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Abstract
Advent of cloud computing and Google Earth Engine has completely changed the way we acquire, manage and process large 
satellite data. Here, we analyze temporal dynamics of vegetation productivity in Chitwan National Park, Nepal (CNP) for the 
period of 1988 to 2020 using Google Earth Engine (GEE) Python API, without using local computer for data storage or analysis. 
Specifically, we computed normalized difference vegetation index (NDVI) from Landsat data and analyzed the time-series NDVI 
using a Thiel Sen estimator and by decomposing it to the trend and season components We completed remote sensing analyses 
including image retrieval, image analysis, classification and report generation in GEE Python API, which is a free resource. 
Our results showed that NDVI in CNP increased at the rate of 0.0006/year (p<0.05, R2= 0.66). We observed variation in NDVI 
during pre-monsoon (p<0.05, R2=0.79) and monsoon (p<0.05, R2=0.79) seasons which were 0.0005/ year and 0.0007/year, 
respectively. An annual increase in NDVI value in CNP indicates an increase in primary productivity that is assumed to support 
higher animal species richness. Using NDVI in GEE Python API proved to be an effective and efficient tool for monitoring the 
primary productivity of ecologically important sites such as protected areas. 

Submitted: 18  May  2022; Accepted: 27  May  2022; Published:30  May  2022

Citation: Ritika Prasai. (2022). Using Google Earth Engine for The Complete Pipeline of Temporal Analysis of Ndvi In Chitwan National 
Park. J Robot Auto Res 3(2), 151-157.

Ritika Prasai, Institute of Forestry, Pokhara Campus, Pokhara, Ne-
pal

Institute of Forestry, Pokhara Campus, Pokhara, Nepal

Keywords: Python API; Thiel Sen regression; satellite imagery; seasonality, NDVI decomposition

Introduction
Availability of green vegetation cover is always a desirable com-
ponent of the terrestrial ecosystems. Increase in green vegetation 
cover indicates increase in primary productivity that is assumed to 
support higher animal species richness. This is even more import-
ant in the protected areas within the fragmented landscape that are 
viewed as the ultimate refuge for sustaining biological diversity 
amid widespread degradation of the natural areas [1]. As biolog-
ical diversity largely depends on the primary productivity of the 
terrestrial ecosystems, periodic monitoring of vegetation green-
ness is essential. Quantification of trends in vegetation productiv-
ity is also crucial for understanding the response of ecosystems to 
the environmental change including influences on water resources, 
agriculture, biodiversity, and wildlife conservation [2-3]. Normal-
ized Difference Vegetation Index (NDVI) is one of the most wide-
ly used vegetation indices that is a reliable indicator of vegetation 
dynamics, and can be derived from satellite imagery [4-5]. This 
index has been extensively used to measure the biotic response to 
climate change monitor drought, understand forest carbon dynam-
ics  classify land use and land cover (LULC) and LULC change, 
and estimate land degradation [6-7].

Nepal, a hotspot of endangered wildlife with an important eco-tour-
ism industry, is an example of a country where ecosystems appear 
to be rapidly changing due to climate change [8-10]. One of the 
most impressive collections of wildlife species in the world reside 
in the Chitwan National Park (CNP) of Nepal. CNP, with the size 
of 952.63 km2, represents the largest contiguous protected area of 
the country, and was designated as the world heritage site in 1984 
(Figure 1). Researchers have estimated at least 700 different terres-
trial vertebrate species in the park, including several endangered 
mammals such as the Bengal tiger (Panthera tigris), clouded leop-
ard (Neofelis nebulosa) one-horned rhinoceros (Rhinoceros uni-
cornis), sloth bear (Melursus ursinus), and Indian pangolin (Manis 
crassicaudata). Around 500 species of birds have been document-
ed from the park including threatened and endangered bird spe-
cies such as the swamp francolin (Francolinus gularis) and Ben-
gal florican (Houbaropsis bengalensis) [11]. Assessing temporal 
trend of NDVI allows the understanding of patterns and processes 
of vegetation ecology [12]. The existing and changing pattern of 
physical and biological environmental conditions can be deter-
mined for efficient environmental management [13]. Monitoring 
temporal trends of vegetation indices assist in understanding the 
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ecosystem dynamics to assess whether the ecosystem is restoring 
or degrading [14]. 

NDVI is a ratio of difference between the red (R) and near infrared 
(NIR) intensities to their sum (i.e., (NIR - R) / (NIR + R)) and 
ranges from -1 to +1 [15].Water takes values closer to -1, green 
vegetation takes values close to +1, and values close to 0 indi-
cate urbanized area and lack of vegetation [5]. In many scenarios, 
values below 0.1 correspond to bodies of water and bare ground, 
while higher values are indicators of high photosynthetic activity 
linked to scrub land, temperate forest, rain forest and agricultural 
fields containing growing crops [16]. Given the ability of NDVI 
to quantify vegetation greenness and density, it provides a useful 
tool for measuring plant health and productivity over time photo-
synthetic activity, trophic interactions [20], biomass [5], and the 
global carbon cycle [17-19]. Given the relatively fine spatial reso-
lution of 30 m and moderately high temporal resolution of 16 days 
of Landsat imagery (Xu et al., 2017), the generated NDVI have the 
potential to answer many questions that require high spatial and 
temporal details in the index. 

Traditionally, accessing the Landsat data that requires a reliable 
source with easy-to-interact API, and deriving the NDVI over a 
large space and for a long time period is a computationally in-
tensive task. Both of these complexities are addressed by Google 
Earth Engine (GEE), which is a cloud-computing platform [21-
22]. GEE utilizes Google’s computational infrastructure and open 
access remote sensing datasets [23]. The GEE platform enables 
users and researchers to easily and quickly access freely avail-
able public data archives which can be used to develop global and 
large-scale remote sensing applications [24]. Historically, such 
analyses required that researchers find the appropriate source of 
remote sensing data, download and store them locally and run the 
computation algorithms in their local machine [23]. Analyses were 
limited by local storage, processing power, and the time required 
to download very large datasets [3]. With GEE, data from various 
sources are immediately available for analysis without having to 
download locally [21]. GEE also provides free powerful Graphics 
Processing Unit (GPU) that can analyze raster data faster than lo-
cal computers [23]. GEE has the features of an automatic parallel 
processing and fast computational platform to effectively deal with 
the challenges of big data processing [23,26,21].

In addition, users can study and explore their own dataset in the 
GEE platform GEE has been used in a number of research projects 
related to vegetation mapping and monitoring, land cover map-
ping crops mapping , disaster management, earth sciences related 
research, and several similar studies [24,26]. We used GEE python 
API to assess NDVI trends for the years 1988–2020 in Chitwan 
National Park (CNP), Nepal. The objectives of this study were to 
(1) assess the vegetation dynamics in CNP from 1988–2020 and 
(2) evaluate the utility of GEE Python API in deriving NDVI in-
formation. In this study, we studied annual and seasonal NDVI 
changes in CNP from 1988–2020 to identify its annual and season-
al variation. Although numerous studies on vegetation dynamics 

have been conducted in this region only limited studies have used 
remote sensing approach and none has used GEE, one of the new-
est methodological approaches. 

Materials and methods
Study Area
Our study area was focused on Chitwan National Park, Nepal (Fig-
ure1). CNP is located between 27°18’ to 27°41’ N latitude and 
83°41’ to 83°49’ E longitude in south-central Nepal. CNP includes 
a core park area of 952.63 km2 and a buffer zone (750 km2) sur-
rounding the core park [11]. Elevation ranges between 100 m in 
lowland terai and 815 m in the Churia hills. Highest and lowest re-
corded temperature in Chitwan National Park are 27 and 14°C, re-
spectively, with mean annual temperatures of 21°C. Precipitation 
averages approximately 2500 mm/year. The park includes diverse 
ecological systems ranging from early successional communities 
on alluvial floodplains along the Narayani, Rapti and few water-
sheds to the climax forests in the foothills and on the slopes of the 
Churia Range. Most of CNP is covered with forest (around 70%) 
that are composed predominantly of deciduous and semi-decidu-
ous trees [3]

Remaining areas are occupied by various land cover types such as 
agriculture and settlement (15%), grassland (around 8%), and riv-
erbank and exposed surfaces (around 7%). CNP also includes plant 
communities representative of the terai-duar savanna and grass-
land ecoregion, which is listed among the 200 globally important 
areas of biodiversity in the world because of its rich diversity of 
large mammals.

Figure 1: Map of Chitwan National Park, Nepal showing broad 
land cover and administrative boundaries

Data extraction and preparation
We used GEE database to extract Landsat image collections. We 
used Landsat 5, 7 and 8 to calculate NDVI for the years 1988– 
2020. We used Landsat collection 2 tier 1 products. These products 
have been atmospherically corrected to use for the analyses [21]. 
We merged the Landsat collections and matched their bands before 
calculating NDVI. We used the image collections that have less 
than 20 % cloud cover in our study. We clipped the Landsat data 
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to our study area using the boundary file of CNP uploaded in our 
GEE private database. 

Data cleaning and processing
We performed exploratory data analyses and plotted the season-
al and overall NDVI using matplotlib in Python (Figure 2). We 
recorded non-parametric distribution and non-stationary behavior 
of our dataset (Figures 3) and chose Thiel Sen regressor which 
is appropriate in non-parametric datasets to study the trends. We 
developed a Python function to calculate NDVI for the entire time 
frame and to automate the calculation process (Figure 2). Then we 
developed another Python function to calculate the average val-
ue of pixels of the study area and calculated a single daily NDVI 
value for the years 1988–2020. We used the mean as the reducer 
function for this function. 

The average value of NDVI can be used to study the vegetation 
productivity change in any place [13]. When the NDVI values are 
averaged on a regional scale, cloud contamination and small-scale 
actual changes are expected to balanced out [12]. We calculated 
missing values of NDVI data using linear interpolation technique. 
Then we constructed a dataframe for our NDVI values with the 
corresponding dates and group those datasets in different seasons 
using pandas package in Python. We grouped and filtered the daily 
NDVI records into 5 datasets (4 seasons + 1 overall NDVI). We 
classified seasons as winter (December–February), pre-monsoon 
(March–May), monsoon (June–September) and post-monsoon 
(October–November) based on temperature and precipitation pat-
terns in Nepal [6].  

Figure 2:  Data cleaning and processing in the Jupyter notebook  

Data analyses
Thiel Sen estimator
We used a Thiel Sen regressor in GEE Python API to estimate 
the time series trend. Temporal changes in vegetation indices can 

be quantified using the Thiel Sen regression models, either by ag-
gregating NDVI/pixel value of a day to a single annual value or 
by incorporating a seasonality parameter. Thiel Sen Estimator is 
insensitive to outliers and is more appropriate in cases of non-para-
metric datasets (Figure 4) than simple linear regression models. It 
is also known by the name Sen’s slope estimator, slope selection, 
or single median method. It is a common non-parametric technique 
for estimating a linear trend. We calculated regression coefficients 
and p-values using Theil Sen regressor function in Python (Figure 
4). We also calculated the mean and standard deviations of four 
distinct seasons and overall annual data using mean and standard 
deviation functions in Python (Figure 4).  

Decomposition
Decomposition is a technique used to separate the series into its 
additive components and use each one depending on the nature of 
the research. We studied seasonal patterns and multi-year trends of 
NDVI in CNP from 1988–2020 and plotted those using matplot-
lib in Python (Figures 4 and Figure 5). A trend exists if there is a 
persistent increase/decrease pattern over time and seasonal pattern 
exists when a time series is influenced by seasonal components/
factors. 

Results
We observed positive trends of NDVI in all seasons in CNP from 
1988–2020 (Figure 4 a) before decomposition of the values into 
trends and seasons. These inter annual trends ranged between 
0.0005 per year and 0.0007 per year. The seasonal NDVI in the 
duration of study exhibited the characteristic bimodal distribution 
(Figure 3). With an annual NDVI of 0.395, the seasonal NDVI 
ranged between 0.341 and 0.357 (Fig 3). 

Figure 3: Probability density of Normalized Difference Vegeta-
tion Index (NDVI) of four different seasons in Chitwan National 
Park, Nepal, 1988–2020
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Figure 4: Temporal variation of Normalized Difference Vegetation Index (NDVI) trends: (a) Annual, (b) Winter, (c) Pre-monsoon, (d) 
Post-monsoon, and (e) Monsoon

We then decomposed the series into the trend and seasonal compo-
nents. Seasonal component reflects to the normal component of the 
time series that occur every year to the same extent. 

We also recorded seasonal behavior in the NDVI during the stud-

ied time frame (Figures 4 and Figure 5). Trend component shows 
the long term progression in the time series data and seasonal com-
ponent describes if there is a seasonal pattern (normal component 
that occur every year to the same extent) in time series data.
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Figure 5: Time series Normalized Difference Vegetation Index (NDVI) decomposition in Chitwan National Park, Nepal, 1988–2020

Discussion
We observed a positive trend of NDVI in CNP for the period 1988–
2020 (Figure 4 a). This trend holds for the complete time series of 
NDVI as well as for its seasonal values. A positive NDVI trend can 
result from an improved ecosystem conditions [7]. Recent ecolog-
ical restoration programs (https://bansanchar.com/wp-content/up-
loads/2019/01/State-of-Nepals-Forests-DFRS_1457599484.pdf) 
might have enhanced green vegetation cover in CNP that explains 
the positive trend of NDVI. A recent study by analyzing NDVI of 
entire country of Nepal for the period 1982–2015 found similar re-
sults with comparable annual rates of positive changes (0.0008 per 
year). This study shows that the ecology and ecosystem conditions 
are better in the country. 

The positive trend of NDVI may be attributed to increasing forest 
cover in the country.  For example, in 1987–1998, forest covered 
39.6% of the total area. In 2010-2014, the forest cover in Nepal 
was reported as 40.36% of total national surface. A growing body 
of literature has indicated that community-based forest manage-
ment has been effective in controlling forest degradation in Nepal 
at least in the last 25 years. 

showed that people’s participation in community forestry program 
in CNP directly strengthened the forest conservation. During the 
mid-20th century, the lowland forests of southern Nepal were rap-
idly cleared to promote timber harvest, agricultural expansion, 
and malaria eradication. Furthermore, increased migration, due 
to development in infrastructures in Terai during the 20th century 
resulted in development of commercial forestry, expansion of agri-
culture, and settlements which in turn led to forest clearing. 

Implementation of the National Parks and Wildlife Conservation 
Act of 1973, the Forest Act of 1993 and the Forest Rules and Reg-
ulations of 1995 to establish regulations for government managed 
forests, protected forests, private and leasehold forests, and com-
munity forests further supported restoration of degraded forest in 
the country. These acts also helped in restoring and stabilizing de-

graded floodplain in CNP after the massive Rapti River floods in 
1993. 

This is the first study to derive and analyze vegetation index of 
Nepal using GEE Python API and its vast remote sensing data 
library. GEE Python API has supported planetary scale analyses 
and offered a technique to monitor the Earth’s physical surface at 
high and temporal resolution. The innovative processing workflow 
used in our study with a focus on the unification of different data 
formats provide a foundation to turn similar future projects into 
community-based platforms for radar data processing, analysis 
and conversion. 

GEE Python API can be useful in conducting research related to 
population mapping, water resource mapping, forest mapping, and 
cropland mapping, among others. Researchers having some prior 
programming language experience, particularly in parallel pro-
cessing, should be able to use GEE Python API with little help. 
There are abundant online resources, tutorials and instructions 
for those willing to learn the skills to work on this platform [23]. 
Google also offers GEE workshops suitable for those with various 
coding and remote sensing experiences. 

Conclusion
In this study, we presented a method to study NDVI annual and 
seasonal trends using GEE Python API. We observed a positive 
annual and seasonal trend in NDVI in CNP, Nepal during a 32-
year period. Our main objective was to demonstrate that GEE Py-
thon API could be rapidly used to perform a time-series analysis 
of NDVI trends. We therefore completed all remote sensing analy-
ses (e.g., image retrieval, image analysis, classification and report 
generation) using GEE Python API. This cloud-based processor 
proved to be a powerful and efficient tool. Thus, we believe that 
the open-source nature of GEE Python API and its library of re-
mote sensing data could impact remote sensing projects through-
out the world [27-36].
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