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Abstract 
In this paper, Hailin City of Heilongjiang Province, China is taken as the re-
search area. As an important city in Heilongjiang Province, China, the sus-
tainable development of its ecological environment is related to the opening 
up, economic prosperity and social stability of Northeast China. In this paper, 
the remote sensing ecological index (RSEI) of Hailin City in recent 20 years 
was calculated by using Landsat 5/8/9 series satellite images, and the temporal 
and spatial changes of the ecological environment in Hailin City were further 
analyzed and the influencing factors were discussed. From 2003 to 2023, the 
mean value of RSEI in Hailin City decreased and increased, and the ecological 
environment decreased slightly as a whole. RSEI declined most significantly 
from 2003 to 2008, and it increased from 2008 to 2013, decreased from 2013 
to 2018, and increased from 2018 to 2023 again, with higher RSEI value in the 
south and lower RSEI value in the northwest. It is suggested to appropriately 
increase vegetation coverage in the northwest to improve ecological quality. 
As a result, the predicted value of Elman dynamic recurrent neural network 
model is consistent with the change trend of the mean value, and the predic-
tion error converges quickly, which can accurately predict the ecological en-
vironment quality in the future study area. 
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1. Introduction 

Using remote sensing technology to monitor the distribution and change of 
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ecological environment quality plays an important role in ecological environ-
ment protection. The earth’s ecosystem provides a very important material basis 
for human production and life (Peng et al., 2015), and it also affects the physi-
cal and mental health of residents, the progress of social civilization and the 
long-term stability of economic development (Atasoy, 2018). Accurate and rapid 
monitoring, evaluation and analysis of ecological environment can provide im-
portant and reliable scientific decision-making basis for urban planning and 
green development (Jiang et al., 2021). 

The development of remote sensing technology has made the study of long 
time series earth observation a reality (Wu et al., 2020; Li et al., 2021; Khare et 
al., 2019). Using multi-temporal remote sensing data, information such as land 
use type or land cover factor can be obtained to quantitatively express the cha-
racteristics of land surface dynamic change, and the rules of rapid, accurate and 
multi-scale analysis of land surface change can be mastered. In the practical 
application of long time series remote sensing monitoring, researchers often 
choose the same interval of 3 - 10 years for analysis (Qu et al., 2019). Due to the 
lack of directivity in the selection of time intervals, it is easy to miss the year of 
important changes. At present, the commonly used methods are artificial seg-
mentation (Xia et al., 2019) or automatic segmentation fitting based on gradient 
descent method to divide the breakpoint position (Wang et al., 2017), or ma-
thematical statistical analysis can be used to select characteristic time nodes to 
segment long time series. 

At present, the ecological environment is mainly represented and quantified 
by land cover type (Qu et al., 2019) or vegetation cover index (Song et al., 2012), 
surface temperature (Willis et al., 2015), surface humidity (Ye et al., 2019), im-
pervious water index (Cai et al., 2019) and other ecological indicators in the 
study of remote sensing data (Song et al., 2019). However, the ecological envi-
ronment is a comprehensive dynamic system, and a single factor can not reflect 
its changes, so how to build a comprehensive evaluation index is an important 
scientific issue in monitoring the ecological environment quality. In recent years, 
there have been a variety of index mean (Wang et al., 2007) or comprehensive 
models constructed by area-weight method (Williams et al., 2009), and there are 
also comprehensive models constructed by geo-statistical methods such as coef-
ficient of variation method (Li et al., 2020) and analytic hierarchy process (Wang 
et al., 2018), which are greatly affected by subjective human factors. In 2013, Xu 
Hanqiu (Xu, 2013) proposed a new type of Remote Sensing Ecological Index 
(RSEI) based on various ecological factors. Based on principal component analy-
sis, RSEI integrated the information of four indicators, namely Dreenness, Hu-
midity, Heat and Dryness, to comprehensively and objectively evaluate the qual-
ity of ecological environment. In recent years, the use of RSEI to monitor and 
evaluate ecological environments at different spatial scales has proved that the 
RSEI model is scalable, universal and comparable (Yue et al., 2019; Zhang et al., 
2020; Hu & Xu, 2018). The selection of RSEI indicators is comprehensive, and 
there is a large amount of data in long-term time series research, and the data 
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processing is heavy (Polykretis et al., 2020; Sobrino et al., 2004). 
Hailin City is rich in natural resources, and human activities mainly caused 

the destruction of ecological environment to a certain extent. In recent years, 
some researchers have studied the ecological environment of Hailin City in var-
ious aspects, but the comprehensive ecological index of Hailin City is relatively 
rare. Based on the remote sensing data of Hailin City from 2003 to 2023, the av-
erage RSEI index was calculated, and the temporal and spatial change characte-
ristics of the ecological environment of Hailin City were analyzed based on the 
Elman dynamic recurrent neural network, which provided technical support for 
the ecological construction and economic and social development of Hailin City. 

2. Research Area Overview and Data Preprocessing 
2.1. Overview of the Study Area 

Hailin City, a county-level city administered by Mudanjiang City in Heilong-
jiang Province, China, is located in the southeast of Heilongjiang Province and 
the west of Mudanjiang City, with geographical coordinates between 128˚03' - 
129˚57' and 44˚02' - 45˚38'. The administrative area is 8711 square kilometers. 
Hailin City is located in the mid-latitude region of the northern hemisphere, be-
longs to the middle temperate continental monsoon climate, and the city presents 
obvious seasonal climate, four seasons change clearly.  

The sustainable development of ecological environment in this region is re-
lated to the economic prosperity and social stability of Northeast China. The 
administrative diagram of the research area is shown in Figure 1. 
 

 

Figure 1. Study area. 
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2.2. Data Source and Preprocessing 

Remote sensing data in the study area came from China Geospatial Data Cloud. 
Using radiation-corrected and atmospheric corrected Landsat 5/8/9 surface ref-
lection data set, the cloud coverage of images from June to September was 
screened, and the minimum cloud coverage image of the Hailin City in recent 20 
years (2003-2023) was selected. ENVI5.3, Arcgis10.7 and matlab2021 software 
were used to program band operations, and four indices of greenness, dryness, 
heat and humidity were obtained in each year. The remote sensing Ecological 
Index (RSEI) was obtained through principal component analysis, and the statis-
tical analysis was carried out by ENVI5.3 and MATLAB2021 software to reach a 
conclusion. The technical route of this paper is shown in Figure 2. 

3. Methods 
3.1. RSEI Model 

According to the remote sensing Ecological Index (RSEI) proposed by Xu Han-
qiu (Xu, 2013), Normalized Difference VegetationIndex (NDVI) was selected to 
represent the greenness index, reflecting the vegetation growth and distribution 
density in the region (Song et al., 2012). Normalized Difference Soil Index, In-
dex-based Built-up Index (IBI) and Soil Index (SI) Normalized difference soil 
Index, NDSI), reflects the spectral response of land desertification and urbaniza-
tion (Polykretis et al., 2020). Land Surface Temperature (LST), which represents 
heat index (Sobrino et al., 2004), is obtained by inversion of the single-window 
algorithm, reflecting the heat balance of impervious water surface (Xu et al., 
2015). The soil moisture content is used to reflect the land degradation (Huang 
et al., 2002; Baig et al., 2014). The calculation formula of each factor is as follows.  
 

 

Figure 2. Technical route. 
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Due to the differences in numerical units and sizes of each index, it is neces-
sary to conduct standardized processing (Xu, 2013), and then calculate the initial 
remote sensing ecological index (RSEI0) through principal component analysis. 
The standardized formula is as follows. 

 min

max min

I IN
I I

−
=

−
 (8) 

In the formula, N represents the standardized value of the indicator. I represents 
the value of the indicator in a certain pixel, Imin is the minimum value of the in-
dicator, and Imax is the maximum value of the indicator. The initial remote sens-
ing Ecological Index (RSEI0) was calculated based on principal component anal-
ysis. 

 ( )0RSEI 1 PC1 LST, NDSI, NDVI,WETf= −     (9) 

In the formula, PC1 is the first principal component. f is for standardization 
of indicators. In order to facilitate the measurement and comparison of indica-
tors, RSEI0 should also be normalized to obtain the remote sensing ecological 
index (RSEI), the larger the value, the better the ecological quality, and the worse 
the ecological quality. 

3.2. Elman Dynamic Recurrent Neural Network 

The basic Elman neural network consists of four layers, in addition to the input 
layer, hidden layer and output layer, there is a special hidden layer—the receiver 
layer. The acceptor layer is a delay unit, which can receive feedback signals from 
the hidden layer and remember the output value of the hidden layer unit at the 
previous time. The output of the acceptor layer is delayed and stored, and then 
input to the hidden layer (Liu et al., 2007). The structure of Elman’s network is 
shown in Figure 3. 
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Figure 3. The schematic structure of Elman neural network (Liu et al., 2007). 
 

Assuming that the input of the network is an I-dimensional vector x, the out-
put of the hidden layer is an M-dimensional vector p, and the output of the in-
heritor layer is an M-dimensional vector q, and the output layer outputs an 
N-dimensional vector y. The weights of the connection between the hidden layer 
and the input layer, and the inheritor layer and the output layer are respectively 
matrix U, V, and W. Emman mathematical model of the neural network is as 
follows. 

 ( ) ( )( )y k g Wp k=  (10) 

 ( ) ( ) ( )( )1p k f Vq k Ux k= + −  (11) 

 ( ) ( ) ( )1 1q k p k aq k= − + −  (12) 

In Formula (10), g(k) is the activation function of the output layer element, 
and it takes multiple linear functions, which is the linear combination of the 
output of the hidden layer. In Formula (11), the f(k) as the activation function of 
hidden layer units, much as the Sigmoid function, namely, f(x) = 1/(1 + e − x). 
In Formula (12), a is the self-connecting feedback gain factor of the undertaking 
layer, and the value range is 0 ≤ a < 1. When a is 0, it is the standard Elman net-
work. When a is not 0, it is a modified Elman network. The existence of a makes 
the output q(k) of the sublayer unit at moment k equal to the output p(k − 1) of 
the hidden layer at moment k − 1 plus the output value q(k − 1) of the sublayer 
at moment k − 1 A times, which can better adjust the strength of the feedback 
signal of the hidden layer (Ye et al., 2019; Cai et al., 2019). In this paper, the 
learning algorithm of Elman network adopts the ordered chain rule. The error 
function of the time-K system is defined as follows.  

 ( ) ( ) ( )( )2

1

1
2

n

i i
i

E k y k d k
=

= −∑  (13) 

where yi(k) is the actual output of the ith node, and di(k) is the expected output of 
the ith node. The weight W of the hidden layer of the network and the output 
connection changes are as follows. 
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W k W k
W

∂ 
+ = + η − ∂ 

 (14) 

where η is the learning step. The same is true for weights U and V. This mod-
ified gradient descent algorithm for network weights has a slow learning rate and 
is easy to generate local minima. When a is 0, it is the standard Elman net-
work. When a is not 0, it is a modified Elman network. In Figure 3, since the 
self-feedback gain factor a of network correction is mostly determined by trial 
method, the learning efficiency is higher (Song et al., 2019). 

4. Results and Discussion 
4.1. Results 

According to the above workflow and calculation formula, using Arcgis10.7 
software and matlab programming software, LST, NDSI, NDVI, WET and RESI 
maps of the study area from 2003 to 2023 can be obtained, as shown in Figure 4. 

As can be seen from Table 1, Heat index (LST) has an overall upward trend 
from 2003 to 2023, a downward trend from 2003 to 2008, a continuous increase 
from 2008 to 2018, and a downward trend from 2018 to 2023. Dryness index 
(NDSI) decreased from 2003 to 2013, increased from 2013 to 2018, and de-
creased again from 2018 to 2023. Greenness index (NDVI) and humidity index 
(WET) have similar trends, increased from 2003 to 2008, decreased from 2008 to 
2018, and increased from 2018 to 2023. RESI has a downward trend from 2003 
to 2008, an upward trend from 2008 to 2013, a downward trend from 2013 to 
2018, and an upward trend from 2018 to 2023. The overall RESI has a slight de-
cline, and the changes of all factors related to the RESI model are shown in Fig-
ure 5. 

Figure 5 shows the changes of each index and the mean value of RSEI from 
2003 to 2023. The RSEI value fluctuates around 1, and RSEI decreases from 
1.002 to 0.998, showing an overall downward trend. From a single index, Hu-
midity decreased significantly from 0.514279 to 0.226924, and Dryness from 
0.583503 to 0.325749, showing an upper trend. And the Heat from 0.149261 to 
0.377449, showed an upward trend. It can be seen that the influence of each in-
dex on RSEI in Hailin City shows a fluctuating trend. 
 
Table 1. LST, NDSI, NDVI, WET, RESI mean value. 

Year LST NDSI NDVI WET RESI 

2003 0.149261 0.583503 0.680949 0.514279 1.001739 

2008 0.089152 0.567341 0.844594 0.601247 0.989202 

2013 0.134228 0.292491 0.496547 0.454595 0.993617 

2018 0.705848 0.41664 0.482682 0.150253 0.987634 

2023 0.377449 0.325749 0.516086 0.226924 0.998372 
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Figure 4. Remote sensing ecological index (RESI) ((a) 2003; (b) 2008; (c) 2013; (d) 2018; (e) 2023). 
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Figure 5. Trend chart ((a) LST, (b) NDSI, (c) NDVI, (d) WET, (e) RSEI). 
 
According to the RSEI principal component analysis results of Hailin City 

(Table 2), it can be seen that: 1) The average contribution rate of the first prin-
cipal component (PC1) is above 76.63%, indicating that PC1 has concentrated 
most of the characteristic information of the four indicators and it can represent 
the ecological environment in the region. 2) The load value of Greenness and 
Humidity is positive, and the load value of Dryness and Heat is negative. The 
higher the coincidence Greenness and Humidity, the higher the vegetation cov-
er. The more abundant the soil moisture, and the better ecological environment  
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Table 2. Results of principal component analysis (Load and contribution rate of the first 
principal component). 

Year LST NDSI NDVI WET Contribution 

2003 0.014171 −0.423720 −0.038033 0.904884 76.63% 

2008 0.000421 0.208396 0.003177 −0.978039 75.38% 

2013 0.028838 −0.175356 −0.223463 0.958375 66.68% 

2018 −0.966731 0.218675 0.132527 0.007027 69.92% 

2023 0.917816 −0.106977 −0.347640 0.159113 72.35% 

 
quality. The higher the Dryness and Heat, the more serious natural characteris-
tics of ecological quality reflected by soil desertification and rock exposure (Qu-
reshi et al., 2020). 3) Compared with the change of PC1 load value, the absolute 
value of LST was much larger than other indicators, and the absolute sum of 
NDSI and LST load value was always smaller than the sum of NDVI and WET, 
indicating that the optimization effect of vegetation and soil moisture in Hailin 
was greater than the damage effect of land desertification and impervious water 
heat balance on the ecological environment. The RSEI index can comprehen-
sively reflect the ecological quality of Hailin City. 

In this paper, the Elman dynamic recurrent neural network selects 5 hidden 
node points and it uses the BP algorithm modified by momentum method to 
train the Elman network model. The momentum method reduces the sensitivity 
of the network to the local details of the error surface and effectively prevents the 
network from falling into local minima. In the training Elman network, the 
transfer function of the hidden layer element is hyperbolic tangent Sigmoid 
function, and the output element is linear function, and the weights and thre-
sholds of each layer are initialized with small random numbers. The learning 
rate of the network is set to 0.02, the learning rate increment factor is 0.8, the 
learning rate reduction factor is 1.15, and the momentum constant is 0.85. In 
order to compare the fitting and simulation accuracy between Elman dynamic 
recursive network and BP network, BP network is established with the same 
sample data. The variable gradient backpropagation algorithm of Levenberg- 
Marquardt algorithm was used for training based on RSEI values from 2003 to 
2023. The transfer function of the hidden layer element was hyperbolic tangent 
Sigmoid function, and the output element was linear function. After replacing 
the annual sequence (2003, 2008, 2013, 2018, 2023) with the sequence (1, 2, 3, 4, 
5), the comparison between the predicted value and the expected value of the 
Elman test set of the ELMAN dynamic recurrent neural network is shown in 
Figure 6. The prediction error of the ELMAN neural network test set is shown 
in Figure 7. 

The predicted value of Elman dynamic recurrent neural network model is 
consistent with the change trend of the mean value, and the prediction error 
converges quickly, which can accurately predict the ecological environment quali-
ty in the future study area. 

https://doi.org/10.4236/gep.2024.124003


Z. Chen, Y. Y. Zheng 
 

 

DOI: 10.4236/gep.2024.124003 41 Journal of Geoscience and Environment Protection 
 

 

Figure 6. Comparison of predicted and expected values of the ELMAN test set. 
 

 

Figure 7. Prediction error of ELMAN neural network test set. 

4.2. Discussion 

From 2003 to 2023, the overall ecological value RSEI value showed a slight de-
cline, mainly due to the decline of Greenness and Humidity and the rise of Heat. 
However, according to the changing trend of RSEI value, there is a high proba-
bility of rising in the next few years. RSEI declined most significantly from 2003 
to 2008, and increased from 2008 to 2013. RSEI decreased from 2013 to 2018. 
RSEI increased from 2018 to 2023 again. The average RSEI has decreased slightly 
in the past 20 years. RSEI can effectively evaluate the ecological environment 
quality of Hailin City.  
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The expected value of RSEI of Elman dynamic recurrent neural network are 
consistent with the trend of RSEI mean value from 2003 to 2023, the prediction 
error of the model converges quickly, and the prediction effect is good. It can be 
proved that Elman dynamic recurrent neural network is more suitable for pre-
dicting the future ecological environment of Hailin City. 

5. Conclusion 

Based on long time series of remote sensing images, this study constructed the 
remote sensing ecological index (RSEI) of Hailin City from 2003 to 2023. The 
temporal and spatial visualization analysis of the ecological environment of Hai-
lin City was carried out through the segmentation study of the time series data 
and combined with the trend analysis. The main conclusions are as follows. 

1) From 2003 to 2023, the average contribution rate of the first principal 
component (PC1) of each data reached more than 76.63%. Greenness and Hu-
midity indexes had a positive impact on the ecological environment, while dry-
ness and heat indexes had a negative impact, which was consistent with the cha-
racteristics of the natural environment. Greenness and Humidity had the great-
est impact on RSEI, and the relationship between load value and RSEI. The trend 
of mean value change is consistent, indicating that RSEI can comprehensively 
evaluate the ecological environment quality of Hailin City. The mean value of 
RSEI in Hailin City decreased from 1.001 to 0.998 in the past 20 years, indicating 
that the ecological environment of Hailin City had a trend of fluctuation and decline. 

2) According to the mutation test results, the long-term time series data of 
Hailin City were segmented with the years 2003, 2008, 2013, 2018 and 2023 as 
nodes. RSEI was divided into 5 levels, and it was found that the regional distri-
bution of remote sensing ecological index was generally good in Hailin City, 
mainly in the southern region. 

3) Affected by different degrees of climate and human activities, the changes 
of ecological index in Hailin City decreased slightly with fluctuations. Significant 
RESI high values were concentrated in the south and northeast of Hailin City. 
The northwest should strengthen environmental protection and increase vegeta-
tion coverage to improve ecological quality.  
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