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Ecosystem assessment plays an important role in ensuring regional ecological security and promoting 

the coordinated development of social economy and ecological environment protection. Remote sensing 
technology can objectively and quantitatively evaluate the spatial-temporal change of ecological environ-
mental quality. This paper uses multi-source data to comprehensively analyze land surface temperature, 
land use and land cover, net primary productivity (NPP) and remote sensing ecological index in 2013 and 
2017. The comprehensive evaluation system of the ecological environment in Dazhangxi basin is estab-
lished by qualitative analysis of the ecological environment from multi perspectives and multi spatial and 
temporal scales. The results showed that: 1) The urban construction land at the intersection of Dazhongxi 
River and Minjiang River have expanded rapidly from 2013 to 2017, and the thermal environment effect is 
enhanced, forming local heat island effect. 2) The vegetation coverage in the study area is high, reaching 
more than 60%. Compared with 2013, the types of forest land and agricultural land decreased significantly 
in 2017, while the construction land and unused land increased significantly. 3) NPP showed a downward 
trend, and the reduction area was mainly forest. 4) Compared with 2013, the higher ecological and lower 
ecological zone decreased, while the medium ecological zone increased in 2017, which means the better 
ecological environment has been damaged and the areas with serious ecological environment problems 
have been partially improved. 5) During 2013-2017, the ecological environment of the study area showed a 
trend of slight deterioration, but it was alleviated by human intervention. 
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Introduction  

With the rapid development of economy and society, the ecological environment is inevitably 

suffering huge damages, such as losses of natural resources, reduction in biodiversity, environ-

mental pollution and global climate change (Almeida et al., 2017; Chai, Lha, 2018; Ostrom, 2009). 

In order to achieve the goal of sustainable development, ecological environment has attracted more 

and more attention (Jing et al., 2020; Liu et al., 2018). Monitoring and comprehensive assessment 

of ecological environment, proposing protection measures and enhancing ecosystem services have 

become a hotspots in the field of environmental research. However, it is difficult to comprehen-

sively evaluate the ecological environment due to its complexity and inherent interdisciplinary 

characteristics (Miao et al., 2016; Vorobyev et al., 2015). 

Most of the previous studies evaluated the ecological environment from one or just a few as-

pects, which limits the accuracy of the assessment. Wang et al (2019) and Zhang et al (2020) re-

ported the relationship between ecological environment and land use simulation, without consider-

ing other factors. Zheng et al (2020) reported the impact of urbanization on ecological environ-

ment. Li et al (2020) and Wang et al (2019) discussed the relationship between economy develop-

ment and ecological environment. However, the reasonable integration of the above evaluation 

indicators into a comprehensive evaluation model requires more in-depth research. 

Modern remote sensing earth observation system is widely used recently for the environmental 

evaluation study (Kurbanov, 2016; Jing et al., 2020). It provides multi-source data for extracting 

and synthesizing ecological evaluation indicators. Besides, remote sensing technology has great 

potential in large-scale monitoring and quality assessment of ecological environment (Kurbanov et 

al, 2014; Zhang et al., 2017; Niu, Wang, 2017). In 2006, the State Environmental Protection Ad-
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ministration (2006) regulated the ecological environmental status index (EI) based on biological 

abundance index, vegetation cover index, water network density index, land degradation index, 

and environmental quality index. All of these indices have been widely applied in many research 

works. However, many scholars have tried different adjustments to the indices and weights due to 

the heterogeneity of different research regions (Zhu et al., 2017; Meng, Zhao, 2009). Therefore, EI 

cannot be used universally in different research areas. 

Remote sensing ecological index (RSEI) is a new type of remote sensing based index for com-

prehensively ecological evaluation, the evaluation factors include greenness, heat, dryness and hu-

midity, which are mainly obtained from satellite images (Gupta et al., 2012). These four indicators 

can be easily obtained and integrated into RSEI, thus easier to monitor regional ecological envi-

ronment variation (Xu, 2013).  

In China, different indicators reflect the ecological and environmental problems in different re-

gions. One reason for this is the complexity and particularity of natural environmental conditions, 

the other is the long history of human activities and their profound impact on the ecological envi-

ronment (Chai, Lha, 2018; Chi et al., 2018). Dazhangxi is the largest tributary of the lower Min-

jiang River in central Fujian Province, China. It plays an important role in regulating climate and 

maintaining ecological balance of the area. In addition, there have been limited studies on multi-

temporal and comprehensive ecological environment evaluation of this basin. Combined with the 

Comprehensive Planning of Fujian Dzhangxi Basin Report (Fujian Water Resources and Hydro-

power Institute, 2014), this study could give more detailed evaluation of the ecological environ-

ment in Dazhangxi. 

The main purpose of this study is to provide scientific basis for ecological environment protec-

tion, comprehensive management, and sustainable development of Dazhangxi. Therefore, the fol-

lowing processes will be conducted in this study. 

(1) Calculate the land surface temperature (LST), land use and land cover (LULC), net primary 

productivity (NPP) and RSEI in 2013 and 2017, respectively. (2) Analyze the ecological environ-

mental indicators and their relationship between the two periods of the study area comprehensively 

and quantitatively. (3) Explore the spatial difference of ecological environment quality and discuss 

the results. 

 

Material and Methods 

Study area 

Dazhangxi (at 118°59′14″ to 119°16′29″N latitude and 25°49′06″ to 25°59′32″E longitude) is 

the largest tributary of Minjiang River downstream, which is located in the central part of Fujian 

Province, China (fig.1). The drainage area of Dazhangxi is 4,843 km2. The total length of the river 

is 234 km, and the average river slope is 2.1%. Dazhangxi has been the main waterway connecting 

the three coastal counties with the surrounding areas. The basin is rich in water resources and has 

many water diversion projects. Since the founding of the People's Republic of China, a large num-

ber of reservoirs and power stations have been built. This provides important conditions for local 

economic and social development. Meanwhile, due to human activities and hydropower develop-

ment, the environment has been greatly affected. 

Therefore, it is very important to quantitatively retrieve and monitor the LULC, LST, NPP and 

RSEI by remote sensing technology, which is beneficial to the protection of natural environment, 

human economy and ecology. It is not only real-time, rapid and accurate, but also significantly 

cost-effective in terms of manpower field investigation. 
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Fig.1. Location of study area and true color image 

Methodology 

The overall research process is shown in Fig. 2. It illustrates the framework for evaluating eco-

logical environment using Landsat and ancillary data. The main steps include collection and pre-

processing of remote sensing and other ancillary data, extraction of variables from remote sensing 

and ancillary data, evaluation of ecological environment from four aspects, and analysis of overall 

ecological environment of study area. 

 

Data collection and preprocessing 

Table 1 summarizes the data sets used in research, including two Landsat 8 images dated on 

October 23 of 2013 and December 21 of 2017, the ASTER Global Digital Elevation Model 

(GDEM), MODIS product data MOD11A1, weather station data, and the Comprehensive Planning 

of Fujian Dazhangxi Basin Report of this research area. Both Landsat images were calibrated by 

radiometric calibration, atmospheric correction and topographic correction in ENVI 5.5. GDEM 

with 30-m cell size were used for the topographic correction. Both images and GDEM data have 

the same Universal Transverse Mercator (UTM) coordinate system with World Geodetic. The pan 

sharpening method was used to fuse Landsat images to improve the spatial resolution for subse-

Fig. 2. The framework for ecological environment assessment 
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Table 1 
Data sets used in research 

Data sets Description 

Landsat 8 OLI images 
Landsat 8 OLI images on October 23, 2013 

(LC81190422013296LGN01) and December 21, 2017 
(LC81190422017355LGN00) 

30m GDEM 
Aster Global Digital Elevation Model (GDEM)data with  

30 m cell size 

MOD11A1 Daily temperature product data 

Weather station data 
Daily rainfall and temperature data of Fujian in 2013 

 and 2017 

Comprehensive Planning of Fujian Dazhangxi 
Basin Report 

Environmental impact report on comprehensive planning of 
Dazhangxi Basin 

Extraction of variables from remote sensing 

Normalized difference vegetation index (NDVI), normalized difference building index (NDBI) 

and modified normalized difference water index (MNDWI) are used in this study. The principle of 

NDVI is that vegetation has different absorption in near-infrared band and red band. Vegetation 

information can be highlighted by calculation, so it is often used to characterize the coverage of 

surface vegetation. NDBI is a remote sensing index, which is used to distinguish urban and other 

building information. Xu (2005) proposed MNDWI on the basis of NDWI, which can better reveal 

the micro characteristics of water body. Their calculation is shown in Table 2. 
 

Table 2 
Calculation of indices 

Indices Calculation Landsat 8 bands Band math 

NDVI (ρNIR - ρR)/(ρNIR + ρR) b5,b4 (b5-b4)/(b5+b4) 

NDBI (ρMIR - ρNIR)/(ρMIR + ρNIR) b6, b5 (b5-b4)/(b5+b4) 

MNDWI (ρGreen - ρMIR)/(ρGreen + ρMIR) b3,b6 (b3-b6)/(b3+b6) 

Thermal environment model 

(1) Impervious Surface Coverage (ISC) 

The increase of ISC is a significant feature of urbanization and has a significant impact on re-

gional ecological environment factors. In this study, normalized difference impervious surface in-

dex (NDISI) is used to extract impervious surface (Xu, 2008). Based on the spectral difference be-

tween impervious surface and other surface features, single band or multi band combination re-

mote sensing is the most commonly used method to extract impervious surface. As a method that 

can automatically and quickly extract impervious surface in a large range, the principle of NDISI 

index is to construct strong reflection group and weak reflection group of impervious surface in 

spectral band of remote sensing image, and carry out band operation, so as to expand the contrast 

between impervious surface and sand soil, vegetation, water body and other surface features, so as 

to enhance the impervious surface information. The formula of the index is as follows: 

 

.              (1) 

 

TIR, NIR and MIR1 represent thermal infrared, near infrared and mid infrared bands of remote 

sensing image respectively, and MNDWI refers to modified normalized differential water index. 

Both MNDWI and TIR bands need linear stretching of 0-255 gray level to unify the quantization 

series of each band. The NDISI results were normalized and converted to ISC for further analysis. 

3/)(

3/)(

1

1

MIRNIRMNDWITIR

MIRNIRMNDWITIR
NDISI
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
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The calculation formula is as follows: 

 

.                                (2) 

 

ISC is classified by mean-standard deviation method (table 3), which is also used in the follow-

ing classification. 
 

Table 3 
Criteria for classification of impervious surface coverage 

%100





minmax

mini

NDISINDISI

NDISINDISI
ISC

ISC levels Division basis 

First ISCmean+ s<ISCni 

Second ISCmean+0.5s<ISCni≤ ISCmean+ s 

Third ISCmean- 0.5s ≤ ISCni <ISCmean+0.5s 

Fourth ISCmean- s ≤ ISCni<ISCmean- 0.5s 

Fifth ISCni<ISCmean - s 

Note: ISCni is the normalized pixel value, ISCmean is the average value of all pixels after normalization, s is the 
standard deviation. 

 

(2) LST inversion 

The atmospheric correction method and single window algorithm are used to retrieve the LST, 

and MOD11A1 are used to verify the accuracy. Finally, the LST retrieved by atmospheric correc-

tion method is selected to classify the heat island grade. 

Atmospheric correction method: firstly, the influence of the atmosphere on the surface thermal 

radiation is estimated, and then this part of the atmospheric impact is subtracted from the total 

thermal radiation observed by satellite sensors to obtain the surface thermal radiation intensity, and 

then the thermal radiation intensity is converted into the corresponding surface temperature. 

The brightness value Lλ of thermal infrared radiation received by the satellite sensor consists of 

three parts: the upward radiance of the atmosphere, the energy of the real radiance of the ground 

after passing through the atmosphere, and the reflected energy of the downward radiation from the 

atmosphere to the ground. The expression of thermal infrared radiance value Lλ received by satel-

lite sensor (radiative transfer equation) can be written as: 

,                                （3） 

where, ε is the surface emissivity, TS is the real surface temperature (K), B(TS) is the blackbody 

thermal radiance brightness, and τ is the atmospheric transmittance in the thermal infrared band. 

Then the radiance B(TS) of the blackbody with temperature T in the thermal infrared band is: 

.                             （4） 

Ts can be obtained by the function of Planck's formula. 

.                            （5） 

For TIRS band10, K1 = 774.89 w / (M2 * μm * sr), K2 = 1321.08 K. LST is divided into five 

grades by means of mean-standard deviation method: high temperature zone, sub high temperature 

zone, medium temperature zone, sub low temperature zone and low temperature zone. Sub high 

temperature zone and high temperature zone are considered as heat island area. 

 

s( )[ (1 ) ]B TL L L        

s( ) [ (1 ) ] /B T L L L        

2 1/ ln( / ( ) 1)s sT K K B T 
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(3) Vegetation fractional coverage (VFC) 

The calculation of VFC was shown below: 

.                       (6) 

According to the situation of remote sensing images, NDVIsoil and NDVIveg are replaced by 

NDVImin and NDVImax respectively. Due to the inevitable noise, NDVImin and NDVImax generally 

take the maximum and minimum values within a certain confidence range, and the confidence val-

ues are mainly determined as 5% and 95% according to the actual situation of the image. 

 

LULC classification 

The automatic decision tree method is used to classify the images of Dazhangxi Basin in 2013 

and 2017. The decision tree method obtains the classification rules through the experience of ex-

perts, simple mathematical statistics and induction methods, and carries out remote sensing classi-

fication. The classification rules are easy to understand, and the classification process is in line 

with human cognitive process, and the biggest feature is the use of multi-source data. NDVI, 

MNDWI, NDBI, ISC and LST are selected as auxiliary data for decision tree classification. Ac-

cording to the LULC classification standard in 1984, the land in the study area is divided into six 

categories: construction land, unused land, farmland, water body area, forest and grassland. 

Two ROIs are drawn independently on Google Earth, which are used to model and verify the 

classification. According to the separability report of ROI, it is greater than 1.99, which proves 

that the selection of ROI is very reasonable. After classification, principal component analysis and 

cluster analysis are used to process the classification results.  

 

NPP estimation 

CASA model was used to retrieve NPP, considering the effects of solar radiation, temperature 

and precipitation. Based on Landsat 8 OLI and meteorological data, NPP estimation models for 

different land types in the Dazhangxi Basin were constructed. Compared with other NPP of vege-

tation at home and abroad, CASA model is more simple and convenient. The parameters can be 

determined respectively by using remote sensing information extraction and GIS, which avoids 

unnecessary errors caused by artificial simplification or estimation of parameters due to lack of 

parameters. The specific calculation process of CASA model is as follows: 

,                                     (7) 

x is the spatial position and t is the time; NPP (x, t) is the NPP (gC·m-2·month-1) of pixel x in t 

month; APAR (x, t) is the photosynthetic effective radiation absorbed by pixel x in t month (MJ·m
-2·month-1); Ɛ (x, t) is the actual light energy utilization rate of pixel x in month t (gC·MJ-1). 

According to formula (7), NPP (x, t) is determined by APAR(x,t) and Ɛ(x,t), and APAR(x,t) 

can be calculated as (8): 

,                                (8) 

Q (x, t) is the total solar radiation at pixel x in month t; FPAR (x, t) is the absorption ratio of inci-

dent photosynthetically active radiation by vegetation layer; the constant 0.5 represents the propor-

tion of solar effective radiation (wavelength 0.38 ~ 0.71 μm) available for vegetation in total solar 

radiation. Ɛ(x,t) can be calculated as (9): 

,                        (9) 

TƐ1(x,t) and TƐ2(x,t) denote the stress effect of low temperature and high temperature on light energy 

utilization efficiency, WƐ(x,t) is the influence coefficient of water stress, and Ɛmax is the maximum 

veg( ) / ( )soil soilFVC NDVI NDVI NDVI NDVI  

( , ) ( , )* ( , )NPP x t APAR x t x t

( , ) ( , )* ( , )*0.5APAR x t Q x t FPAR x t

max 1( , ) 2( , ) ( , )x * * *x t x t x tT T W   （ , t）=



75 

 

light energy utilization rate of vegetation under ideal conditions, which is related to vegetation 

types. The maximum photosynthetic utilization rate of Chinese typical vegetation simulated by 

Zhu et al (2006) was used here. In particular, the farmland in the study area are mainly evergreen 

broad-leaved forest and evergreen coniferous forest. According to the research results, the average 

value of evergreen broad-leaved forest and evergreen coniferous forest (0.687) is taken as the max-

imum light energy utilization rate of forest land. 

 

(1) Calculation of Q(x,t) 

,                                        (10) 

Q is the monthly total solar radiation received by the earth's surface; Q0 is the monthly astronomi-

cal total radiation; n/N is the percentage of monthly sunshine. a and b are empirical coefficients, 

which are taken as 0.25 and 0.50 respectively. FAO suggests that this should be set when no meas-

ured solar radiation data can be used and the accuracy correction of a and b parameters is not im-

proved (Wang et al., 2014). The monthly total astronomical radiation Q0 is calculated by the meth-

od of daily summation of the total astronomical radiation Qi, and the daily total astronomical radia-

tion is calculated by formula (11) 

,                        （11） 

Qi is the total daily astronomical radiation (MJ·m-2·D-1); T is the period (24 × 60 × 60s); GSC is the 

solar constant (13.67 × 10-4 MJ·m-2·s-1); ρ is the relative distance between the sun and the earth; ω0 

is the sunset angle (rad); φ is the geographical latitude (rad); δ is the solar declination (rad). The 

relative distance between the sun and the earth is calculated by equation (12). 

 

,                           （12） 

 

J is the day ordinal number of a day in the year, from 1 January 1 to 365 December 31. The sunset 

angle ω0 is calculated by equation (13) 

.                          （13） 

The declination of the sun is calculated by equation (14) 

.                           （14） 

(2) Calculation of FPAR (x,t) 

Because the FPAR estimated by NDVI will be higher than the measured value, while the FPAR 

estimated by SR will be lower than the measured value, it is necessary to obtain the actual photo-

synthetic effective radiation absorption ratio (FPAR) by adjusting coefficient α (0.5 in this study). 

,              （15） 

FPARNDVI(x, t) and FPARSR(x, t) are the proportion coefficients of photosynthetic effective radiation 

absorption of vegetation canopy calculated by NDVI and SR, respectively, which are calculated by 

(16) and (17). 

.       （16） 

0(x, ) *
n

Q t Q
N

 （a+b* ）

2

i 0* *( sin sin cos cos sin )scTG
Q       


 

1

2
1 0.033cos

365

J







0 arccos( tan tan )   

2
=0.409sin( 1.39)

365

J
 

( , ) ( , )( , ) * (1 )*NDVI x t SR x tFPAR x t FPAR FPAR   

,min

( , ) max min min

,max ,min

( , )
*( )

i

NDVI x t

i i

NDVI x t NDVI
FPAR FPAR FPAR FPAR

NDVI NDVI


  


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In equation (16), NDVI(x, t) is the NDVI of pixel x in month t. NDVIi, max is the value of NDVI 

with confidence level of 95% for the i-th land cover type, and NDVIi, min is the value of NDVI con-

fidence level of 5% for unused land; the values of FPARmin and FPARmax are 0.001 and 0.95, re-

spectively. 

,            （17） 

SR(x, t) is the ratio vegetation index of pixel x in month t (18); SRi, max is the value of NDVI with 

confidence level of 95% for the i-th land cover type, and SRi,min is the value of NDVI confidence 

level of 5% for unused land; the values of FPARmin and FPARmax are 0.001 and 0.95, respectively. 

.                          （18） 

(3) Calculation of TƐ1(x,t) 

,                  （19） 

Topt(x) is the optimum temperature for plant growth, which is defined as the average temperature 

of the month when the NDVI value reaches the highest in a certain region in a year. For the study 

area, the average temperature in July is taken as the optimum; when the average temperature in a 

certain month is less than or equal to -10℃, TƐ1(x,t) is taken as 0. 

 

(4) Calculation of TƐ2(x,t) 

  (20） 

When the average temperature of a month T(x, t) is 10℃ higher or lower than the optimum 

temperature Topt(x), the value of TƐ2(x,t) in the month is equal to half of the value of TƐ2(x,t) when the 

monthly average temperature T (x, t) is the optimal temperature Topt(x). 

 

(5) Calculation of WƐ(x,t) 

,                          （21） 

C(x,t) is the actual regional transpiration (mm), which is calculated according to the regional actu-

al evapotranspiration model established by Zhou and Zhang (1995) (Eq. 22); Cp(x,t) is the regional 

potential evapotranspiration (mm), which is calculated according to the complementary relation-

ship between EET and PET (Luo, 2010) (Eq. 23). The required parameter data are provided by 

monthly average temperature T(x, t) and monthly total precipitation W(x, t). 

,                             （22） 

,                               （23） 

r is the monthly accumulated precipitation (mm); Rn is the regional accumulated surface net radia-

tion. Since many parameters for calculating the net surface radiation are difficult to obtain, they 

can be estimated by using the empirical model (Eq. (24)) established by Zhou and Zhang (1996). 

,                        （24） 

Ep in equations (24) and (25) is local potential evapotranspiration (mm), which is calculated by 

using the vegetation climate relationship model (Thornthwaite, 1948) as formula (25). 

,min

( , ) max min min

,max ,min

( , )
*( )

i

SR x t

i i

SR x t SR
FPAR FPAR FPAR FPAR

SR SR


  



1 ( , )
( , )

1 ( , )

NDVI x t
SR x t

NDVI x t






2

1( , ) 0.8 0.02* ( ) 0.0005*[ ( )]x t opt optT T x T x   

2( , ) 1.184 /{1 exp[0.2*( ( ) 10 ( , ))]}*1/{1 exp[0.3* ( ( ) 10 ( , ))]}x t opt optT T x T x t T x T x t        

( , ) 0.5 0.5* ( , ) / ( , )pW x t C x t C x t  

2 2

2 2

(r )

( ) ( )

r Rn Rn r Rn
EET

r Rn r Rn

   


  

2PET Ep EET 

2 0.5( ) [0.369 0.598( ) ]
Ep

Rn Ep r
r

   
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,         （25） 

LAT is the latitude of the research site, LONG is the longitude of the research site, and ALT is 

the altitude of the research site. 

NPP was divided into five grades by mean-standard deviation method: high biomass area, sec-

ondary high biomass area, medium biomass area, secondary low biomass area and low biomass 

area. The high biomass area and the secondary high biomass area were regarded as the areas with 

rich biomass. 

 

RSEI ecological index 

RSEI includes four important indicators of natural ecological environment: greenness, humidi-

ty, heat and dryness. Among the many natural factors reflecting ecological quality, these four fac-

tors are closely related to human survival, and are also the most important indicators for human 

beings to intuitively feel the quality of ecological conditions. Remote sensing technology can ob-

tain the information of these four indicators from remote sensing images, such as vegetation index, 

humidity component, surface temperature and soil index to represent greenness, humidity, heat 

and dryness respectively 

,                          （26） 

NDVI is vegetation index; Wet is humidity component; LST is surface temperature; NDSI is soil 

index. NDVI is undoubtedly the most widely used vegetation index, which is closely related to 

plant biomass, leaf area index and vegetation coverage. Therefore, NDVI is selected to represent 

the greenness index. The brightness, greenness and wetness obtained by tassel cap transformation 

have been widely used in ecological environment monitoring. The humidity component reflects 

the humidity of water, soil and vegetation, which is closely related to ecology. Therefore, the hu-

midity index of this study is represented by wetness: 

,      （27） 

where: ρi(i = 1,...,5, 7) is the reflectivity of each band. LST uses the best atmospheric correction 

inversion results after the interactive accuracy verification of MOD11A1 data to obtain the index. 

The NDSI is selected as the dryness index. However, in the regional environment, there isa consid-

erable number of construction lands, which also cause the drying of the surface. Therefore, the 

dryness index can be synthesized by the soil index (SI) and the building index (NDBI). 

,                                        (28） 

where 

,                           (29) 

,                                     (30) 

Principal component analysis (PCA) is a multi-dimensional data compression technology 

which selects a few important variables by orthogonal linear transformation. In this study, PCA is 

used to integrate indicators. Before this transformation, we must normalize these indices and map 

their values to [0,1]. Finally, the RSEI based on PC1 is between [0,1]. The closer to 1, the better 

the ecology. The comprehensive representativeness of RSEI can also be analyzed from the correla-

tion between RSEI and each index. The stronger the correlation between RSEI and each index is, 

the more comprehensively it can represent each index. 

RSEI is divided into five grades by means of a mean-standard deviation method: excellent eco-

logical area, sub optimal ecological area, medium ecological area, sub poor ecological area and 

poor ecological area. 

 

2037.98 18.8308 4.5801 0.157861Ep LAT LONG ALT   

( , , , )RSEI f NDVI WET LST NDSI

1 2 3 4 5 70.0315 0.2021 0.3102 0.1594 0.6806 0.6109WET           

( ) / 2NDSI SI IBI 

5 3 4 1 5 3 4 1[( ) ( )] / [( ) ( )]SI              

5 4 5 4( ) / ( )NDBI      
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Results and discussion 

Remote sensing indices 

(1) NDVI  

Figure 3 is the overall trend of NDVI distribution in 2013 and 2017, the high values are mainly 

concentrated in the upper, middle and lower right parts of the basin, and the low values are distrib-

uted in the west and northeast of the basin. According to the distribution of power stations reported 

in the Report, it can be seen that the low value of NDVI in the study area is mainly spread around 

the power station location. The low value in the northeast is mainly caused by the underlying sur-

face being residential area. The NDVI value in 2017 was generally lower than that in 2013. It is 

obvious that taking the power station as the center, the relevant building land has been built or ex-

panded around it, and the road facilities connecting the main stream of Dazhangxi and the power 

station have been built, which has affected the NDVI value of the whole research basin to a certain 

extent, and has an impact on the ecological environment. 

 

(2) MNDWI 

There is no significant difference in the distribution of MNDWI values between the two years 

(fig. 4). However, due to the fact that the image of 2013 is October and the image of 17 years is 

December, it is obvious that the discharge of 2017 is less than that of 2013 in the main part of 

Dazhangxi, especially in the west of the trunk part. 

 

(3) NDBI 

Compared with 2013, the building area increased in 2017 (fig. 5), and the fragmentation of 

building patches increased. In the western part of the basin, the increase is obvious in the western 

part of the basin, while the increase in other parts is not obvious, but the patch becomes more frag-

mented. This may be due to the construction of power stations in the basin and the intervention of 

human activities.  

Fig. 3. NDVI of 2013 and 2017 

Fig. 4. MNDWI of 2013 and 2017 
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Fig. 5. NDBI of 2013 and 2017 

 
Thermal environment 

ISC 

As can be seen from figure 6, compared with 2013, the first-class area in 2017 decreased, the 

second-class area increased slightly, the third-class area increased more significantly, and the area 

of fourth and fifth class areas decreased significantly. Combined with the situation of the study 

area, from 2013 to 2017, the buildings developed from contiguous to scattered, the road area in-

creased, the forest area decreased, and the forest land gradually developed to sparse forest land.  

Fig. 6. ISC of 2013 and 2017 

LST  

Using the MOD11A1 data, the real LST of the study area was extracted. 200 random points are 

created in the research area. After resampling the atmospheric correction and single window algo-

rithm inversion results, the temperature values of corresponding points are extracted. After the rel-

evant data processing and regression model establishment, the correlation coefficient and R2 were 

obtained. The specific results are shown in figure 7. In the two years, the atmospheric correction 

method is better in 2017, and the single window algorithm is better in 2013. However, the temper-

ature of single window algorithm in 2017 is compressed in a narrow range, overall the atmospheric 

correction method is better. The following analysis is based on the results of atmospheric correc-

tion. 

The LST results after grading are shown in figure 8. According to the final LST distribution 

map, combined with the ISC index classification results, the construction land in the downstream 

and along the banks of the Dazhangxi Basin has a significant heat island effect in 2013-2017. It 

can be concluded that LST and ISC results are significantly related to the degree of urbanization, 

but may also be restricted by vegetation, water and other factors. For example, the greening and 

environmental improvement in the central urban area may reduce its thermal environment effect to 

a certain extent.  
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Fig. 7. LST regression model in 2013 and 2017 

Fig. 8. LST levels distribution map in 2013 and 2017 
 

VFC 

Through comparative analysis, it can be found that the vegetation coverage in 2017 has an ob-

vious trend of reduction, especially in the northeast and west of the basin, the vegetation area de-

creased significantly. In the southeast of the basin, there are also some areas where the vegetation 

coverage decreases. The main reason is that the operation of the power station needs some human 

intervention, which leads to the destruction of the ecological environment. 

 

LULC monitoring and change detection 

The classification accuracy based on the automatic decision tree method was 94.14% in 2013 

and 90.69% in 2017, and the kappa coefficient was 0.92 and 0.88, respectively. The images of 

Dazhangxi watershed in 2013 and 2017 are classified, and the classification results are shown in 

figure 10. 
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Fig. 9. VFC in 2013 and 2017 

 

The construction land is mainly distributed along the river and mainly distributed in the north-

east of Dazhangxi Basin, while the farmland is mainly distributed near the construction land. Com-

pared with the land use map of 2013 and 2017, it can be found that the changes of construction 

land, farmland and unused land are more obvious. In 2017, the area of construction land increased, 

the area of agricultural land decreased, and the area of unused land increased. 

Fig. 10. LULC in 2013 and 2017 
 

The classification results were statistically analyzed and a pie chart was drawn (fig. 11). The 

vegetation coverage rate of Dazhangxi basin is higher, reaching more than 60%. However, the veg-

etation coverage rate in 2017 was lower than that in 2013, the proportion of forest land and farm-

land decreased significantly, and the proportion of construction land and unused land increased 

significantly. This shows that with the advancement of urbanization, the land use in the Dazhangxi 

Basin has changed. The land use inclines to the construction land, and part of the farmland is used 

for urban construction. To a certain extent, this has affected the vegetation coverage rate and eco-

logical environment of Dazhangxi Basin. 

Fig. 11. Proportion of land use types in 2013 and 2017 
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In order to further reflect the land use change of Dazhangxi River Basin from 2013 to 2017, the 

concept of land transfer matrix (Liu, Zhu, 2010) was introduced and calculated the detailed land 

use type area transfer change from 2013 to 2017, as shown in table 4. 

From the perspective of land transfer, the land with large transfer-out area was forest land, 

grassland and farmland in order from 2013 to 2017, with the transfer-in area of 33952.59 ha, 

210725.66 ha and 7175.61 ha respectively. The largest transfer-in area was forest land, grassland 

and farmland, and the transfer area was 30559.86 ha, 11795.31 ha and 5665.23 ha respectively. 

The overall situation of the transfer in and out shows a decreasing trend in forest land, and it is 

mainly converted into grassland, and the construction land shows an increasing trend, and the main 

source of increase is the conversion of farmland to construction land. 

From the area ranking, the vast majority of land types in Dazhangxi basin are forest land, grass-

land and farmland. Forest land is an important indicator of the natural and ecological environment 

in the region, which indicates that the ecological maintenance of Dazhangxi basin is relatively 

good. However, compared with 2013, the proportion of forest land decreased in 2017, and it was 

mainly transferred out to grassland, and the forest land and grassland were transformed from each 

other, mainly due to the impact of human activities. The proportion of construction land is in-

creased, and it mainly comes from the conversion of farmland. Urban construction needs new ex-

pansion. But maintaining enough farmland area is also the key to ensure the economic and food 

sources of urban residents. While promoting the construction of urbanization, the Dazhangxi river 

basin should take into account the protection of ecological environment, so as to realize sustaina-

ble development. 
 

Table 4 
Land use change area transfer matrix from 2013 to 2017 (ha) 

Land use Grassland 
Construc-
tion land 

Forest Farmland 
Water 
body 

Unused 
land 

Transfer-
out 

Grassland 4984.29 219.87 3612.24 1147.32 5.4 756.54 10725.66 
Construc-
tion land 

29.25 904.68 5.22 675.18 71.55 263.43 1949.31 

Forest 5778.63 39.87 26871.39 287.01 4.59 971.1 33952.59 
Farmland 994.32 1310.58 70.65 3424.68 37.98 1337.4 7175.61 

Water body 2.43 17.73 0.09 28.44 745.2 18.99 812.88 
Unused 

land 
6.39 155.43 0.27 102.6 12.6 131.58 408.87 

Transfer-in 11795.31 2648.16 30559.86 5665.23 877.32 3479.04 55024.92 

 

NPP monitoring and analysis  

The NPP grading distribution in 2013 and 2017 was finally as shown in figure 12. Through 

comparative analysis, we can see that compared with 2013, the low biomass areas in 2017 in-

creased significantly. Taking the main trunk of Dazhangxi as the center, the areas around it are al-

most all low biomass areas, and they are shown in a more contiguous form. However, the NPP in-

version results in 2013 showed that there were a few high or sub high biomass areas in the form of 

broken patches near the main trunk of Dazhangxi. The main reason for this phenomenon is that the 

operation of the power station near the basin has destroyed the forest around it, thus affecting the 

biomass of the area. Another obvious change is that the high biomass area in 2017 has a certain 

reduction compared with 2013. Especially in the west, North and southeast of the basin, this situa-

tion is obvious.  

The results of the changes of two years are detected as figure 13. On the whole, the NPP of the 

study area showed a decreasing phenomenon, and the decreasing area was mainly forest land type, 

which indicated that the forest land was affected in this process. There is a high spatial correlation 

between the unchangeable region and the low biomass area. The low biomass area is mainly water 
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land type. The biomass of water body is generally very low. It is impossible to develop into forest 

land type with high NPP in a short time. The NPP corresponding to all water body types will re-

main unchanged. The rising areas are mainly distributed in forest, especially in the East and West 

of the basin. In order to improve the ecological living conditions of local residents, some green 

belts were planted by human intervention. The NPP in Western China will increase sporadically, 

which is mainly due to the comprehensive utilization of Longxiang reservoir from power genera-

tion to water supply. This location has a certain ecological mitigation effect on this area. 

Fig. 12. NPP distribution map in 2013 and 2017 

Fig. 13. NPP transform detection distribution 
 

The NPP results, LST and VFC values of two periods was extracted by creating 200 random 

points in the study area. Statistical software was used to describe the spatial relationship among 

them. The results are shown in the figure 14. 

Fig. 14. Scatter map of 3D feature space (left 2013, right 2017) 
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According to the above analysis, NPP has a high correlation with VFC. With the increase of 

VFC, NPP increased except for a few sites. VFC, to a certain extent, represents the dense situation 

of ground vegetation. When the vegetation is lush, it can make full use of solar radiation and pro-

duce more NPP. Analysis of a small number of special points shows that NPP is always low no 

matter how the VFC changes, which may be caused by the model method. The calculation of the 

absorption of incident photosynthetically active radiation (PAR) by vegetation layer is based on 

different types of surface features. This study cannot guarantee that each type of ground feature 

can be identified completely and correctly. The corresponding pixel of this point may have vegeta-

tion surface feature spectral information and has high VFC, but its corresponding NPP value is un-

derestimated because the ground feature type is not classified into vegetation. 

In addition, there is no direct correlation between NPP and LST. In different temperature rang-

es, the corresponding NPP values are basically the same. In this study, we use the remote sensing 

image obtained at a certain time, and the temperature retrieved from it is also instantaneous, which 

will not have a direct impact on NPP. On the other hand, the study area is the Dazhangxi basin 

with a small scope. Even though different types of surface features have an impact on surface tem-

perature, the overall impact is small, so the impact of temperature on net primary productivity is 

not obvious in this region. 

 

RSEI monitoring and assessment 

As can be seen from the table 5, The first principal component (PC1) of the four indicators in 

the study area has the following characteristics: 1) The contribution rate of PC1 is greater than 

70%, indicating that it has concentrated most of the characteristics of the four indicators; 2) The 

four indicators have a certain degree of contribution to PC1, and are relatively stable, not like in 

other characteristic components (PC2 ~ PC4). 3) In PC1, NDVI and WET which represent the 

greenness and humidity are positive, indicating that they contribute positively to the ecology. LST 

and NDSI, which represent heat and dryness, are negative in PC1, indicating that they have nega-

tive effects on ecology, which is consistent with the actual situation. However, in PC2 ~ PC4, 

these indicators are sometimes positive and sometimes negative, which is difficult to explain the 

ecological phenomenon. Therefore, compared with other components, PC1 concentrates the char-

acteristics of each index to the greatest extent, and can reasonably explain the ecological phenome-

non, so it can be used to create comprehensive ecological index. 
 

Table 5 
Results of principal component analysis 

Indices 
2013 2017 

PC1 PC2 PC3 PC4 PC1 PC2 PC3 PC4 

dryness -0.955 0.023 -0.249 0.157 -0.903 0.222 -0.327 0.169 

greenness 0.841 0.526 0.084 0.096 0.713 0.654 0.239 0.085 

heat -0.891 0.024 0.452 0.040 -0.816 -0.171 0.547 0.071 

humidity 0.875 -0.456 0.108 0.120 0.867 -0.468 -0.021 0.173 

According to PC1, the comprehensive representativeness of RSEI can also be analyzed from its 

correlation with each index. The stronger the correlation between RSEI and each index is , the 

more comprehensively it can represent each index. Table 6 shows the correlation coefficient be-

tween each index and RSEI, as well as the correlation coefficient between each index itself. For a 

single indicator, the highest average correlation between indices is NDSI, reaching 0.849 in 2013, 

The two-year average is 0.792. However, the annual average correlation coefficient between RSEI 

and these four indicators is greater than 0.61, and the two-year average is 0.725, which is 6.4% 

higher than the average of the lowest NDVI. Obviously, the higher correlation between RSEI and 
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each index indicates that it is more representative than any single index and can comprehensively 

represent the information of each index. 

 
Table 6 

Correlation coefficient matrix of each index and RSEI index 

Indices 
2017 2013 

NDSI NDVI LST WET RSEI NDSI NDVI LST WET RSEI 
NDSI 1 -0.562 0.532 -0.85 -0.678 1 -0.797 0.745 -0.855 -0.692 
NDVI -0.562 1 -0.557 0.322 0.819 -0.797 1 -0.694 0.516 0.812 
LST 0.532 -0.557 1 -0.627 -0.701 0.745 -0.694 1 -0.737 -0.667 
WET -0.85 0.322 -0.627 1 0.729 -0.855 0.516 -0.737 1 0.698 

Average 
correlation 

0.736 0.610 0.679 0.700 0.732 0.849 0.752 0.794 0.777 0.717 

Two year 
average 

NDSI=0.792 NDVI=0.681 LST=0.737 WET=0.738 RSEI=0.725 

Note: the average correlation is calculated based on the absolute value of the correlation coefficient between itself 
and other indicators. Take NDSI in 2017 as an example: average correlation NDSI = [|-0.562| + |0.532|+|-
0.85|+|1|]/4=0.736. 

 

RSEI can also be used to establish ecological models to simulate and predict the trend of re-

gional ecological change. Firstly, the thematic images of NDVI, WET, LST, NDSI and RSEI of 

each year are sampled, and then the relationship model is established by stepwise regression anal-

ysis with RSEI as dependent variable and NDVI, WET, LST and NDSI as independent variables, 

28000 sample points were collected from each image. Enough sample points and sampling method 

throughout the whole image can ensure the representativeness and objectivity of regression analy-

sis results, and avoid the uncertainty caused by small sample and local sampling. In 2013, the 

model is RSEI = 0.277Wet + 0.266NDVI– 0.302NDSI – 0.282LST+ 0.477 (R2 = 0.992); while in 

2017, it is RSEI = 0.313Wet + 0.258NDVI– 0.326NDSI – 0.295LST+ 0.483 (R2 = 0.989). From 

the regression coefficient of each index, the coefficients of NDVI and WET are positive, indicat-

ing that they have positive effect on RSEI, while LST and NDSI are negative. Further study on the 

change of regression coefficient shows that the comprehensive influence of NDVI and WET on 

RSEI is more than that of NDSI and LST, because the sum of the two coefficients is greater than 

the absolute sum of NDSI and LST. 

The RSEI grading results was shown in the figure 15. Compared with 2013, the low biomass 

areas in 2017 increased significantly. Taking the main trunk of Dazhangxi as the center, the areas 

around it are almost all low biomass areas, and they are shown in a more contiguous form. How-

ever, the NPP inversion results in 2013 showed that there were a few high or sub high biomass 

areas in the form of broken patches near the main trunk of Dazhangxi. The main reason for this 

phenomenon is that the operation of the power station near the basin has destroyed the forest 

around it, thus affecting the biomass of the area. Another obvious change is that the high biomass 

area in 2017 has a certain reduction compared with 2013. Especially in the west, North and south-

east of the basin, this situation is obvious. 

Figure 16 shows the results of changes between the two periods. Overall, the NPP of the study 

area showed a decrease, and the decrease area was mainly forest land type, which indicated that 

forest land was affected in this process. There is a high spatial correlation between the unchangea-

ble region and the low biomass area. The low biomass area is mainly water body. The biomass of 

water body is generally very low. It is impossible to develop into forest with high NPP in a short 

time. The NPP corresponding to all water body types will remain unchanged. The rising areas are 

mainly distributed in forest, especially in the East and West of the basin. In order to improve the 

ecological living conditions of local residents, some green belts were planted by human interven-

tion. The NPP in Western also increased sporadically, which is mainly due to the comprehensive 
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utilization of Longxiang reservoir from power generation to water supply. The development orien-

tation has a certain ecological mitigation effect on the region.  

Fig. 15. RSEI grade distribution map 

Fig. 16. RSEI transform detection distribution 

 

The relationship between each index and the RSEI is investigated from the distribution of their 

scatter points in the 3-D characteristic space (fig. 17). The top of the scattered point group is the 

gathering area with good ecological conditions, mainly the high coverage vegetation area; the bot-

tom end of the scattered point group is the gathering area with poor ecological conditions, repre-

senting the bare soil area. Generally speaking, both regression model and PCA show that the 

greenness represented by NDVI and the dryness represented by NDSI have the greatest impact on 

the ecological environment, and the impact of NDVI is greater than that of NDSI. The results of 

this data simulation also prove that the effect of controlling soil and water loss by increasing 

greenness in this area is greater. If the 2017 model is used for prediction, the NDVI will be in-

creased by 0.253 for every 0.1 increase of RSEI. 

 

Comprehensive evaluation of ecological environment 

From the perspective of thermal environment, due to the rapid expansion of urban construction 

land along the banks of Dazhangxi, the intersection of tributaries and Minjiang River downstream, 

the thermal environment effect has been increasing, forming the local heat island effect. This has 

quite negative effect on ecological environment 

As for land use change, the vegetation coverage rate of the study area is higher as a whole, 

reaching more than 60%. In 2017, compared with 2013, forest land and farmland declined obvi-

ously, while construction land and unused land have a large increase. This shows that with the ad-

vancement of urbanization, the land use in the Dazhangxi River Basin has changed significantly. 

The land use inclines to the construction land, and some forest land and farmland have changed 

into urban construction land. This phenomenon also damaged ecological environment to some ex-

tent. 



87 

 

Fig. 17. Relationship between RSEI and variables 

The NPP of the study area decreased in 2017, and the decreasing area was mainly forest land 

type. There is a high spatial correlation between the unchangeable area and the low biomass area, 

which is mainly caused by the water body in the low biomass area. The increasing areas are scat-

tered in forest, especially in the East and West of the basin. This is mainly caused by the improve-

ment of human intervention and the comprehensive utilization of Longxiang reservoir from power 

generation to water supply, taking into account power generation and other comprehensive utiliza-

tion. 

From the analysis of RSEI, compared with 2013, the area of excellent ecological area decreased 

significantly, the area of medium ecological area increased, and the area of poor ecological area 

decreased. This shows that in the process of these years, the areas with good ecological environ-

ment have been damaged to a certain extent, and the areas with serious ecological environment 

have been improved to a certain extent, making the ecological situation in 2017 mostly in the mid-

dle level. 

Combined with the above analysis, from 2013 to 2017, the ecological environment of Dazhang-

xi Basin showed a slight deterioration trend, but due to human intervention, it has been improved 

to a certain extent in the later stage. Ecological environment plays an important role in people's 

quality of life. While planning urban construction, the local government should pay attention to the 

local conditions. At the same time, it should pay attention to the problems of urban expansion and 

forest land protection, avoid excessive concentration of heat island effect, so as to ensure the nor-

mal and balanced development of the region. In addition, the Dazhangxi basin is responsible for 

water supply, power generation, shipping and other important social functions in Fuzhou. There-

fore, it is necessary to focus on measures such as increasing awareness of environmental protec-
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tion, paying attention to ecological balance and reducing pollution emissions for urban construc-

tion land along the Bank of Dazhangxi. For the unreasonable and inefficient power station, we 

should make a comprehensive plan and change its main functions, so as to improve the ecological 

environment of the region and inject inexhaustible power into the sustainable development of the 

ecological environment in this area. 

 

Conclusion and Recommendation 

Through the combination of multi-source remote sensing data and a large number of field 

measured data, this work comprehensively evaluates the ecological environment of the study area 

from four aspects: thermal environment, LULC, NPP and RSEI, which provides certain reference 

and auxiliary decision-making basis for relevant government departments in planning and govern-

ance.  

From four aspects, the ecological environment of Dazhangxi River Basin has been damaged in 

2013-2017, but it has been improved in the later stage due to human intervention. Therefore, com-

pared with 2013, the excellent ecological area and poor ecological area in 2017 have decreased, 

while the ecological area in the middle level has increased to a certain extent. In the reduced area, 

the land use mainly comes from forest land, and the ecological environment around the power sta-

tion has been compensated and improved According to the current ecological environment of the 

study area, the following suggestions are put forward: 1) When planning urban construction, the 

government should pay attention to local conditions and speed up appropriately, avoid excessive 

concentration of heat island effect, and ensure the balance of regional development trend. 2) The 

unreasonable and inefficient power stations in the basin should be comprehensively planned to 

change their main functions and improve the ecological environment.  

Although this paper quantitatively evaluated the ecological environment of the study area from 

many aspects, there are still many factors that affect the ecological environment do not consider, 

such as soil terrain factors, biological resources, etc. (Chang et al., 2019). The evaluation of this 

study is to evaluate the ecological environment from every single aspect, but not form a compre-

hensive index. The future research can combine the local characteristics, comprehensively consid-

er the factors affecting the ecological environment, and create an integrated framework, so as to 

make a more comprehensive and accurate evaluation of the study area. Because of its special func-

tion orientation of power supply and transportation, the ecological environment of Dazhangxi ba-

sin is inevitably disturbed by human beings. In the future, human factors can also be quantified as 

an indicator to evaluate the ecological environment more accurately. 
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