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This study used the time series of Landsat satellite data to define the Remote Sensing Environmental 
Index (RSEI) for the forests around Zhangye city in Gansu province of China from 1990 to 2021 with 
respect to determining forest cover changes. The elevation gradient of the estimated territory was also 
studied and analysed. On the basis of traditional regression method, Landsat time series were divided 
into three RSEI (Remote Sensing Environmental Index) curve trends: logarithmic, logistic, and ex-
ponential type, which were used to evaluate the current ecological state of the forest. Over the past 
32 years, Zhangye forest area ecology has consistently improved, with 96.0 % of the forest area RSEI 
increasing, 1.4 % decreasing and 2.6 % remaining unchanged. The linear trend dominates the ecologi-
cal changes in the forest. The RSEI findings indicate that ecology of 89.9 % of the forest areas is stable, 
while 10.1 % of the forest areas are unstable. There are obvious differences in RSEI trends and among 
diverse types of forests according to the elevation gradient. The RSEI rise area shows approximately 
normal distribution between 2500 and 4500 m, and the RSEI decline area forms a bimodal distribu-
tion in the two intervals of 1500–2500 and 3000–4500 m. Through the detailed differentiation of forest 
cover time series trends, the forest areas that need to be protected are more clearly defined.
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Introduction

Forests have a significant and indispensable role in preserving the ecological balance, enhancing the 
ecosystem, and sustaining the quality of the environment for people to live in (Badea, Apostol, 2020; 
Zhao et al., 2019). Monitoring of the forest ecosystems is crucial for providing information necessary 
for research of the global change and sustainable forest management. There is an increasing interna-
tional trend towards the use of powerful and flexible geospatial technologies such as remote sensing 
in various applications (Kurbanov et  al., 2020, 2022). Through the use of remote sensing, continu-
ous spatiotemporal patterns can be observed. This aims to accomplish quantitative inversion of vari-
ables including forest canopy closure and biomass accumulation in addition to obtaining information 
on the quantity of forest resources, geographical distribution, and dynamic change (Gao et al., 2013; 
Kurbanov et al., 2007). Such a method can satisfy the demands of different levels of monitoring and 
analysis of forest resources and environmental processes.

Currently, the normalized difference vegetation index (NDVI) is widely used to estimate global 
forest cover and greenness and is considered a reliable ecological indicator of vegetation health and 
productivity (Eastman et al., 2013; Yu et al., 2020; Yun Chen et al., 2022). Meanwhile, in arid and 
semi-arid areas NDVI alone cannot fully reflect the water stress state of vegetation (Zhang et  al., 
2022). Recently, the ecological complexity index combining several vegetation indicators on the basis 
of NDVI (Mora, 2022), the remote sensing-based ecological index (RSEI) (Lai et al, 2022; Mu et al., 
2022), and other comprehensive parameters showed more suitable results for forest ecological research 
in arid and semi-arid regions.

Trend analysis is a common method used for remotely sensed forest change monitoring, where 
the slope value of the trend line accurately represents the vegetation change average annual rate dur-
ing the estimated period (Verbesselt et al., 2010). The slope value, often used for forest disturbance 
monitoring, can accurately represent the annual average change rate of vegetation during a study 



Современные проблемы ДЗЗ из космоса, 19(5), 2022� 177

Y. Wang et al.  Time series analyses of forest cover change according to elevation gradient in Gansu province of China

period (Wessels et  al., 2012). The time series trajectory fitting approach based on trend analysis as-
sumes that a disturbance event occurs in the vegetation during the study area and uses its time as the 
midpoint of the entire time series trajectory (Kennedy et al., 2007). The midpoint of the trajectory is 
used as a curve extension to create a mathematical model for modelling vegetation change over time. 
Hyperbolic (Lawrence, Ripple, 1999), cubic polynomial (Jamali et al., 2014), exponential (Kennedy 
et al., 2007), logarithmic (Riano et al., 2002), logistic model (Qiu et al., 2017), and multi-exponential 
combinations of mathematical models (Wang et  al., 2019) have been used to monitor forest distur-
bance restoration and forest ecological change research. However, vegetation may experience differ-
ent short-term changes in a long-term time series, which may go undetected or completely masked in 
trend analysis (De Jong et al., 2012; Jamali et al., 2014).

The main objective of the study was to analyse changes occurring in forests near Zhangye city of 
Gansu province of China over the past 32  years. To achieve this objective, the following tasks were 
accomplished:

•	 Extraction of the Zhangye forest region from the Landsat images and calculation of the year-
by-year RSEI for the forest region over a 32-year period.

•	 Three time-series curve trends based on the RSEI model of logarithmic, logistic, and expo-
nential types were constructed and analyzed.

•	 Analysis of the relationship between different forest ecological types and their altitudes.

Research area

Zhangye city of the Gansu Province of the People’s Republic of China is located in the middle of 
Hexi (Gansu) corridor, in the middle and upper reaches of China’s second largest inland river basin 
(Fig. 1). 

Fig. 1. Location of forest area in Zhangye

East longitude is 97° 20′–102° 12′, north latitude is 37°28′–39° 57′, with a total area of 38,600 km2. 
The majority of locations have a typical temperate arid climate with low precipitation and high evapo-
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ration (Peng et al., 2007). The Qilian Mountains area has a mountain climate with more precipitation 
and lower temperatures than in the surrounding area. The distribution of precipitation in the region 
is uneven. The average annual precipitation is 112–354 mm, and the annual average temperature is 
4.1–8.3 °C. The urban area is in the centre, covering 3,661  km2, which makes approximately 9.5 % 
the total area; in the southwest there are the Qilian Mountains, and in the northeast local flat oa-
ses and deserts. The annual precipitation in the Qilian Mountains is between 300 and 500 mm, and 
there is water run-off from melting glaciers and seasonal snow covers. The forests are mainly located 
in the Qilian Mountains, with an average annual temperature of –0.6 to 2 °C, recharged by snow and 
ice melt water, and they are runoff forming areas. The forests consist of shrub and plantation forests, 
the main tree types being Qinghai spruce (Picea crassifolia), desert poplar (Populus euphratica), jujube 
(Ziziphus jujube), red willow (Salix laevigata), and haloxylon (Haloxylon ammodendron) (Chang et al., 
2014; Xiao, Huang, 2016).

Data and methods

Determination of the RSEI time series

The remote sensing images required for the experiment come from the Landsat image data provided 
by Unites States Geological Survey (USGS) in the Google Earth Engine (GEE) platform (Gorelick 
et  al., 2017). Images from Landsat-5 (1990–2011), Landsat-7 (2012), and Landsat-8 (2013–2021) 
were used in the study. The time acquisition of the images has been chosen from June to October, 
when the forest is at its most luxuriant vegetation period. Cloud removal and image stitching were pro-
cessed on the GEE platform. For classification in the GEE platform, the 32-year forest cover area in 
the region was extracted in 1990, 2005 and 2021. The RSEI was calculated (Xu et al., 2018) according 
to the formula:

RSEI (Greenness, Wetness, Dryness, Heat).f=

Greenness is represented by NDVI. Wetness is the humidity component calculated for the 
Tasseled Cap transformation (Jin, Sader, 2005). Dryness uses normalized difference impervious sur-
face index (NDSI), which is based on the combination of the index-based built-up index (IBI) and 
soil index (SI) (Xiong et al., 2021). Heat is the land surface temperature (LST). In order to eliminate 
the influence of periodicity and irregular fluctuations of time series and highlight the overall devel-
opment trend of time series, we smoothed the 32-year original RSEI time series with the Savitzky – 
Golay filter in GEE.

When the growth of vegetation is disturbed by external events, the vegetation will quickly enter 
a state of rapid improvement or deterioration in a certain year (Wang et al., 2022). This moment corre-
sponds to the position where the maximum slope appears on the profile of the forest RSEI time series 
curve (Qiu et al., 2017). The largest absolute value of the first derivative in the time series curve is the 
maximum change moment in this curve (Wang et al., 2019). Based on this we calculated the maxi-
mum year change of the RSEI in each image area.

Extension of the time series curve according to the determined time

To ensure more accurate fits, the time series curves were extended using the RSEI maximum change 
year as the midpoint. The maximum value  t of the absolute value of the first derivative calculated in 
the pixel area is taken as the midpoint of the extended time series curve. The time series length of this 
study is 32, and the time series midpoint position is 16. The extended timing length L can be obtained 
by formula:

32  16,
2(32 )  16,
2( 1)  16.

if t
L p if t

p if t
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Determination of linear and nonlinear trends

We assume that when forest cover changes, whether it improves or declines, it will tend to move from 
one stable state to another. Logistic function fitting of the extended RSEI curve was used to distin-
guish whether the forest time series in the region was a linear change or a curve change (Wang et al., 
2019). In MATLAB software, the time series for each pixel of Landsat imagery was fitted with a four-
parameter logistic function:

( )
( ) ,

1 eb t c

af t d
-

= +
+

where a is the variation of RSEI in 32 years; b is the slope of the RSEI time series curve at time t; c is 
the location where the fitting value is equal to (a + b)/2, and d is the RSEI value of the initial year. 
The ordinary least squares method was used to obtain the values of the four parameters. The joint 
hypotheses test method was used to test the function fit, and t significance values less than 90 % were 
categorised as linear trends. Logarithmic type, logistic type, and exponential type will be further dis-
tinguished for the parts with significance greater than or equal to 90 %.

According to the logistic function vegetation fitting research, the turning point on the logistic 
function S-shaped curve, which is also the fastest changing location in curve curvature, represents 
vegetation change year (Zhang et al., 2003). The formula for the curve curvature K is
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3
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where z = ea + bt; a, b, c are the parameters. The first derivative of K is the maximum or minimum va
lue in the curvature change rate. If b < 0, the time point corresponding to the two maximum values in 
the curvature change rate is the turning point, and it is determined that the pixel area conforms to the 
logistic curve. If b > 0, the moment corresponding to the two minima in the rate of curvature change 
is the turning point. Finally, the curve types are further classified according to the distribution number 
of the maximum or minimum values during the study time period. In the 1990–2021 period, if there 
are two maximum or minimum values, the pixel area conforms to the logistic curve. When only one 
maximum or minimum value is distributed in the study period, the year in which the maximum value 
is greater than c, the pixel area conforms to the logarithm mode, otherwise it is the exponential mode.

Classified altitude statistics

In ArcGIS Pro package, the area of 9 forest types was extracted, with a total of 3 361 334 points, and 
the DEM (Digital Elevation Model) data was combined to obtain the elevation information of each 
type. In SPSS Statistics 23, the point data of different forest types were counted, and the difference in 
elevation of different forest types was calculated. The F-test and T-test determines whether the vari-
ances of the two populations are significantly different. If the variances of the two populations are not 
significantly different, an assumed equal variance is used; if the variances of the two populations are 
significantly different, they are not assumed equal (Yang et al., 2004).

Results and discussion

Extraction of Zhangye forest area RSEI values according to 32  years Landsat imagery showed that 
96.0 % of the study area RSEI increased, 1.4 % decreased and 2.6 % remained the same. Based on 
this, a pixel-by-pixel curve was fitted to the RSEI images over the 32-year period. Nine different for-
est areas of stable, logarithmic rise, logarithmic fall, logistic rise, logistic fall, exponential rise, expo-
nential fall, linear rise, and linear fall were obtained. The statistics for this area are shown in Table 1. 
Compared to a purely linear trend, it can be seen that the division of growth and decline regions is 
finer. In the past 32 years, most of the RSEI values in forest areas have been in the rising part, followed 
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by the constant part, and finally the falling part. From a spatial point of view, the constant area and 
the falling area are located at the outermost periphery of the forest area, and the central area is the 
growth area.

Table 1. The 9 different types of forest change area

Type Curve Area, km2

Stable 86.85
Logarithm rise 35.19

Logarithm fall 0.04

Logistic rise 38.53

Logistic fall 0.56

Exponential rise 5.17

Exponential fall 0.64

Linear rise 1998

Linear fall 29.1

In the rise area, the linear change is evenly distributed, the logarithmic is mostly distributed at the 
edge of the growth area, the logistic is distributed in the center of the rise area, and the exponential 
rise area is commonly in the vicinity of the logistic growth (Fig. 2). In the fall area, the forest is frag-
mented and located at the periphery away from the forest centre.

a

Fig. 2a. Forest maps of Zhangye: forest change map
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b

Fig. 2b. Forest maps of Zhangye: time series fitting distribution map of forest area combined with various curves

Based on the current forest ecological stability in the research area, the forest is divided into stable 
and unstable areas. Continuously stable, logarithmic rise, logistic rise, logarithmic fall, logistic fall are 
all considered stable areas. Linear rise, linear fall, exponential rise, and exponential fall are considered 
unstable areas. Logarithm and logistic both illustrate the transition from change to stability. The ex-
ponential function represents the transition from stability to change. According to the statistics, the 
change area accounts for 89.9 %, while the stable area accounts for 10.1 % (Fig. 3a, see p. 182). In the 
stable area, continuous stability accounted for 57.7 %, logarithm increased for 20.3 %, logarithm de-
creased for 0.03 %, logistic increased for 21.6 %, and logistic decreased for 0.35 %. In the change area, 
the ecological growth area accounted for 98.5 %, and the ecological reduction area accounted for 
1.5 %. In the growth area, linear growth accounted for 95.9 %, an increase to stable 3.8 %, and stable 
to increase 0.3 % (see Fig. 3). In the fall area, linear reduction accounts for 95.4 %, reduced to stable 
2.3 %, and stable to reduced 2.3 %.

Statistics for the nine forest types and their respective altitudes are shown in Table 2 to further in-
vestigate how these factors affect different forest types.

Table 2. Forest change types corresponding elevation statistics

Change type Count Average Median 95 % confidence interval Min Max

Lower Bound Upper Bound

Stable 166 304 3212 3198 3210 3215 1356 4606
Logarithmic rise 58 614 3363 3398 3360 3366 1921 4305
Logarithmic fall 73 3419 3672 3280 3556 1782 4115
Logistic rise 62 189 3090 3099 3087 3092 1372 4149
Logistic fall 1021 3285 3528 3242 3328 1693 4152
Exponential rise 8034 3304 3324 3299 3309 1698 4100
Exponential fall 1087 3485 3664 3448 3521 1716 4256
Linear rise 3019 3218 3222 3218 3218 1356 4585
Linear fall 45 315 3728 3805 3724 3731 1376 4551
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Fig. 3. Distribution of Zhangye forests according to: a — stable and unstable areas;  
b — stable area; c — unstable area; d — growth area; e — reduction area

The lowest point in the forest area is 1356 m above the sea level, and the highest point is 4606 m. 
Most of these forest ecosystems are concentrated in mountainous areas between 3200 and 3800  m. 
From the average elevation, the increased part is lower, and the decreased part is higher (Fig. 4, 
see p. 183). From the perspective of altitude, distribution of the increasing part tends to be more nor-
mal between 2500 and 4500 m, and the decreasing part forms two trends in the two intervals of 1500–
2500 and 3000–4500 m.

Three different types of forest with trends in elevation data have been compared: logistic, logarith-
mic, and exponential. According to the results shown in Table 3, the data are significantly different, 
the homogeneity test significant values are less than 0.001, and the data are independent of each other. 
When comparing the same type of forest growth areas with the decline areas in Table 4, the homo-
geneity test significant values are less than 0.001, and their elevation distribution is also significantly 
different.

Table 3. Trends of 3 curves and separation of data

Trend of curves Levine variance equality Mean equivalence

F-test p-value T-test p-value

Logarithmic rise Assume equal variances 1477 <0.001 103.6 <0.001
Equal variances not assumed 94.1

Logistic rise Assume equal variances 2475 <0.001 –94.8
Equal variances not assumed –106.6

Exponential rise Assume equal variances 2520 <0.001 23.0
Equal variances not assumed 34.9

Logarithmic fall Assume equal variances 67 <0.001 –7.3
Equal variances not assumed –4.47

Logistic fall Assume equal variances 1195 <0.001 –37.6
Equal variances not assumed –20.2

Exponential fall Assume equal variances 642 <0.001 –21.5
Equal variances not assumed –13.1
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Fig. 4. Different fitting curves correspond to the altitude distribution: a — Stable forest altitude statistics; b — 
Logarithmic rise forest altitude statistics; c — Logarithmic fall forest altitude statistics; d — Logistic rise forest 
altitude statistics; e  — Logistic fall forest altitude statistics; f  — Exponential rise forest altitude statistics; g  — 
Exponential fall forest altitude statistics; h — Linear rise forest altitude statistics; i — Linear fall forest altitude 

statistics

The 32-year forest ecological trend in this study area has improved, and the area of forest eco-
logical stability is significantly larger than the area of ecological degradation. The areas with declining 
ecosystems are mostly in the periphery of the forest region, showing that the overall forest area is in 
a healthy growth stage and only fluctuates in the marginal parts. By fitting a 32-year trend to each pix-
el, it is possible to further delineate the original growth areas and better determine the degree of stabil-
ity within them. According to the experiment, the Zhangye forest in most study areas is still changing. 
The vast majority of the change area is taken up by the ecological increase. The linear trend still oc-
cupies the largest part in the rise and the decrease areas. In the stable zone, most of the areas belong to 
the current high and continuous ecological quality state.
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Table 4. The 3 curve area data separation of ecological rise and ecological fall

Trend of curves Levine variance equality Mean equivalence

F-test p-value T-test p-value

Logarithmic Assume equal variances 61 <0.01 –1.3 <0.01
Equal variances not assumed – 0.8

Logistic Assume equal variances 2757 <0.01 –20.1
Equal variances not assumed –8.9

Exponential Assume equal variances 2002 <0.01 –18.9
Equal variances not assumed –9.7

Linear Assume equal variances 2965 <0.01 –321.0
Equal variances not assumed –298.8

Due to the strong ecological sensitivity of the Hexi corridor area where Zhangye is located, the 
sustainability of its forests is easily affected by natural factors such as climate (Wang, 2021). At the 
same time, human activities also have a significant impact on forest ecology. The exponential type 
area extracted in this experiment indicates that the forest RSEI value in this area has changed from a 
stable period to a rapidly changing period in recent years, and it is the area that requires attention in 
terms of ecological protection. Logarithmic-type and logistic-type areas indicate that the current for-
est condition is stable, and the analysis of the change period can provide an in-depth perspective on 
the reasons for forest ecological changes.

From the elevation information of the studied areas, it can be seen that there are differences in the 
altitudes of different forest types. The high-altitude area has a weakening trend in stability compared 
with the low-altitude areas. Trend variance between different forest types shows that altitude is one 
of the important factors of their ecological changes (Tian et al., 2021). The different altitudes in the 
mountainous region significantly affect the climate and forest ecology of the region, which is in line 
with the conclusion of this experiment. Compared with spatial location, altitude has a more significant 
impact on forest sustainability, and the influence of human factors may be one of the reasons for dis-
turbance impact in forest areas borders.

Due to the limitations of the curve-fitting method in this study, the models cannot be accurately 
fitted as a function of RSEI of repeatedly fluctuating forest areas. For the case of RSEI time-series re-
peatedly changing due to multiple change events during the study time period, we only categorized them 
as linear trends based on the overall trend. If this could be extracted to match a more suitable curve mod-
el for future studies, it would more accurately assess the processes of forest ecological quality change.

Conclusions

This experiment is based on the method of pixel-by-pixel trend fitting of the RSEI values in the for-
est area of Zhangye for 32  years. Overall, the forested regions in Zhangye are in a healthy ecologi-
cal state, with the majority of them experiencing ecological increase or positive ecological stability. 
Among them, the linear trend accounts for most of the estimated change trends. The main ecological 
changes were identified near the forest area boundaries, with the central areas keeping a high level of 
ecological status. According to the altitude analysis, there is significant heterogeneity in the different 
forest trend types, and the increasing areas tend to be normally distributed, while the decreasing areas 
display a bimodality trend. Multiple change trend fitting and change time extraction in forest areas 
could be beneficial for forest ecology research in the future.

The reported study was funded by Russian Foundation for Basic Research (grant number 19-
55-80010/21), Ministry of Science and Technology (MOST) (grant number 2018YFE0184300), and 
National Research Foundation (NRF) (grant number 120456) according to the research project 
No. 19-55-80010; CSC (China Scholarship Council) No. 202110280009.
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Анализ временных рядов динамики лесного покрова 
по градиенту высот в провинции Ганьсу, Китай

И. Ван, Э. А. Курбанов, О. Н. Воробьёв

Центр устойчивого управления и дистанционного мониторинга лесов, 
Поволжский государственный технологический университет  

Йошкар-Ола, 424000, Россия  
E-mail: kurbanovea@volgatech.net

В  исследовании для оценки динамики лесного покрова с  1990 по  2021 г. вокруг г. Чжанъе 
в  китайской провинции Ганьсу использовались временные ряды спутниковых данных 
Landsat и экологический индекс дистанционного зондирования (RSEI — англ. Remote Sensing 
Environmental Index). Также был изучен и проанализирован градиент высот исследуемой тер-
ритории. На основе традиционного метода регрессии временные ряды были разделены на три 
тренда кривых RSEI: логарифмического, логистического и экспоненциального типа, которые 
использовались для оценки текущего состояния леса. Результаты показали, что за последние 
32 года на 96,0 % площади лесов Чжанъе показатель RSEI увеличился, на 1,4 % — понизился 
и остался неизменным на 2,56 %. Среди девяти графиков состояния лесного покрова преоб-
ладает линейный тренд. На 89,9 % площади лесная экосистема остаётся стабильной, на 10,1 % 
находится в процессе изменений. Существуют очевидные различия между типами лесов и их 
RSEI-трендами по градиенту высот. Увеличение RSEI наблюдается при нормальном распре-
делении между 2500 и  4500 м, в  то же время область снижения RSEI образует бимодальное 
распределение в двух интервалах высот: 500–2500 и 3000–4500 м. Детальная дифференциация 
трендов временных рядов лесного покрова позволяет более чётко определить лесные площа-
ди, которые требуют защиты.

Исследование выполнено при финансовой поддержке Российского фонда фундаменталь-
ных исследований (проект №  19-55-80010/21), Министерства по  науке и  технологиям (англ. 
Ministry of Science and Technology  — MOST) (проект №  2018YFE0184300) и  Национального 
исследовательского фонда (англ. National Research Foundation  — NRF) (проект №  120456) 
в  рамках научного проекта № 19-55-80010 и  гранта CSC (англ. China Scholarship Council) 
№ 202110280009.
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