. However, the accuracy and timeliness of the results are usually insufficient.  83 

In this paper, a long-short-term-memory network model based on spectral features is proposed to 84 

estimate heat stress. It simulates the temperature-gradient test of plant heat stress in coal gangue dump 85 

reclamation areas and monitors plant water condition based on hyperspectral remote sensing. This 86 

provides a new way to monitor spontaneous combustion in coal gangue dumps. This method considers 87 

temporal variation in the spectral features of water status in vegetation under environmental stress. It 88 
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allows accurate diagnoses to be made soon as possible and provides a new method of remote sensing 89 

monitoring of other environmental stresses. 90 

Materials and methods 91 

Experimental design  92 

The simulation experiment was carried out in the autumn of 2020 at the potted proving ground of 93 

Yangzhou University, Yangzhou, China (119° 25′ N, 32° 23′ E). Yangzhou is in the transition zone 94 

between the humid subtropical monsoon climate and the temperate monsoon climate. It has four distinct 95 

seasons and abundant sunshine and rainfall. Alfalfa, a common herbaceous plant commonly used in the 96 

reclamation areas of coal gangue dumps, was selected as the experimental plant. The species used was 97 

Algonquin [42].  98 

 Seeds were sown on September 10, 2020, at a sowing density of 10 holes per pot and two seeds per 99 

hole. Ten seedlings per pot were grown to the three-leaf stage and harvested on November 15, 2020. The 100 

inner diameter of the bottom of the barrel was 20 cm, the inner diameter of the mouth was 28 cm, the 101 

height of the pots was 31.5 cm, and the empty barrel weighed 0.54 kg. Each barrel was loaded with 10 102 

kg air-dried light loam and 5.28 g compound fertilizer with an N-P-K ratio of 15%-15%-15%. One kg of 103 

soil was used to cover the seeds after sowing. The first alfalfa crop took about 60 days to grow from the 104 

sowing to the flowering stage. The gradient experiment of heat stress was started on October 16, 2020. 105 

One control group and five experimental groups were set. For the experimental groups, five heat sources 106 

of different temperature T (T1 = 60 ℃, T2 = 90 ℃, T3 = 120 ℃, T4 = 150 ℃, and T5 = 180 ℃) were 107 

placed at a depth of 30 cm in the soil layer, which is the typical thickness of overlying soil used in 108 

reclamation projects [43] (Fig. 1(b)). Each group was replicated five times, as shown in Fig. 1(a). The 109 

relative water content of all treated soils was controlled at about 60%. 110 
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 111 

Fig.1 (a) Field of simulation experiment of heat stress in alfalfa and (b) schematic diagram of the 112 

heating equipment. 113 

Data acquisition 114 

Spectral data 115 

A portable ground object spectrometer (Spectra Vista Corporation SVC HR-1024I) was used to measure 116 

the spectral reflectance of alfalfa leaves. The spectral measurement range was 340–2500 nm and the 117 

spectral sampling intervals were 1.5 nm (sampling range 350–1000 nm), 3.8 nm (sampling range 1000–118 

1885 nm), and 2.5 nm (sampling range 1885–2500 nm). The resample interval was 1 nm. The 119 

measurements were synchronized with the heating. The first measurement was made on October 16, 120 

2020, and then every 4 days. The spectral reflectance of leaves was measured between 10:00 and 14:00 121 

on sunny and windless days. The spectral data were collected eight times until November 15, 2020, when 122 

it was overcast and rainy. A standard whiteboard was used for calibration of measurements using a hand-123 

held leaf spectrum detector with a light source. This was clamped to the middle part of a leaf sample to 124 

measure its spectrum. Each process measured three pots and each pot was measured six times, with the 125 
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average taken as the processed alfalfa leaf spectrum reflectance. During the measurement process, 126 

standard whiteboard calibration was performed every 30 minutes. 127 

Leaf water content 128 

Leaf water content data were collected synchronously with spectral data. Three alfalfa samples were 129 

selected for each treatment and packed in self-sealing plastic bags to avoid water loss from the plants as 130 

much as possible. Samples were quickly brought back to the laboratory to weigh their fresh weight ( f
m ) 131 

with a precision balance and manually measure their leaf area. Each treated fresh leaf was put into a 132 

beaker filled with distilled water and soaked for 24 hours. After reaching a constant weight, the saturated 133 

fresh weight was measured ( t
m ). Then a blade put into the paper bag, which was placed in an oven at 134 

105 ℃ for 30 min, then the drying temperature was set at 80 ℃ for 48 h until the constant weight was 135 

attained, which was measured as the dry weight ( d
m ). The leaf water content was calculated according 136 

to Eqs. (1), (2), and (3): 137 

 138 

 
f d

d

m m
LFMC

m


   (1) 139 

Where f
m  is the measured weight of fresh leaves and d

m  is the weight of the same sample after 140 

drying. 141 

. 142 

 
f d

m m
EWT

A


   (2) 143 

Where A  is the leaf area. 144 

 
f d

t d

m m
RWC

m m





  (3) 145 

Where t
m is the measured saturation weight of the leaves. 146 
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Methods 147 

Spectral feature construction 148 

Raw spectral data processing: Matlab 2017a (Mathworks, Natick, Massachusetts, USA) was used to 149 

average the spectral curves collected for each treatment in the heat-stress test to reduce the differences 150 

within groups. Then, a one-dimensional Gaussian filter was applied to the mean spectral curve along the 151 

spectrum direction to smooth it. The sliding window was set to 5, as shown in Figure 2. 152 

 153 

Fig. 2 Schematic diagram of one-dimensional Gaussian filtering along the spectrum direction, with a 154 

sliding window of 5. 155 

 First derivative spectrum: Differential processing of a spectrum can reduce the influence of 156 

background information such as field noise and soil on spectral data [44]. The direct difference method 157 

was used to calculate the first-derivative spectrum of spectral reflectance to highlight the target spectral 158 

features. Eq. (4) was used to calculate the first derivative of the spectrum. 159 

 '( ) [ ( 1) ( 1)] / 2
i i i

             (4) 160 

In the formula, i
   is the wavelength, ( )

i
    and '( )

i
    are the reflectance and first-derivative 161 

spectrum of the wavelength i
  , respectively, and    ∆𝜆  is the interval between the wavelength 162 

1
i
    and i

 . 163 

 Vegetation index: The vegetation index was constructed using the two-band combination method 164 

of raw and first-derivative spectral reflectance, and compared with the conventional vegetation index 165 

(Table 1). The two-band combination method included the ratio vegetation index ( 1 2 ( ,  )RVI    ), 166 

normalized difference vegetation index ( 1 2 ( ,  )NDVI    ), and difference vegetation index 167 
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( 1 2 ( ,  )DVI   ). These are commonly used in remote sensing monitoring. The selection range of any 168 

band combination was between 340–2500 nm and their formulas [45] are as follows: 169 

 
1 2 1 21 2 ( ,  ) ( ) / ( )NDVI R R R R          (5) 170 

 
1 21 2 ( ,  ) /RVI R R      (6) 171 

 
1 21 2 ( ,  )DVI R R       (7) 172 

Where 1 and 2  are wavelengths (nm); and 
1

R  and 
2

R  are the reflectances at wavelengths 1  173 

and 2 , respectively, and 1 2  .  174 

Table1 Vegetation indices related to leaf water content. 175 

Vegetation index Acronym Equation1 Reference 

Water index WI (900, 970) 900 970/R R  [46] 

Water index WI (1300, 1450) 1300 1450/R R  [47] 

Normalized difference 

water index 

NDWI  870 1260 870 1260( ) / ( + )R R R R  [48] 

Normalized difference 

vegetation index 

NDVI (R858 − R645)/(R858 + R645) [49] 

Normalized difference 

infrared index 

NDII  858 645 858 645( ) / ( + )R R R R  [50] 

Simple ratio vegetation 

index 

SR 800 680/R R  [51] 

Moisture stress index MSI 1610 842/R R  [52] 

Photochemical reflectance 

index 

PRI  570 531 570 531( ) / ( + )R R R R  [53] 

1 R  = reflectance at wavelength   176 

Spectral feature selection 177 

Correlation analysis: The Pearson correlation coefficient (Eq. (8)) was used to correlate the spectral 178 

parameters (raw spectrum, first-derivative spectrum, and vegetation index) with plant leaf water content 179 

indicators (LFMC, EWT, and RWC). Pairwise analysis selected highly correlated spectral features in the 180 
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appropriate band range. 181 

 
( , )

( , )
X Y

Cov X Y
r X Y

 
   (8) 182 

Where ( , )Cov X Y  is the covariance of X  and Y , X
  is the variance of X , and Y

   is the 183 

variance of Y . 184 

 Lasso regression: The Lasso regression model was proposed by Robert in 1996 and has become 185 

an important regression model in the field of machine learning [54]. The method is a compression 186 

estimator that constructs a penalty function to obtain a relatively refined model. This makes it compress 187 

some regression coefficients; that is, the sum of the absolute value of the forcing coefficient is less than 188 

a fixed value. Through regularization, the regression coefficients of some independent variables are 189 

compressed to zero, then the variable selection is completed. At the same time, Lasso regression retains 190 

the advantage of subset contraction and is a biased estimation model (Eq. (9)) for dealing with data 191 

with multicollinearity. 192 

 
0

0
,

1 1

1
min( ( ) | |)

2

pN
T

j i j

i j

y x
N 

   
 

      (9) 193 

Where N  is the sample number, j
y  is the predicted true value, i

x  is the observed value, 0  is 194 

the bias,   is the weight of the observed variable, and   is a non-negative regularization parameter. 195 

1
| |

p

jj
 

  is called 1
L  regularization. 196 

Assessment of heat stress by SF-LSTM 197 

LSTM is a recurrent neural network (RNN) architecture used in the field of deep learning, and was 198 

proposed by [55]. Unlike standard feedforward neural networks, LSTM has a feedback connection. It 199 

not only processes point datasets (such as images) but also processes data sequences. Compared with 200 

other deep learning algorithms, LSTM performs very well in processing regression or classification 201 

problems with time series feature data and is now widely used. The characteristics of temporal change in 202 
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physiological parameters must be taken into account when estimating environmental stress level, and the 203 

influence of subjective qualitative analysis on the estimation accuracy should be avoided as far as 204 

possible. Therefore, in this paper, based on the multi-dimensional and multi-time-series characteristics 205 

of the test plant moisture indicators, Pytorch (Facebook AI Research, Menlo Park, California, USA) was 206 

used to construct the artificial RNN SF-LSTM. Its structure is shown in Figure 3. 207 

 208 

Fig. 3 SF-LSTM network structure diagram. 209 

 SF-LSTM is a neural network model based on bidirectional LSTM and uses spectral features as 210 

the input layer. The whole network is composed of an input layer, bidirectional LSTM layer, full 211 

connection layer, Softmax layer, and classified output layer. At the lower left of Fig. 3, the data 212 

structure of the input layer is enlarged. Inspired by image data processing, a three-dimensional matrix 213 

was constructed with dimensions of 1) spectral features, 2) time-series, and 3) stress level. The data 214 

structure of the input layer not only considers the calculation of various spectral features but also 215 

ensures that the data can be calculated according to the time series. At the same time, the multi-216 

dimensional vector operation makes the calculation efficient. The core computing units, called memory 217 
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cells, are zoomed in at the lower right of Fig. 3. In the memory cells, "" and "" denote the dot 218 

product and matrix addition, respectively. The first step of the memory cell is to decide what 219 

information to discard from the cellular state. This decision is made by a sigmoid layer called the 220 

"forget gate". It looks at 1t
h   (the previous output) and t

X  (the current input), and outputs a number 221 

between 0 and 1 for each number in 1t
C   (the previous state), where 1 represents total retention and 0 222 

represents total deletion (Eq. (10)). The next step is to decide what information to store in the cellular 223 

state. The sigmoid layer called the "input gate" decides which values to update, and the next tanh layer 224 

creates a candidate vector tC


 (Eqs. (11), (12)), which is added to the state of the cell and combined 225 

with 1t
C   to create the updated value t

C  (Eq. (13)). Finally, the "output gate" determines the output 226 

of the memory cells. The output value of t
h  is obtained by multiplying the output of a sigmoid layer 227 

with the normalized t
C  value of the tanh layer (Eqs. (14), (15)). 228 

 1( [ , ] )
t f t t f

f W h X b      (10) 229 

 1( [ , ] )
t i t t i
i W h X b      (11) 230 

 1tanh( [ , ] )t c t t c
C W h X b


     (12) 231 

 1 tt t t t
C f C i C



      (13) 232 

 1( [ , ] )
t o t t o

o W h X b      (14) 233 

 tanh( )
t t t

h o C    (15) 234 

where   is the logistic sigmoid function, W   is the weight matrix,   is a dot product, and b  is 235 

a bias term. 236 

Validation 237 

The observed sample data for constructing the model was divided into a training set (segmentation scale 238 

= 0.8) and validation set (segmentation scale = 0.2). The coefficient of determination (R2) and root mean 239 
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square error (RMSE) were used as indicators of its accuracy [24] Eqs. (16), (17)). Accuracy is defined 240 

as the degree of consistency between the model results and the true categories (Eq. (18)). Ten-fold cross-241 

validation was adopted for the training set [56]. 242 

 
2

1
ˆ( )

n

i ii
y y

RMSE
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    (16) 243 
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  (17) 244 

 100%class
n

Accuracy
n

    (18) 245 

Where i
y  is the true value, ˆ

i
y  is the predicted value, i

y  is the mean value, n  is the number of 246 

samples, and class
n  is the number of correctly classified samples. 247 

Results  248 

LFMC, EWT, and RWC time series analysis 249 

This study focused on alfalfa, a herbaceous plant commonly used in the reclamation areas of coal 250 

gangue dumps. The soil layer was heated on the day after the first data collection on October 14, and 251 

leaf samples were collected eight times in total. The changes in LFMC, EWT, and RWC with time 252 

under different treatments are shown in Figure 4. The temporal changes in water indicators under 253 

different heat stresses were different. The soil layer was not heated when the soil was collected on 254 

October 14. At this time, the growth trend in each alfalfa pot was similar, and the differences in LFMC, 255 

EWT, and RWC between each experimental group were small. 256 

 Figure 4 shows the following. 1) EWT: All treatments showed an overall growth trend. The 257 

control group increased almost all the time, reaching the maximum value on November 11 before 258 

dropping slightly on November 15. Apart from this overall trend, the EWTs of the other experimental 259 

groups showed different trends with no strong regularity over time. 2) RWC: The differences between 260 
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groups on a particular date were small and the range of variation in RWC on different dates was 261 

relatively stable. On November 7 and 11, the RWC of the control group and each experimental group 262 

peaked. On November 15, the RWC of each treatment group declined, with a relatively large range of 263 

decreases. In general, there was no significant difference in RWC between the control and experimental 264 

groups. 3) LFMC: After heating the soil layer, the LFMCs of the control group were significantly 265 

higher than those of the experimental groups on each monitoring date. The LFMCs of each 266 

experimental group showed gradually decreasing trends. In the late monitoring period, the LFMC 267 

decreased with increases in the temperature gradient on November 7, 11, and 15 and reached the lowest 268 

point on November 15, exhibiting a clear decrease over time. 269 

 According to the results of water indicator monitoring and the above analysis, it is clear that 270 

LFMC is the best water indicator for reflecting heat stress in alfalfa. This is consistent with previous 271 

studies. LFMC is very sensitive to heat stress and is an important variable in many fire behavior 272 

prediction models and fire-risk indicators [39,57]. 273 
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 274 

Fig.4 Time series of equivalent water thickness (EWT), live fuel moisture content (LFMC), and relative 275 

water content (RWC) in the control and experimental groups at leaf level from October 16–November 276 

15, 2020. 277 
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Correlation analysis of spectral features and leaf water content 278 

Correlations between raw spectrum, derivative spectrum, and leaf water content data 279 

The Pearson correlation coefficient is one of the most commonly used indicators in correlation analysis 280 

[58], and was used in this paper. Correlation analysis of EWT, RWC, and LFMC was performed using 281 

raw leaf spectrum and first-derivative spectrum data from throughout the monitoring period (14 282 

October–15 November; Fig. 5). The results show that the raw spectra of leaves were positively 283 

correlated with EWT at all wavelengths, negatively correlated with RWC except at a small number of 284 

visible wavelengths (VIS, 400–780 nm), and negatively correlated with LFMC at all wavelengths. 285 

Overall, the EWT, RWC, and raw spectrum correlations were weak (|𝑟| < 0.6), of which the RWC was 286 

weaker, while LFMC was best in the short-wave infrared band (SWIR, 1400–2500 nm) to obtain the 287 

strong correlation band (|𝑟| > 0.7), and the correlation was strongest at 1889 nm (𝑟 = −0.75). The 288 

first-derivative spectrum can effectively suppress influences such as the soil background. In the 289 

correlation analysis of the first-derivative spectrum, EWT and RWC, the positive and negative 290 

correlations were uncertain and the absolute values of the correlation coefficients were small. The 291 

performance of LFMC continued to be excellent, with the maximum correlation coefficient between 292 

LFMC and the first-derivative spectrum appearing at 1661 nm (𝑟 = −0.77). 293 
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 294 

Fig.5 Coefficients of correlation between EWT, RWC, LFMC and the raw leaf and first-derivative 295 

spectral data 296 

Correlation between vegetation index and leaf water content 297 

In remote sensing monitoring of plant water content, vegetation indexes have been widely used and are 298 

some of the most important spectral parameters. Therefore, we first analyzed the correlations between 299 

eight classical vegetation indices and EWT, RWC, and LFMC (Table 2). The correlations between each 300 

index and EWT and RWC were weak. In contrast, the correlations between LFMC and each index were 301 

better. The vegetation indices with good correlations with LFMC comprised bands mainly concentrated 302 

in the near-infrared and SWIR regions. The WI (1300,1450), NDVI, and NDII had correlations with 303 

LFMC of > 0.6, among which the correlation between WI (1300,1450) and LFMC was the highest at 304 

0.7. The results in Table 2 show that these classical vegetation indices are not quite adequate for 305 
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application in this paper, and a vegetation index with better correlation needs to be constructed. 306 

Table 2 Coefficients of correlation (r) between existing vegetation indices and leaf water content 307 

Vegetation index 

r 

Vegetation index 

r 

EWT RWC LFMC EWT RWC LFMC 

WI (900,970) 0.34 -0.39 -0.64 NDWI 0.22 -0.57 -0.59 

WI (1300,1450) 0.44 -0.39 -0.7 NDVI 0.39 -0.33 -0.57 

SR -0.37 -0.33 -0.57 NDII 0.33 -0.44 -0.63 

MSI -0.35 0.42 0.64 PRI -0.44 0.31 -0.5 

 To find the best vegetation indices for estimating leaf water content, the correlations between the 308 

ratio (RVI), normalized-difference (NDVI), and difference (DVI) vegetation indices of the two bands in 309 

the 340–2500 nm range with EWT, RWC, and LFMC were systematically analyzed. Figure 6 presents a 310 

matrix of the correlation coefficients based on the different band combinations of the raw full-band 311 

spectrum and the leaf water content. The results show that the correlations between the vegetation indices 312 

and EWT and RWC were still weak, with LFMC performing best, which is consistent with the previous 313 

analysis. From Figs. 6 (g), (h), and (i), the three indices with the highest correlation coefficients r (RVI 314 

(1525,1771), DVI (1412,740), and NDVI (1447,1803)) were screened out, with the r-values being 0.81, 315 

0.82, and 0.77, respectively. The band compositions of the three vegetation indices are in the near-316 

infrared and SWIR, and they were highly correlated with the LFMC. Therefore, they can be preliminarily 317 

used as the spectral characteristic parameters of the LFMC. 318 
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 319 

Fig. 6 Coefficients of correlation between EWT, RWC, and LFMC with RVI (λ1, λ2), NDVI (λ1, λ2), 320 

DVI (λ1, λ2), and ratio/normalized difference/difference vegetation indexes constructed from raw 321 

spectral data 322 

Optimal spectral features 323 

According to the temporal changes in leaf water content and the correlation analysis with the raw 324 

spectral data, first-derivative spectrum, and vegetation index, it is obvious that LFMC is the best water 325 

indicator for assessing heat stress, while EWT and RWC are not suitable. Based on correlation analysis, 326 

RS (1889; raw spectral value at 1889 nm), FDS (1661; first-derivative spectral value at 1661 nm), RVI 327 

(1525,1771), DVI (1412,740), and NDVI (1447,1803) were the five spectral features with strong 328 

correlations with LFMC. In general, selecting more features is not necessarily better, and data 329 

redundancy will reduce computational efficiency and affect the accuracy and applicability of the 330 

model. Therefore, it is necessary to further screen the spectral characteristic parameters of LFMC. 331 
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 The regular term constructed in the Lasso regression model makes it possible to compress the 332 

dimension of the input sample. First, we need to determine the optimal regular coefficient Lambda (λ) 333 

and adopt 10-fold cross-validation for the dataset (Figure 7(a)). As shown in Fig. 7(a), the minimum λ 334 

of the RMSE was obtained after multiple iterations and was used as the regular term coefficient of the 335 

model. Then, the compressed spectral characteristic parameters were determined and the accuracy of 336 

the regression model was tested. The results are shown in Table 3 and Figure 7(b). It can be seen from 337 

Table 3 that RS (1889), as an independent variable, is compressed to 0 in the model, indicating that RS 338 

(1889) is removed from the input dimension. The R2-value of the Lasso regression model constructed 339 

with FDS (1661), RVI (1525,1771), DVI (1412,740) and NDVI (1447,1803) as independent variables 340 

was 0.77 with an RMSE of 0.05. Although the spectral features were reduced, the model accuracy was 341 

still high. 342 

Table 3 Correlation coefficients between existing vegetation indices and leaf water content 343 

 Regression coefficients R2 RMSE 

RS (1889) 0 

0.77 0.05 

FDS (1661) 29 

RVI (1525,1771) 30.93 

DVI (1412,740) 0.19 

NDVI (1447,1803) -2.76 

Equation1 𝑦 = 29𝑥1 + 30.93𝑥2 + 0.19𝑥3 − 2.76𝑥4 

1y = LFMC; 𝑥1 = FDS (1661); 𝑥2 = RVI (1525,1771); 𝑥3 = DVI (1412,740); 𝑥4 = NDVI 344 

(1447,1803). 345 

Lasso regression 
Spectral parameters 
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 346 

Fig. 7 (a) Use of 10-fold cross-validation to determine the regular coefficient (lambda, λ) of the Lasso 347 

model; (b) predicted and actual values of LFMC by Lasso regression. 348 

SF-LSTM estimation of heat-stress level 349 

The direct use of spectral characteristics to accurately estimate the stress level in plants requires full 350 

consideration of the temporal changes in spectral data under different stress levels. Although it is 351 

sometimes feasible to estimate the spectral data in a single period, its generalization ability is often 352 

weak. To solve this problem, the spectral features of the time series were used as input to construct an 353 

SF-LSTM, and the estimation of plant stress level was transformed into a classification problem. The 354 

network structure is shown in Figure 4. To find the optimal model, the input layer data were set up with 355 

unified spectral features and different time series lengths, and different classification strategies were 356 

trialed: 1) Spectral features: FDS(1661), RVI(1525,1771), DVI(1412,740) and NDVI(1447,1803); 2) 357 

time series: the time series length of spectral features was divided into lengths of 3, 5 and 7 (each 358 

length is a continuous date and does not reverse repeat); 3) classification strategies: two categories 359 

(control group and experimental groups), three categories (control group, T1 and T2, and T3, T4, and 360 

T5) and six categories (control group and each of the five experimental groups). The number of 361 

samples in each test was determined by the length of the time series, and the ratio of the training set to 362 
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the verification set was 4:1. The number of output layer categories was consistent with the number of 363 

stress level categories. The initial learning rate was 0.01 and the batch size was adjusted according to 364 

the sample size. The adaptive moment estimate (Adam) was selected by the network optimizer and the 365 

cross-entropy error function was adopted as the loss function. The classification results are shown in 366 

Figure 8. 367 

 When using deep learning to estimate the heat-stress level in terms of a binary classification or 368 

multiple classification problem, the classification of categories has a huge impact on the modeling 369 

results. The test results show that the classification strategy determines the convergence of the model's 370 

loss and accuracy and the overall stability of the model. Under the same classification strategy, the time 371 

series length of spectral features determines the level of model accuracy. As shown in Figure 8, among 372 

the different classification strategies, the loss and accuracy of the dichotomy model converged, the 373 

accuracies of the training set and evaluation set were not ideal, and the stability of the model was low. 374 

When divided into six categories, the model cannot converge many times and its stability is very poor. 375 

The heat-stress level was divided into three categories. The model training set had the highest accuracy 376 

and the accuracy convergence value was > 95%. Under different time series lengths, the effect was not 377 

good at a time series length of three. When the time series length of the data was five, the training set 378 

loss and accuracy had good convergence. The evaluation set had high accuracy and good stability, and 379 

its accuracy was stable at about 90%. Overfitting occurred at a time series length of seven. The overall 380 

results show that the SF-LSTM model is suitable for estimating heat stress when the classification 381 

strategies are divided into three categories and the time series length is five. 382 
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 383 

Fig. 8 Loss and accuracy of the SF-LSTM model training set and validation set under different 384 

classification strategies and time series lengths 385 

Discussion 386 

In this study, alfalfa was used to simulate thermal stress in a coal gangue dump reclamation area to 387 
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conduct a gradient test with several experimental groups (control group, T1 = 60 ℃, T2 = 90 ℃, T3 = 388 

120 ℃, T4 = 150 ℃, T5 = 180 ℃). Water content and hyperspectral data on alfalfa leaves were collected 389 

one month before the flowering period. Correlation analysis and selection of the spectral features of 390 

alfalfa leaf water content were carried out. Based on the SF-LSTM model, the stress level in alfalfa under 391 

heat stress was estimated. 392 

Leaf water content 393 

The LFMC showed obvious regularity under different temperature gradients, which may be due to the 394 

calculations of LFMC and leaf dry and fresh weights. Root system growth has a huge impact on the dry 395 

and fresh weights of the plant leaves. As the heat stress time increases, the supply of water and 396 

nutrients to plant leaves becomes insufficient. Long-term high soil-temperatures cause significant 397 

changes in the LFMC of plant leaves. Compared with high air-temperature, the photochemical 398 

efficiency of leaves and the root growth of plants are more severely affected by stress due to high soil-399 

temperature. Kuroyanagi & Paulsen [17] also reported that shoot growth and senescence in winter 400 

wheat are influenced more by soil-temperature than air-temperature. The adverse effects of high soil-401 

temperature on physiological activities are probably due to direct inhibition of root growth and activity 402 

and, therefore, limitation of water and nutrient supplies to the leaves [59] and disruption of cytokinin 403 

synthesis in roots [17, 60]. High soil-temperatures also promote leaf senescence by increasing the 404 

transport of root abscisic acid (ABA) to the leaves [61]. Although there were fluctuations in EWT and 405 

RWC during the monitoring period, the regularity was weak. This may be due to water shortages in the 406 

plant leaves, lack of nutrients, and destruction of the internal microstructure of the leaves under 407 

different degrees of high soil-temperatures [16], resulting in varying degrees of change in leaf area and 408 

saturated water content. 409 
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Spectral features 410 

Changes in leaf spectra are usually affected by changes in chlorophyll, water content, internal structure, 411 

dry matter content, etc. The reflectance spectra of green plants in the 1000–2500 nm region are mainly 412 

influenced by liquid water and dry compounds. The water absorption band is 1360–2080 nm, which is 413 

highly correlated with leaf water content and is not affected by leaf structure [62]. This study shows that 414 

the band sensitive to the leaf water content of alfalfa under high-soil-temperature heat stress is mainly 415 

concentrated in the long-wave infrared region (1400–2500 nm). Correlation analysis of the raw and first-416 

derivative spectra with water content data showed that the bands at 1889 nm and 1661 nm had the highest 417 

correlations with LFMC, which was the optimal spectral feature (see Figure 3). This is similar to previous 418 

studies [63]. 419 

 Due to the strong reflection from the surfaces of fresh leaves and the influences of the surface and 420 

internal structures of leaf cuticles, leaf hairs, etc., it is difficult to comprehensively and accurately 421 

estimate plant moisture status using a single band of spectral reflectance. By constructing a vegetation 422 

index, the effective spectral information of the vegetation can be maximized, the single-band scattering 423 

effect can be effectively reduced, and prediction accuracy can be improved [64]. This article analyzed 424 

the correlations between the ratio, difference, and normalized vegetation indexes and leaf water content 425 

in any two bands within 340–2500 nm. It found that the correlations between various indexes and LFMC 426 

were all high. Specifically, the three spectral features RVI (1525,1771), DVI (1412,740), and NDVI 427 

(1447,1803) had the highest correlations. The results of this part of the correlation analysis also verify 428 

that LFMC is the most suitable water content indicator for this study on temporal changes in leaf water 429 

content. 430 

 Through correlation analysis, we screened out several spectral features with strong correlations with 431 



26 
 

LFMC. However, in multiple regression, when the independent variable has a higher dimension, there 432 

are often problems such as collinearity and data redundancy [65]. Using the Lasso regression model to 433 

further optimize the above-mentioned spectral features can minimize the adverse effects of multi-434 

dimensional input data on the assessment results when estimating the heat-stress level. After 435 

dimensionality reduction and Lasso regression, the spectral features selected in this paper were FDS 436 

(1661), RVI (1525,1771), DVI (1412,740), and NDVI (1447,1803). 437 

Heat stress estimation 438 

Considering the importance of temporal sequences in the estimation of plant environmental stress, 439 

LSTM (which can effectively utilize a temporal sequence of data in deep learning) was used to build an 440 

heat-stress model. Meanwhile, stress-level estimates were presented in the form of classification 441 

results for the application scenarios considered in this paper. Compared with traditional machine 442 

learning classification methods, LSTM is more effective in classifying remote sensing time series data 443 

[66]. A variety of classification strategies and time-series-length models were tested. The dichotomy 444 

strategy was the most common strategy used in the classification model. According to the results in 445 

Figure 8, although the parameters of the model constructed using the dichotomy strategy can converge, 446 

the accuracy was not acceptable. This may be related to the large difference in the proportion of the 447 

number of samples of the two categories in the training set and the evaluation set. In the next step of 448 

the study, this adverse factor was reduced by increasing the sample size of the control group during 449 

experimental data collection. Among the multi-classification strategies, three categories had the best 450 

effects. The longer the time series, the better. The model had the highest accuracy with a sequence 451 

length of five. This conclusion is in line with the laws of deep learning. Over-redundant data, complex 452 

neural network architectures, and inappropriate classification strategies not only make models unable to 453 
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fit the data, but also lead to over-fitting [67]. Over-fitted models have poor generalization ability and 454 

weak applicability.  455 

Conclusions 456 

In this study, an SF-LSTM model was established by using the time series spectral features of leaf 457 

water content obtained through an experiment that simulated heat stress in coal gangue dump 458 

reclamation areas. The model was effective in estimating the heat-stress level in alfalfa. Through time 459 

series analysis of leaf water content data, it was found that the EWT and RWC do not have high 460 

regularity over time, making it difficult to distinguish between normal and heat damage statuses in 461 

alfalfa. Heat stress in alfalfa was best indicated by the LFMC leaf water content index. 462 

 According to correlation analysis of the raw spectrum, first-derivative spectrum, three forms of 463 

vegetation index, and leaf water content data, RS(1889), FDS(1661), RVI(1525,1771), DVI(1412,740), 464 

and NDVI(1447,1803) had the strongest correlations with LFMC. After further screening by the Lasso 465 

regression model, FDS(1661), RVI(1525,1771), DVI(1412,740) and NDVI(1447,1803) were found to 466 

be the optimal spectral features of inversion LFMC, and can be used as spectral features to assess heat 467 

stress. 468 

 The SF-LSTM model was constructed to estimate the heat-stress level in alfalfa based on a time 469 

series of spectral features. The results show that this model can estimate the stress level with high 470 

accuracy when the classification strategies are divided into three categories (control group, T1 and T2, 471 

and T3, T4, and T5) and a spectral feature time series length of five (where the dates in the monitoring 472 

period are continuous without repetition). 473 

     The results of this study provide a new way to assess plant heat stress in coal gangue dump 474 

reclamation areas. This has important practical application value and is expected to be further verified 475 
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and applied in other types of environmental stress research. Subsequent studies will verify the 476 

conclusions of this experiment at larger spatial scales. 477 
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Figures

Figure 1

(a) Field of simulation experiment of heat stress in alfalfa and (b) schematic diagram of the heating
equipment.

Figure 2

Schematic diagram of one-dimensional Gaussian �ltering along the spectrum direction, with a sliding
window of 5.



Figure 3

SF-LSTM network structure diagram.



Figure 4

Time series of equivalent water thickness (EWT), live fuel moisture content (LFMC), and relative water
content (RWC) in the control and experimental groups at leaf level from October 16–November 15, 2020.



Figure 5

Coe�cients of correlation between EWT, RWC, LFMC and the raw leaf and �rst-derivative spectral data



Figure 6

Coe�cients of correlation between EWT, RWC, and LFMC with RVI (λ1, λ2), NDVI (λ1, λ2), DVI (λ1, λ2),
and ratio/normalized difference/difference vegetation indexes constructed from raw spectral data



Figure 7

(a) Use of 10-fold cross-validation to determine the regular coe�cient (lambda, λ) of the Lasso model; (b)
predicted and actual values of LFMC by Lasso regression.



Figure 8

Loss and accuracy of the SF-LSTM model training set and validation set under different classi�cation
strategies and time series lengths


