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Abstract: The evaluation of Eco-Environmental Quality (EEQ) is important to maintain the quality of ecology
and is crucial for the protection of the environment and promote sustainable development. In the past 30 years,
Rupandehi district has gone into rapid urbanization and population growth due to the migration of people
causing drastic changes in Land use. This study takes Rupandehi district as a study area and analyses the land
use change dynamics and its impact on the ecological environment from 1993 to 2023. The study utilizes the
cloud computing capability of Google Earth Engine (GEE) to extract multiple indices using Landsat remote
sensing data. We also applied the Thresholding approach to various spectral indices to extract land use
information in GEE. The Remote Sensing Ecological Indices (RSEI) was constructed using Principal Component
Analysis (PCA) to monitor the ecological quality and the effect of Land Use Land Cover (LULC) change on the
quality of ecology was analysed. The result shows that the overall ecological quality of the Rupandehi district
is good ranging from 0.59 in 1993 to 0.67 in 2023 with a significant impact of land use change. The eco-
environmental quality of the study area is deteriorating because of a sharp increase in built-up areas and
deforestation as well as the loss of agricultural land. Meanwhile, the spatial and temporal distribution of land
use change collides with the change in the ecological quality of the study area. This study provides an accurate
and rapid assessment of ecological quality and monitors the impact of land use change on it providing a
scientific basis for researchers, government, and others to preserve the ecology and promote sustainable and
eco-friendly development.

Keywords: Remote Sensing Ecological Index (RSEI); Land Use Land Cover Change; Ecological
Quality; Principal Component Analysis (PCA); Google Earth Engine (GEE)

1. Introduction

Ecological Environmental Quality (EEQ) refers to the degree ecological environment affects
human survival and socioeconomic development within a certain time and space[1-3]. EEQ
contributes to balancing the activities of humans and the quality of the environment at specific
temporal and spatial scales [4]. With rapid population growth, global climate change, and economic
and urban development the quality of the ecological environment is changing significantly leading
to various ecological problems and disasters such as the heat island effect, water-logging, and air
pollution [5,6].

Based on the report of World Population Prospects of 2022 by the United Nations, it is estimated
that the global population could reach 8.5 billion in 2030, 9.7 billion in 2050 and 10.4 billion in 2100
[7]. With the growing population, the regional EEQ is expected to change for which Ecological
Quality (EQ) assessment guides to systematically understand the current ecological environment
status and how it is changing along with time[4,8]. Therefore, it is important to study the patterns of
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ecological environment changes, and dynamics and monitor the variation of EEQ in both time and
space to promote regional sustainable ecological development [9,10].

In recent years, with the development of Remote Sensing (RS) technology, there has been quite
remarkable research done to assess Ecological Environmental Quality [11]. Remote sensing imagery
can be useful for monitoring different ecosystem phenomena on a large scale and near real-time such
as soil, vegetation, and geology wetness and dryness based on reflected radiation from the surface of
the earth [12-14]. Various single-element indicators have been widely used by researchers for
dynamically monitoring and quantitatively evaluating urban, grassland, forest, wetland, and other
ecosystems [5,9]. For example, NDVI has been used as an indicator to evaluate the change in
vegetation health and forest change [15-17], and Leaf Area Index (LAI) indicating vegetation growth
status [18] is used for variation ecological and remote sensing implications [19,20], Land Surface
Temperature (LST) was used to study urban heat island effect for ecological implications [21-23],
Enhanced Vegetation Index (EVI) was used to access regional ecological vulnerability[24]. However,
due to complex ecosystems, these single indicators are not sufficient to quantitatively and accurately
characterize regional eco-environmental quality and do not consider the combined effect of all the
factors on the environment [3,18,25-27].

To overcome this issue, in 2013, Xu et al. [28] proposed a new remote sensing ecological index
(RSEI), which provides long-term, accurate and comprehensive regional EEQ based on multiple
natural ecological factors. RSEI uses four remote ecological indicators i.e., greenness, wetness,
dryness and heat to create an index to access EEQ at various scales, solving conventional single-
indicator-based evaluation [18,25,28]. RSEI has the great advantage of offering scalability,
visualization and comparability using multiple remote-sensing satellite images at various temporal
and spatial resolutions [29,30]. Therefore, it is obvious that it has been used in various domains to
evaluate and monitor the regional EEQ such as city [11,27,31-33], river basin [4,10,34], lake basin [35],
mining region [2], etc.

However, extraction of RSEI through traditional remote sensing data analysing software like
ArcGIS and ENVI is quite tedious and time-consuming, because huge data are produced and it is
difficult to manage, store and statistically analyse those data while working on long-term time series
[4,26,35,36]. Google Earth Engine (GEE) is a cloud computing platform, consisting of vast amounts of
remote sensing data and allowing the extraction, analysis, processing and performing of various
operations on earth observation data in a time and cost-efficient way with its supercomputing power
ability [4,36-38]. This is because it has been widely seen in various applications from analysing Land
use changes (LUC) [38] to evaluating temporal and spatial changes in regional EEQ [4,26,35,37].

Land use/cover (LULC) is a factor that directly showcases human activity and socio-economic
development and plays a great role in maintaining the regional ecosystem. The increase in population
and urbanization have caused over-exploitation of natural resources causing LUCC and converting
anatural landscape into haphazard and unmanaged built-up areas [39]. The series of human activities
like industrialization, building construction, making roads and many more is causing the urban heat
island effect leading to a serious impact on the region's ecological quality [40]. Although LUCC has
a great impact on ecology, there are very few researches that have correlated it with regional
ecological environmental quality.

Nepal is one of the least developed countries (LDCs) in the world according to the United
Nations [41] facing the problem of rapid urbanization. In Nepal, population growth and rural-to-
urban migration are the major causes of urbanization and it is seen that the urban population has
increased to more than 50% which was around 2.9% in 1952/54 which is mainly due to the migration
of people from hill to Terai and Kathmandu valley [42,43]. The people are leaving their native place
in search of better livelihood and employment opportunities. The rapid change in the land use/cover
in urban areas through various human activities has declined the agricultural land and increased the
pattern of ecological imbalance [44,45]. Rupandehi district has been facing a major problem in
managing the urban population. The migration of the people from the hilly region and open border
of Nepal and India to major cities like Butwal and Hirahara for trade and employment is causing the
district to be populated and is increasing unmanaged urbanization [38]. For the past two decades, the
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forest and agricultural land in the district has been degraded and converted into buildings and roads
due to the lack of proper land use and sustainable planning. These careless human activities are
spoiling the environment and are highly impacting the eco-environmental quality in this region.

Taking Rupandehi district as the study area, this research will (1) utilize various ecological
indicators based on remote sensing data to monitor the long-term spatiotemporal regional ecological
environmental quality in the region, (2) find out the driving force for the regional ecological quality
and (3) to find out how land use/cover have changed in this region and has impacted the regional
RSEL The result of this study will be crucial for the land use planner and can provide scientific
evidence for the conservation of the environment and support in achieving a sustainable ecosystem
and development of the region.

2. Materials and Method

2.1. Study Area

Rupandehi district is taken as the study area in this research which is shown in Figure 1.
Rupandehi district lies in the south-west part of the Terai region of Lumbini province of Nepal.
Geographically it lies between 25°35'18"” N and 26°42'53" N latitude and 86°8'47" E and 86°16'17" E
longitude with an area of 1360 km2. Rupandehi district has a border with Nawalparasi in the east,
Palpa in the north, Kapilvastu in the west and India in the south. The elevation of this district ranges
from 79m to 1153m from the sea level. The northern part of the district is covered with Chure Range
Forest while the southern part is flat land which has been mostly used for cultivation and farming.
The transportation of this district is very convenient as it has two major highways crossing each other.
Siddhartha Highway from Belahiya to Pokhara and Mahendra Highway from Mechi-Mahakali
crosses at Butwal. Rupandehi is one of the major districts in Nepal with rapid population growth and
urbanization. The population of this district has grown from 880,196 in 2011 to 1,121,957 in 2021 with
2.33% of the annual population growth rate [46]. There are two major cities: Butwal and Bhairahawa
in Rupandehi which are the trade centres for the people living in this district. According to census
2021, Rupandehi district is the third most populated district in Nepal with a population of 1121957
[47]. With the population being maximum in this region, there has been tremendous change in the
pattern of land use causing maximum limitation of urbanization causing the eco-environmental
quality to deteriorate. Therefore, it is important to study the Eco-Environment Quality, its driving
force, and its relationship with Land Use Land Cover Changes.
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Figure 1. Location map of the study area: Rupandehi District, Nepal with ESRI’s Topographic base
map.
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2.2. Datasets

For this study, we used Tier 1(T1) level datasets of 30m resolution Landsat 5 TM and Landsat 8
OLI/TIRS image data that were provided by the United States Geological Survey (USGS) and
obtained from Google Earth Engine Repository (https://developers.google.com/earth-
engine/datasets/catalog/landsat). These datasets have already been geometrically, atmospherically,
and radiometrically corrected to meet the requirements of the study. The surface reflectance data of
the Landsat 5 TM satellite were accessed for 2004 and 2008 and Landsat 8 OLI/TIRS satellite for 2016
and 2023.

Usually, the summer season occurs in June-August, which receives monsoon in Nepal. This is
the growing period of vegetation and to monitor the RSE], it requires leaf-on seasons [12]. In this
period, it was difficult to obtain images with less cloud coverage, so we extended the period to
November, which also receives an adequate amount of rain and has good vegetation coverage. The
attribute information of the data has been listed in Table 1.

Table 1. Description of satellite image used in the study to extract different indices.

Year Sensor Path WRow Date Cloud Cover
(Percentage)

1993 2004-10-04 3

2004 Landsat 5 TM ” » 2008-10-15 0

2013 2013-10-24 0.12

a0p3  Landsat8 OLITIRS 2023-10-20 2.41

2.3. Construction of RSEI

RSEI, a recently developed comprehensive ecological index, is specifically used to evaluate
ecological status using remote sensing data, as it is directly correlated with the quality of the
ecological environment [28]. It is a newly developed aggregated index to detect ecological conditions
solely using remotely sensed data that immediately affects the quality of the ecological environment
and is perceptible to humans [12]. To characterize the ecological quality of a specific area, the
Principal Component Analysis (PCA) transformation is used to create the RSEI, which combines four
important natural indicators of ecosystem quality: the greenness index (NDVI), the wet index (Wet),
the dry index (NDBSI), and the land surface temperature index (LST) [34,48-50].

2.3.1. Greenness Index

NDVI (Normalized Difference Vegetation Index) is extensively employed for tracking various
vegetation characteristics, including fractional vegetation coverage, plant biomass, and leaf area.
Serving as a valuable metric, NDVI effectively mirrors the indicator of vegetation growth and stands
as a crucial ecological parameter. It is generated using a near-infrared band and red band by
following the relationship [16,51].

_ (PNIR—PRED)

NDVI (1)

(PNIR—PRED)

Where, py;r and prgp represent the near-infrared band and the red band, respectively.

2.3.2. Wetness Index

WET is another important index that depicts the moisture/wetness condition of the surface and
is calculated using the following relationship. WET index (WI) can show significant sensitivity to
vegetation and soil moisture after the Kauth-Thomas transition, and it is associated with the EEQ.
The WI can be explained by the WET component. The WET can be calculated based on the TM and
OLI image data using the following equation [29,52,53].

WETTM = 0'0315pB + 0'2021pG + 0'3102pR + 0'1594pN1R - 0'6806pSW1R1 - 0'6109pSW1R2 (2)
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WETOLI = 0'1511pB + 0'1972pG + 0'3283pR + 0'3407pN1R - 0'7117pSW1R1 - 0'4559pSW1R2 (3)

Where pg, pg, Prs PNirs Pswirzs Pswirz correspond to the reflectance of TM and OLI remote sensing
images in the blue, green, red, near-infrared, short-wave infrared 1, and short-wave infrared 2 bands,
respectively.

2.3.3. Dryness Index

Urban surface desiccation in the EE requires both bare soils and buildings. The soil index (SI)
and the index-based built-up index (IBI) add up to half of the normalized difference built-up and soil
index (NDBSI).[54]. The NDBSI can be calculated based on the TM and OLI image data using the
following equation [14,29,55].

S = (Pswir1 + Pr) ~ (Pnir + PB) @)
(Pswir1 + Pr) + (Pnir + PB)
2pswir1 _ PNIR _ Pc
+ + +
IB] = (Pswirt + onir)  (Onvir +Pr) (0 + Pswir1) )
2pswir1 PNIR Pc

+
(Pswirt + Pnir) — (Pnvir +Pr) (06 + Pswirt)
2

Where pg, pg, Pr, Prirs Pswir1 correspond to the reflectance of TM and OLI remote sensing images in
the blue, green, red, near-infrared, and short-wave infrared 1, bands, respectively.

NDBSI =

2.3.4. Heat Index

Land Surface Temperature (LST) is directly influenced by several variables, such as
environmental ecology, urbanization, and human activity. It is the indication of the temperature of
the earth's surface. There are several techniques for calculating LST, but the atmospheric correction
approach is the most dependable and straightforward. First, radiometric calibration was used to
translate the original image's DN value into radiance values (L). Secondly, the above Greenness Index
equation was utilized to compute the land surface emissivity (¢) based on the fractional vegetation
covering (FVC). Finally, the black body radiance (B(TS)) and LST values were computed. The L, FVC,
g, B(TS), and LST were determined using equations [56-58].

L = gain X DN + bias 7)
FVC = (NDVI — NDVIs;) ®)
NDVl,eq — NDVis,y,
Epuitaing = 0.9589 + 0,086FVC — 0.0671FVC? 9)
Esurface = 0.9625 + 0,0614FVC — 0.0461FVC? (10)
L — LT - T(l - €)Ll
B(Ts) = 11
() - (1)
2
LST = —————273
K, (12)
In—=-—~
1+ B(Ts)

2.3.5. Normalization of Indicators
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The scale of the above formula is not uniform, a direct PCA calculation would lead to an
imbalance weight of the indicator so, the scale must be normalized as per the following formula.

Ii - Imin

NI, =
' Ii +1max

(13)
Where NI is the value of a metric after regularization, liis the value of the indicator in pixel i, Imax is
the maximum value of this indicator, and Inin is the minimum value of the indicator.

2.3.6. Calculation of RSEI

The Principal Component Analysis of four indicators were done in ArcGIS Pro to obtain the
RSEI PCA is a statistical procedure that assigns weight to variables based on the contribution of each
principal component meanwhile avoiding the alteration caused by human beings. Since the location
where we are working has a large area of water bodies, that might alter the result of the RSEI
calculation, we removed the pixel of water bodies on each indicator through water masking using
Formula 5 before conducting the PCA. Then the initial RSEI value was calculated using PCA with the
formula 6 [2,29,39,59].

pG — pNIR

MNDW] = —/——— 14
pG + pNIR (14)

RSElo= PC1[f(NDVI, WET, NDBSI, LST) (15)

Where pG and pNIR are the reflectance of the green and near-infrared bands, respectively.
The final RSEI value is obtained by normalizing RSElo, as shown in equation 6, whose value
ranges from 0-1. Lower value represents low eco-environmental quality and vice-versa.

2.4. Spatial Auto-Correlation

Spatial Auto-correlation is an important indicator to find out whether the adjacent elements are
correlated to each other [14,26]. The correlation analysis can be useful in indicating the homogeneity
distribution of RSEI over the study area [35]. We employed global spatial auto-correlation (Global
Moran’s I) and local indicators of spatial auto-correlation (Local Moran’s I) to find out the spatial
correlation of RSEIL The Global Moran’s I show whether RSEI is clustered or dispersed for the overall
area or entire dataset. The value ranges from -1 to +1. The value near to -1 means higher negative
autocorrelation and near to +1 means higher positive correlation.

NEL, I wij(x—%)(xj-%)
So XiLy (x;—%)2

Global Moran’s [ = (16)
Where, n is the number of grids, xi and x; are the average values of the i*" and jth grid, while x and y
are the average values of all the grids, wij represents the normalized spatial weight matrix and s? is
the standard variance representing how much each neighbourhood value differ from the mean.

Local Moran’s I decomposes the Moran’s I into regional level i.e., local indicators of spatial
association (LISA). Local Moran’s I look after the individual features in the layers and compare them
with the neighbours for cluster/dispersion. These maps thus produced as a LISA cluster have five
types of spatial aggregation: high-high (HH) cluster, low-low (LH) cluster, low-high (LH) outliers,
high-low (HL) outliers, and insignificant[14].

7 (xi_f) =
Local Moran’s I = m—ZZ?’ﬂ w;j(xj — x) (17)

2.4. Land Use/Cover Classification and Accuracy Assessment

Various spectral indices have been developed and these can be used to detect different land
cover types [60-62]. We used multiple spectral indices to create a LULC map as each of the spectra
can be used to extract a single class [61]. We utilized different spectral indices such as the Enhanced
Vegetation Index (EVI) for vegetation health monitoring [63], Modified Normalized Difference Water
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Index (MNDWI) to identify open water features [64], Normalized Difference Built-Up Index (NDBI)
to highlight built-up areas [65], and Normalized Difference Bareness Index (NBRI) for burned areas
and bare land [66]. Each index serves a unique purpose and captures specific land cover
characteristics. However, no single index can effectively extract all land use and land cover (LULC)
classes comprehensively. To address this, we apply appropriate threshold values to each index to
isolate specific land cover classes. By combining the outputs of these indices and merging them into
a unified framework, we generate a comprehensive land use land cover map for our study area
[61,62]. This integrated approach maximizes the effectiveness of spectral indices in mapping diverse
LULC classes accurately. Moreover, to maximize the accuracy of our LULC map, we use slightly
different threshold values of the spectral index for different years as well as we creatively use certain
spectral indices in novel ways beyond their original purposes. For instance, the EVI, initially intended
for vegetation monitoring by highlighting vegetation and suppressing water features, is repurposed.
We take advantage of its ability to effectively identify water areas by utilizing its feature that
depresses water presence. This adaptation leads to exceptional performance in accurately classifying
water bodies within our study area. The hierarchy of the indices used is shown in Figure 2.

EVI=0
Tiss [

Tz

|

MMNIWI = -00.2
L]
MNBR=0.22
Mo Tes
| NBR>-0.2 & NDBAI<02 | NBR0.6
Il | Vi Mo | Tes
l k. ¥ x
Bare Land | Built-up || Agriculture || Vegetation || Water

Figure 2. Hierarchy and threshold of spectral indices for land use land cover classification.

We used the same Landsat images that were used to extract different indices of RSEI which is
given in Table 1. We applied an optimized threshold to each of the spectral indices that developed
from the images to automatically classify the images into different land cover classes. All the
extraction, processing, thresholding, classification, and combination of all the extracted classes were
done in Google Earth Engine.

For accuracy assessment, we employed two different methods. Firstly, we gathered ground
sample points and verified whether these points were correctly classified. Conversely, the second
method involved generating sample points for each class at random locations and then validating the
outcomes against a base map. The land use and land cover map of 2023 reflects the present state of
the land, so we verified the LULC of 2023 with ground samples and we applied a second method for
2013, 2004 and 1993. Parameters like producer’s accuracy (PA), user’s accuracy (UA), Overall
Accuracy (OA), and Kappa statistics (Kappa), were calculated to quantify the accuracy of LULC using
those randomly collected points via a confusion matrix [38] and the result is represented in Table 2.

Table 2. Results of accuracy assessment for different land cover types and years.

Year 2023 2013 2004 1993
Overall Accuracy 0.938 0.871 0.912 0.88
Kappa coefficient 0.923 0.798 0.891 0.854
Accuracy (Producer’s and User’s) PA UA PA UA PA UA PA UA
Forest 0932 096 0947 090 0911 0.93 0.9 0.9
Agriculture Land 0873 0905 0.967 088 0.853 0.877 0.841 0.849

Built-up Area 0971 0942 0.778 077 0924 0933 0.870 0.895
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Dry Breland 0933 0933 0.50 080 0905 0914 0.846 0.895

Water 0989 0950 0.90 090 0978 0910 0.978 0.883
The table shows that the overall accuracy of the result was highest in 2023 (0.938) and lowest in
2013(0.871), with corresponding Kappa coefficients of 0.923 and 0.798., respectively. Producers’ and
Users’ accuracies of various land cover types varied across the years. Forest had higher accuracies
throughout the study period. Agriculture land had a high PA of 0.967 in 2013 but lower in other
years. Built-up areas showed significant improvement in 2023 with PA and UA of 0.971 and 0.942.
Dry Breland had lower accuracies in 2013 but higher values in other years, while water bodies

consistently showed high accuracy, peaking in 2023 with PA of 0.989 and UA of 0.950.

3. Results

3.1. Principal Component Analysis Results of RSEI Model

Using Google Earth Engine and Landsat image datasets, we extracted four ecological indicators:
Greenness (NDVI), Humidity (WET), Heat (LST) and Dryness (NDBSI) (Figure 3) and used Principal
Component functionality in ArcGIS Pro to produce Remote Sensing Ecological Index (RSEI) based
on Principal Component Analysis (PCA). The contribution of eigenvalues for PC1 was found to be
more than 80% i.e., PC1 was 90.33%, 86.09%, 91.07% and 91.85% in 1993, 2004, 2013 and 2023
respectively showing that PC1 concentrated most of the characteristics among all the four indices
[35,67]. In PC1, NDVI and WET show positive eigenvalues while LST and NDBSI show negative
values which shows the actual scenario shown by the previous studies as opposed to PC2-PC4 which
shows abnormal variable loads [67,68]. The positive and negative value of each indicator in PC1
shows they have contributed and inhibitory effects on ecological improvement respectively [27].
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Figure 3. Spatial and Temporal Distribution of Indicators: (a,b,c,d) NDVI from 1993 -2023, (e,f,g,h) WET from 1993 -2023, (i,j,k,1) LST from 1993 -2023, (m,n,0,p) NDBSI from 1993 -2023.
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Table 3. Results of Principal Component Analysis of RSEI in 1993, 2004, 2013, and 2023,

respectively.
. Eigen Value
Year Indicators
PC1 PC2 PC3 PC4

LST -0.21389 -0.12906 0.94163 0.22567
NDBSI -0.63029 0.13879 -0.29319 0.70535
1993 NDVI 0.53844 0.73551 0.12958 0.39028
WET 0.51679 -0.65047 -0.10286 0.54703

Percent of Eigen Values (%) 90.3268 6.8639 1.7145 1.0948
LST -0.24808 0.00072 0.93768 0.24334
NDBSI -0.67904 0.31503 -0.32925 0.57554
2004 NDVI 0.61093 0.69297 0.06311 0.37760
WET 0.32268 -0.64850 -0.09147 0.68334

Percent of Eigen Values (%) 86.0878 9.5212 3.4507 0.9403

LST -0.39460 0.91818 -0.03278 0.01250

NDBSI -0.61529 -0.25373 0.50821 0.54659

2013 NDVI 0.64861 0.29824 0.64757 0.26648
WET 0.21216 0.06014 -0.56684 0.79377

Percent of Eigen Values (%) 91.0715 5.1642 3.4978 0.2665

LST -0.32008 0.90064 0.29393 0.00072

NDBSI -0.64211 -0.31398 0.26124 0.64874

2023 NDVI 0.62795 -0.00621 0.70204 0.33582
WET 0.30152 0.30038 -0.59371 0.68291

Percent of Eigen Values (%) 91.8492 4.5203 3.3144 0.3161

3.2. Spatial Changes in RSEI of Rupandehi

Figure 4 shows the spatial distribution of RSEI in Rupandehi district over the 30-year time frame.
The RSEI Value ranges from 0-1 representing the eco-environmental quality from poor to excellent.
The RSEI value is further divided into five classes split with an interval of 0.2 which are: Poor (0-0.2),
Fair (0.2-0.4), Moderate (0.4-0.6), Good (0.6-0.8) and Excellent (0.8-1). The overall ecological quality
over the area was found to be good with high quality in the northern part and comparatively lower
in the southern part. The RSEI value in Rupandehi district is seen to be increasing trend with some
fluctuation at the mid-time. The good and excellent RSEI are more concentrated in the region with
dense forest and village areas while the poor, fair and moderate at the city areas. It was seen that the
RSEI value can be higher in areas with high vegetation and lower mostly at two economic hubs:
Butwal and Siddharthanagar in central northern and southern parts of Rupandehi and was
particularly less in 1993 and 2014.
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Figure 4. Spatial Distribution of RSEI (a) 1993; (b) 2004, (c) 2013; (d) 2023.

Table 4 and Figure 4 show the area of each of the RSEI classes and the percentage. In 1993 and
2004 most of the area was covered with good (529.054 and 588.392 sq. km respectively) and moderate
(453.619 and 460.436 sq. km respectively) RSEI value, while the good area decreased while the
moderate area increased in 2013 to 714.06 sq. km. The reason for the decrease in the quality is due to
the flow of people from different districts of hilly regions like Palpa, Gulmi and Syangja to Rupandehi
increasing the population and building in the areas. Also, the expansion of roads and other major
developmental activities and deforestation increased the impervious surfaces causing the quality to
decrease. There was a change seen on the EEQ in 2023 where the poor class was almost negligible
and the excellent and good class was seen increasing. This shows in the overall quality to increase in
2023. Overall, from 1993 to 2023, the area of Good and Excellent class has increased from 529.054 to
574.0175 km? and 140.188 to 288.5381 km? respectively.

Table 4. Area of Each RSEI class in sq. km and percentage.

Year Grading Area Percentage (%)
Poor 23.9013 1.83
Fair 151.051 11.59
1993 Moderate 453.619 34.81
Good 529.054 40.60

Excellent 140.188 10.76
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Water Body 5.3767 0.41
Poor 4.69631 0.36
Fair 53.6893 4.12
Moderate 460.436 35.33
2004
Good 588.392 45.15
Excellent 189.278 14.52
Water Body 6.69839 0.51
Poor 4.49065 0.34
Fair 176.478 13.54
Moderate 714.06 54.79
2013
Good 231.279 17.75
Excellent 170.697 13.10
Water Body 6.18535 0.47
Poor 0.072406 0.01
Fair 32.61161 2.50
Moderate 398.9699 30.61
2023
Good 574.0175 44.05
Excellent 288.5381 22.14
Water Body 8.980484 0.69
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2
T
[ 1]
. 500
E 400
:
9 300
00
ol 4] I
g g o ] = s -
1992 Jiig s 2L
Weaar
W Poar Pair Miaderate 8 Caoeed B Excallant B Watr

Figure 5. Area of each RSEI class and masked water body.

3.3. Temporal Changes in RSEI of Rupandehi

Table 5 contains the statistical result of each of the indicators used and the final RSEI obtained
through these indicators in the study area within the allocated period from 1993-2023. The highest
and lowest value of LST was found to be 0.46 and 0.25 in 2023 and 1993 respectively, with an average
of 0.34 over the study period. Similarly, for NDBS]I, the highest and lowest were 0.52 and 0.37 in 2013
and 2023 respectively with an average value of 0.46. For NDVI, the highest and lowest were 0.70 and
0.63 in 2004 and 2023 respectively with an average of 0.66. Also, for WET, the highest and lowest were
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0.85 and 0.71 in 2013 and 1993 respectively with an average of 0.80. From Figure 4, we can see that
the RSEI has a positive relation with NDVI and WET and a negative with LST and NDBSL. It is seen
that the RSEI value is increasing when the value of NDVI and WET is increasing and LST and NDBSI
are decreasing and decreasing when the value of NDVI and WET is decreasing and LST and NDBSI
is increasing. The overall average RSEI over the 30 years was found to be 0.61, showing that
Rupandehi had a good overall EEQ. The average RSEI value is found to be increasing from 0.59 in
1993 to 0.635 in 2004, decreasing to 0.55 in 2013 and increasing to 0.67 in 2013 showing the
improvement-deterioration-improvement trend of EE in Rupandehi. Overall, the RSEI value was
seen to have increased by 13% from 0.59 in 1993 to 0.67 in 2023, highlighting an improvement in the
overall quality of the ecosystem in the area.

Table 5. Statistical Result of each indicator used in RSEI.

Year Index Mean Stal“ldéfl'd
Deviation
LST 0.25 0.063
NDBSI 0.50 0.160
1993 NDVI 0.64 0.145
WET 0.71 0.138
RSEI 0.59 0.167
LST 0.28 0.061
NDBSI 0.45 0.136
2004 NDVI 0.71 0.130
WET 0.818 0.078
RSEI 0.635 0.138
LST 0.39 0.103
NDBSI 0.52 0.143
2013 NDVI 0.67 0.152
WET 0.851 0.055
RSEI 0.55 0.156
LST 0.46 0.086
NDBSI 0.37 0.148
2023 NDVI 0.63 0.147
WET 0.82 0.075
RSEI 0.67 0.14

3.4. Trend Analysis of Ecological Environmental Quality in Rupandehi

To better understand and compare the eco-environmental quality of Rupandehi over various
periods, the study did various calculations to calculate the RSEI from 1993-2023. The RSEI values
were classified into five different categories based on the values. The classes were compared for
different periods. There are usually three trends in the value: Improvement, Deterioration and
Unchanged and the spatial distribution of these trends are shown in Figure 6. The obtained value
was used to find out the area and the area ratios of each of the grades. From 1993 to 2004, it was seen
that there was a high area getting its EEQ value deteriorated which is 592.05 sq. km (45% of the total
area), 384.67 sq. km (29% of the total area) got its EEQ value improved and remaining 338.10 sq. km
(26% of the total area) remained unchanged. The trend of deterioration remained the same from 2004-
2013 with 700.82 sq. km (53%) which is more than double the area which got its EEQ improved i.e.,
321.50 sq. km (24%) and remained unchanged i.e., 292.25 sq. km (22%). The trend in the increased
deterioration of the EEQ is a result of the developmental activities and urbanization that have
occurred within this period of 20 years. Despite those years of rapid decrease in EEQ, from 2013-
2023, it was seen that the EEQ remained quite in balance with a slight increase in the areas with
improvement. 462.96 sq. km (35%) of the area got improved, 428.63 sq. km (33%) of the area got
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deteriorated and 423.02 sq. km (32%) remained unchanged. The area of each of the EEQ grade
changes can be seen from the Table and the Sankey graph shows the graphical flow of the grade from
each of the years in Figure 6.

Indices Time Series

ga

1543 M4 _ 213 bria
Year

wgem R CE] =g ST NDBSl =egemDV] —emges(ATET

Figure 6. Time series of average indicator value and RSEI

From Figure 7, in the northern region where mostly the forest lies, the RSEI is seen to be almost
unchanged from 1993 to 2023. In the southwest region, the improved RSEI area increased from 1993
to 2004, 2004 to 2013 and 2013 to 2023. The middle portion of the region the region near Bhalwari and
Butwal has seen a deterioration in RSEI from 1993 to 2004. The region is because of an increasing
trend of people moving from the hilly region to Butwal and making houses as a part of urbanization
and industrialization in the Bhalwari area. From 2004 to 2013, the southern region near the border of
India saw a slight deterioration in the ecological quality of the environment.
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Figure 7. Eco-Environmental Quality Change Distribution: (a) 1993-2004; (b) 2004-2013; (c) 2013-
2023.
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Figure 8. Eco-environmental Quality Change Distribution: (a) 1993-2004; (b) 2004-2013; (c) 2013-
2023.

3.5. Spatial Autocorrelation of RSEI

To analyse the spatial correlation of RSEI and to ensure the integrity of the information, the RSEI
distribution in each of the years was first resampled into a 1000x1000 grid from which 1302 sampling
points were collected in the Rupandehi district. The spatial autocorrelation was performed on the
sampling point using ArcGIS Pro for each year and Moran'’s I indices in the years 1993, 2004, 2013
and 2023 were 0.403, 0.391, 0.558 and 0.476 respectively, showing the significance of the RSEI.
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Figure 9. Global Moran's I scatterplot of RSEI in Rupandehi district in (a) 1993; (b) 2004, (c) 2013; and
(d) 2023. H-H, L-L, H-L and L-H represent the high-high clusters, low-low clusters, high-low outliers
and low-high outliers, respectively.

3.6. Local Indicator of Spatial Autocorrelation of RSEI

The LISA clustering maps for the years 1993, 2004, 2013 and 2023 were generated using ArcGIS
Pro to explore the spatial characteristics of RSEI as shown in Figure 10. The extent of not significant
decreases from 1993 to 2013 and slightly increases in 2023 and these are mostly in the agricultural
lands seen in Figure 6 of LULC classification. The H-H cluster is mostly seen in the northern areas
that consist of a Chure Range and are almost covered with forest areas with slight changes
throughout these years. Similarly, The L-L cluster gradually increased from 1993 to 2023 and is mostly
concentrated in the areas that faced rapid urbanization with time focused around the areas touching
Siddhartha highway like Butwal and Bhairahawa. The H-L outlier means the area with high RSEI
surrounded by low RSEI and is seen mostly in the area in the central-west part where the forest area
lies within the settlement and has many ponds surrounded by houses and buildings. Likewise, the
L-H outlier means the area with low RSEI value surrounded by high RSEI value and is seen around
the southern part where the settlement lies within the forest areas. Overall, the clusters are seen to be
distributed from high in the northern part to low in the southern part showing the overall quality of
RSEI decreases while going from North to South.
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Figure 10. LISA (local indicators of spatial autocorrelation) clustering map of RSEI in Rupandehi in
1993 (a), 2004 (b), 2013 (c) and 2024 (d).

3.7. Spatio-Temporal Change of Land Use Types in Rupandehi

The spatial distribution of LULC in the Rupandehi district can be seen in Figure 5 for the years
1993, 2004, 2013 and 2023, respectively. The vegetation is mostly dominant in the northern part while
agricultural land is situated all around the district; built-up areas are distributed over the whole
district but mostly dominant in the central part where the Siddhartha highway passes through i.e.
around Butwal and Bhairahawa. Rivers and ponds (mostly used for fish farming) represent the water
bodies in the region and barren land is scattered around the agricultural areas.

The area of agriculture is seen to be reduced while the built-up area continuously increased from
1993 to 2023, which can be seen in Table 6 and visualized graphically in Figure 11. The Agricultural
land covered around 946.36 sq. km (64% of total land) in 1993 which decreased to 887/20 sq. km (60%
of total land) in 2023 while the built-up area increased from 19.20 sq. km (1.31 % of total land) in 1993
to 177.19 sq. km (12.08% of the total land) in 2023. The area covered by water was 28.62 sq. km (1.95%
of total land) in 1993 which decreased to 23.72 sq. km (1.61% of total land) in 2023. Barren land seems
to decrease gradually from 1993 to 2023 i.e., 131.10 sq. km (8.94% of total land) to 29.754 sq. km (2.02%
of total land). While all the classes seem to either increase or decrease, forest area remains the same
throughout these years with slight increases and decreases in-between years. The forest area was
340.77 sq. km (23.24% of total land) in 1993 and 348 sq. km (23.75% of total land), which is in the same
range.
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Table 6. Area changes (sq. km) of each RSEI grade from 1993 to 2023.

From To Area (1993-2004) Area (2004-2013) Area (2013-2023)
1 1 1.28 0.93 0.01
1 2 3.26 1.29 141
1 3 4.92 1.23 0.94
1 4 5.84 1.39 1.02
1 5 7.62 1.79 1.46
2 1 10.79 3.31 2.10
2 2 18.79 8.36 15.01
2 3 30.25 10.51 38.67
2 4 38.89 14.60 46.71
2 5 47.86 22.59 60.70
3 1 60.81 38.03 81.88
3 2 79.34 109.62 124.84
3 3 129.06 137.72 248.69
3 4 114.32 120.15 193.95
3 5 94.83 116.03 82.84
4 1 91.67 122.49 56.95
4 2 100.17 126.73 45.68
4 3 132.67 169.98 34.94
4 4 138.20 69.00 42.75
4 5 36.89 31.94 35.28
5 1 25.61 26.38 17.23
5 2 23.40 25.54 17.75
5 3 27.47 35.48 25.09
5 4 40.13 43.26 22.16
5 5 50.76 76.23 116.55

(a) (b)
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Figure 11. Land Use Land Cover classification of Rupandehi district for the years (a) 1993; (b) 2004,
(c) 2013; and (d) 2023.

Table 7. Statistical table of LULC area (km?) in Rupandehi District, Nepal from 1993 to 2023.

Year Agriculture Built-up Water bodies Forest Barren
1993 838.91 13.32 18.02 303.87 122.45
2004 852.02 36.69 15.42 368.99 22.36
2013 885.35 94.05 9.76 265.21 41.43
2023 787.00 156.16 11.80 311.44 26.47
TULC Area Changes
pleitl
S
Al
.
g oam
50
£ o
A
AH1 I I I
i
i _ . — . - | [— . ——
950 200400 e bdRTe 220
o Tozest Agriolbore B Daulbup B Do u\Water

Figure 12. Temporal change of Area of each LULC class from 1993 to 2023.

3.8. Effect of Land Use Change on Eco-Environmental Quality of Rupandehi

To explore the relationship between Land use classes and RSEL we extracted the average value
of RSEI for each of the land use types which is shown in Figure 10. The average RSEI value for Forest
increased from 0.76 in 1993 to 0.87 in 2023 with an increase of 14.5%, showing a strong positive
correlation with the RSEI and playing a vital role in maintaining the sound ecosystem in the region.
The average RSEI value of agricultural land was good through the period from 1993 to 2023. The eco-
environmental quality was mostly poor within the time of the built-up area.
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Figure 13. Average RSEI value of Land use class from 1993 to 2023.

We also explored the quantitative relationship between RSEI and Land Use type in the region
from 1993 to 2023 in the respective years which is seen in Figure 11. Out of the total area of the forest,
the maximum of the area lies in a remarkably high value of RSEI for the years 2004 (182.36 sq. km),
2013 (167.32 sq. km) and 2023 (264.34 sq. km) and high value of RSEI for the year 1993 (153.07 sq. km).
So, with an increase in forest area from 1993 to 2023, the RSEI value has also increased in those
regions. Similarly, for forests, most of the area lies in medium and high RSEI grades for all four years:
1993 (366.93 + 358.75 sq. km), 2004 (424.89 + 395.97 sq. km), 2013 (640.32 + 142.30 sq. km) and 2023
(266.90 +491.54 sq. km). However, for built-up, most of them fall in the medium and low RSEI grade
as shown in Figure 11, degrading the overall eco-environmental quality in the particular year. Also,
we can see most of the area of agricultural land lies in medium and high RSEI grades demonstrating
positive effects while most of the barren land lies in medium and low RSEI grades showing negative
effects on the eco-environmental quality.
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Figure 14. Land Use Land Cover classification of Rupandehi district for the years (a) 1993; (b) 2004,
(c) 2013; and (d) 2023.

4. Discussion

4.1. Potential Reasons for Ecological Quality Change
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Rupandehi district has experienced massive and rapid urbanization during the 30 years from
1993-2023. Rapid urbanization has been one of the major causes of the deterioration of environmental
quality in the region. We tried to look at the pixel level of RSEI, LULC and Satellite image (latest
Maxar imagery) at two major cities of Butwal and Bhairahawa to see the impact of
LULC/Urbanization in RSEI and found that the area with high urban density/built-up area has quite
low RSEI value than the area that has vegetation and agricultural land. The comparison can be seen
in Figures 15 and 16.

Figure 15. Comparison of LULC, Satellite image and RSEI at Butwal for the year 2023 from top to
bottom to see and validate the impact of LULC in RSEIL

Figure 16. Comparison of LULC, Satellite image and RSEI at Bhairahawa for the year 2023 from top
to bottom to see and validate the impact of LULC in RSEL

The built-up area has increased from 13.32 sq. km to 156.16 sq. km which is around 1000%. It is
quite interesting on the fact that although the built-up area has increased at the maximum rate, the
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eco-environmental quality of the district is maintained at a high level (RSEI=0.67) as opposed to the
deterioration.

Moreover, the forest area has increased in 2023 as compared to 1993 while the agricultural area
has decreased but the average RSEI of each of the classes have increased throughout this time: Forest
- 0.76 to 0.87 and Agricultural Land — 0.58 to 0.64. This has also some connection with the massive
decrease in barren land from 1993 (122 sq. km) to 2023 (26.474 sq. km). The massive decrease in barren
land is because most of them have been converted into built-up areas throughout this time. Similarly,
some afforestation has been done in these areas which has increased the quality of the environment.
Also, in recent years, the government have strictly advised the people in the district not to leave any
land unused or barren which has increased the quality of the environment.

While we explore the spatial and temporal distribution of RSEI in response to LULC change, we
can also see that there is less spatial correlation at most of the part of the region. The region behind
this is mostly because of the lack of spatial zoning in the district and due to haphazard and
unmanaged urbanization. The built-up areas are almost distributed around the region and are made
without any planning mostly in agricultural areas. Therefore, we can see multiple RSEI grade
distributions at the small spatial locations.

4.2. Challenge/Limitations and Future Work

1. The spatial resolution of a Landsat image is only 30m which is comparatively low and will limit
the exploration of each of the indices within a minute level. Therefore, future studies can explore
the combination of Sentinel-2 images which have comparatively high resolution to that of
Landsat.

2. We used just 4 indicators based on different literature review, that plays an immense role in
affecting the ecological quality. More exploration of multiple indicators is required to optimize
the monitoring and evaluation of the EEQ in future.

3. We used LULC changes as a driving factor for the EEQ, but there are many other factors like
changes in GDP, population, temperature, precipitation, etc. that have an equal impact on the
EEQ. Therefore, further study can explore more driving factors to achieve a more accurate EEQ
and support policymakers in controlling it.

4.  Since forest and agricultural land play vital roles in maintaining the eco-environmental quality
in the region and it is obvious that in the coming days, there will be less land available for
afforestation as well as the agricultural land will decrease due to urbanization, the local
government should look after effective measure to balance between urbanization and ecological
protection by controlling the massive and haphazard urbanization ongoing on the region and
bring proper land use planning and land management system.

5. Also, the government should discourage deforestation and land degradation while encouraging
people to bring greenery around their surroundings by planting more trees promoting a low-
carbon economy by reducing greenhouse gas emissions[18] and making sure that their
agricultural land does not go barren by planting any crops available.

5. Conclusion

The study focused mainly on monitoring the long-term spatial and temporal variation in the
eco-environmental quality of the Rupandehi district based on the Remote Sensing Ecological Index
(RSEI) from 1993 to 2023 utilizing the Landsat Image and leveraging the capability of Google Earth
Engine (GEE) to do spatial analysis and explained the impact of LULC change on the eco-
environmental quality. The following conclusions can be derived from the study:

1.  The overall quality of the Rupandehi district has remained within the range of medium and high
throughout time showing an overall rising trend in 30 years, having the maximum value (0.67)
of RSEI in 2023 and a minimum value (0.554) in 2013.

2. The spatial distribution of the higher RSEI is concentrated in the Forest area in the northern hilly
regions, while low RSEI is concentrated in two major cities: Butwal and Bhairahawa as shown
in Figure 10 which are densely populated areas with more impervious surfaces and are subjected
to urban heat island effect.
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3. The different land use land cover types and their changes to each other throughout the time of
30 years have a direct impact on the eco-environmental quality of the district. The conversion of
barren land and built-up land to forest and agricultural have a positive impact on the quality.
Meanwhile, forest and agricultural land were mostly converted to built-up areas which had a
negative impact on the quality and was the main reason for the deterioration of the eco-
environmental quality.

This paper provides a scientific basis for the local government as well as environmental
conservationists in monitoring and maintaining sound ecological quality, proper utilization of
natural resources and planning and promoting sustainable and eco-friendly socio-economic
development in the region.
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