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SUMMARY

This study tested the potential of using Sentinel-2-derived ARVI for land covers mapping compared to NDVI in
Lac Duong district, Lam Dong province. Overall accuracy assessments of ARVI-based land covers mapping are
calculated from 88.9% (in 2016) to 92.0% (in 2022) with Kappa coefficients of 0.79 and 0.86, respectively. The
comparison between Sentinel-2-derived NDVI and ARVI for land covers mapping indicated that ARVI has
performed well in land covers mapping in Lac Duong district. The Sentinel-2 time series were therefore used to
generate spectral-temporal changes in land covers based on ARVI thresholds. Our estimation of land covers and
forest cover change shows that the forest cover in Lac Duong increased by 1718.4 ha from 2016 to 2022, while
non-forest covers reduced by 1662.1 ha at the same period. Conversely, during the segmented period of 2018-
2020, the extent of forest cover reduced by 1156.1 ha, whereas non-forest covers increased by 1032.8 ha. The
study also identified the main drivers of LULC change, including forest cover change, these changes are due to
the expansion of coffee production, effectiveness of PES policy implementation, and a lack of agricultural
production and sustained likelihoods. Our study suggests that ARVI can be used to monitor and detect changes
in land covers, especially in deforestation and forest degradation detection in the tropical and mountainous
regions of Vietnam. More focus of comprehensive understanding of LULC change and its management should

be expanded beyond the poverty-environmental relationships in Lac Duong district.
Keywords: ARVI, Lac Duong, land cover, land use, NDVI.

1. INTRODUCTION

Land use and land cover (LULC) maps are
fundamental data sources for land planning and
management (Nasiri et al., 2022). Accurate and
up-to-date LULC mapping is of interest to
geoscience and remote sensing societies due to
its provision of valuable information to
understand human-environment relationships
(Viana et al., 2019; Pratico et al., 2021; Sobhani
et al., 2021). Analysing time series of remotely
sensed dataset enables the integration of diverse
features and spectral-temporal metrics to obtain
seasonal and phenological characteristics of
LULC classess (Nasiri et al., 2022). The
application of such features and metrics for
LULC mapping has enhanced the classification
accuracy. Among the medium resolution
satellite data, Sentinel-2 products offers high
temporal resolution data, short revisit time, rich
spectral configuration, thus making them
relevant sources for time series LULC mapping
(Nasiri et al., 2022).

Remote sensing offers robust techniques
to monitor land covers and detect the changes
in land use and land cover (LULC), and solve
“Corresponding author: hoanh@vnuf.edu.vn

challenges in forest resource management
(Mundava et al., 2014; Dusseux et al., 2015;
Karakoc and Karabulut, 2019). In addition,
remote sensing techniques provides information
at a wide range of spatial and temporal scales,
frequent ‘revisit’ of the area, and use as historic
archives of data. The most used vegetation
index is the Normalized Difference Vegetation
Index (NDVI), which is commonly applied to
analyze vegetation and its temporal changes on
local and regional scales (Ali et al., 2018).
However, the parameters of atmospheric
scattering (aerosols and ozone) are difficult to
quantify using NDVI, but its influence can be
reduced and fixed by ARVI and other
vegetation indices for land covers mapping in
the tropical and mountainous areas. To achieve
better results, several enhanced vegetation
indices, namely atmospherically resistant
vegetation index (ARVI), soil adjusted
vegetation index (SAVI), green difference
vegetation index (GDVI), green normalized
differential  vegetation index (GNDVI),
enhanced vegetation index (EVI) have been
developed to study vegetation instead of NDVI.
This study used ARVI compared to NDVI with
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the expectation that this index may have good
potential for land covers mapping in the
mountainous areas.

Sentinel-2 is the state of-the-art sensor of
European Space Agency (ESA), was launched
in 2015, which included 13 bands extending
from visible, near infrared, shortwave infrared
with a high spatial resolution of 10 to 60 m
(Gholizadeh et al.,, 2016). Sentinel-2 has
immense potential to estimate various
vegetation parameters, such as ARVI, LAI
(Leaf Area Index), chlorophyll and nitrogen,
biophysical parameters and Red-Edge Position
(Frampton et al., 2013; Richter et al., 2012;
Clevers and Gitelson, 2013; Verrelst et al.,
2013; Delegido et al., 2013). Therefore, our
study explored spectral indices (NDVI, ARVI)
computed from Sentinel-2 product. The
broadband indices derived from Sentinel-2
images include NDVI and ARVI.

Lac Duong is known as one of districts where
has the largest percentage of forest coverage
ratio and areas of natural forests in Lam Dong
province. However, it is reported that much of
the forest land clearing in Lac Duong is most
likely attributable to the commune’s
distribution of forest land for coffee plantations
(Nguyen Quoc Hieu et al., 2018; Nguyen Hai
Hoa et al.,, 2018a; Nguyen Hai Hoa et al.,
2018b). Illegal clearing of forest land and land
transactions are more complex processes than it
has been revealed by the survey data (Tradal et
al., 2017). Therefore, Lac Duong is one of the
examples experiencing with deforestation and
degradation. Understanding how the spatial-
temporal LULC and the extent of forest cover
has been changed over the decades is very
crucial to Lam Dong province (Nguyen Quoc
Hieu et al., 2018; Nguyen Hai Hoa et al.,
2018a). This would help authorities to manage
forests more effectively and efficiently in Lam
Dong province. To identify the key drivers of
changes in LULC and forest cover, including
both nature and human-driven forces associated
with the government policies on mangrove
management and development, it is very
important to first assess the spatial-temporal
dynamics of LULC and forest cover by using
remotely sensed data over the time (Nguyen Hai
Hoa et al., 2018a; Hai-Hoa and Hien, 2021).

Numerous remote sensing technologies and
techniques have been applied to monitor the
dynamics of forest cover due to their large
spatial-temporal coverage, cost-effectiveness,
ready availability and applicability (e.g. Akumu
et al., 2010; Rozenstein and Karnieli, 2011;
Huong et al., 2021). In spite of the extensive
application of remote sensing technologies and
techniques at the local, regional and global
scales, there is still limited information
available about the spatial-temporal dynamics
of forest cover in Lam Dong at the decadal time
scales, and how forest degradation and
deforestation have been associated with
economic and urban development (Nguyen
Quoc Hieu et al., 2018; Nguyen Hai Hoa et al.,
2018a; Nguyen Hai Hoa et al., 2018b).
Therefore, it is pivotal to quantify the spatial-
temporal changes in forest cover at regular time
intervals, which would provide successful in
forest management strategies.

The aim of this study were the following: (1)
testing whether ARVI  (Atmospherically
Resistant Vegetation Index) is used for forest
cover mapping and change detection compared
to NDVI (Normalised Difference Vegetation
Index) in Lac Duong District, Lam Dong
Province, (2) defining the ARVI-based
thresholds for land covers mapping using
Sentinel-2 data from 2016 to 2022, (3)
identifying drivers of land cover change during
the period of 2016-2022.

2. RESEARCH METHODOLODY
2.1. Study site

Lam Dong is known as a mountainous
province, located in the South of the Central
Highlands, Vietnam (Fig. 1). It has a natural
area of 977,354 ha with a population of about
1.3 million people from 43 ethnic groups and
indigenous people, including K’Ho, Chau Ma,
Chu Ru and Stieng. These groups account for
nearly 20% of its population (Nguyen Hai Hoa
et al., 2018a; Nguyen Hai Hoa et al., 2018b). In
general, the climate of Lam Dong is divided into
two separate seasons, namely the rainy season
and the dry season. The region's climate is
favorable for agricultural development,
including coffee production, semi-temperate
vegetables, tea, and a variety of fruit trees, beef
cattle, dairy cows, and cold-water fish (Nguyen
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Hai Hoa et al., 2018a).

Lac Duong is located in the northern area of
Lam Dong province where has an area of
131,136 ha with a population of 27,388 people
from 6,410 households and 20 different ethnic
groups, ethnic minorities account for 70.6%.
The forest cover in Lac Duong is much higher
than other districts in Lam Dong province,

which 116,292 ha (85% of total areas) of forest
land in Lac Duong is forest. Therefore, Lac
Duong plays a very important ecological role
where is situated of Bidoup-Nui Ba National
Park and the upper reaches of the Krong No, Da
Nhim and Serepok Rivers. Despite an important
ecological role, Lac Duong has been facing high
deforestation and forest degradation.
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Fig. 1. Study site in Vietnam (a); Lam Dong province bordered by other neighboring provinces in the
Central Highlands of Vietnam (b); Lac Duong district in Lam Dong province as a case of study (c¢)

2.2. Study methods

In this study, the available series of Sentinel-
2 data (Sentinel-2A and Sentinel-2B from 2016
to 2022) were used to quantify the spatial-

temporal changes in land covers in Lac Duong
district, Lam Dong province (Fig. 2). The
details of remotely sensed data used this study
were summarized in Table 1.

Table 1. Multispectral Sentinel-2 data used this study

Spatial resolution  Cloud cover

ID Image codes Date capture (m) (%)

1 S2A20160304T032531T48PZU 04/03/2016 10 0

2 S2B20180207T030859T48PZU 07/02/2018 10 0

3 S2A20200313T030541T48PZU 13/03/2020 10 0

4 S2A20220201T030941T48PZU 01/02/2022 10 0

Forest cover map, land use and land

> cover map in Lac Duong 2015, 2020 1/50000 Lac Duong
6  Topographic map, DEM 2011 30 USGS

Sources: http://earthexplorer.usgs.gov
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Sentinel-2A/B, at the Multi-spectral
Imager Instrument Level 1C with a spatial
resolution of 10 m, covering the whole of Lac
Duong district, were downloaded from
Sentinel Scientific Data Hub (ESA), which
has been already orthorectified and top-of-
atmospheric reflectance. All of the Sentinel-
2A/B data used in this study intended to be
obtained during the dry season (from October
to April), cloud-free covered Sentinel-2 data
were selected to avoid the effects of weather
factors and to reduce the seasonal variations
in reflection due to farming cycles for the
mapping accuracy (Hai-Hoa et al., 2022). The
methods of Sentinel-2 derived ARVI for land

cover mapping is illustrated in Fig. 2.
Step 1: Sentinel-2 pre-processing

The acquired Level-1C orthorectified, and
top-of-atmosphere  optical ~ Sentinel-2A/B
images (2016, 2018, 2020, 2022) were
atmospherically corrected and further processed
to Level-2A product to obtain bottom-of-
atmosphere corrected reflectance image. This
process was adopted from previous studies of
Hai-Hoa et al., (2020a, 2020b) and Hai-Hoa and
Hien (2021) wusing the Semi-Automatic
Classification Plugin in QGIS version 3.10.2
(Congedo, 2020). The workflows of Sentinel-
2A/B imageries and pre-processing are shown
in Fig. 2.
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Fig. 2. Flow of methods for forest cover mapping using ARVI in Lac Duong district

Step 2: Sentinel-2 interpretation and
classification

In this study, we tested an ARVI
(Atmospherically Resistant Vegetation Index)
for land covers mapping in Lac Duong district,
Lam Dong province. It then compared land
cover-based ARVI and NDVI mapping.

- Atmospherically Resistant Vegetation
Index (ARVI): This study used ARVI, which is
relatively insensitive to atmospheric factors,

such as aerosols, rain, fog, dust, smoke, air

pollution, particularly suitable for monitoring
tropical mountainous regions like Lam Dong
province where is often covered with soot
caused by slash-and-burn agricultural activities.
This index has been used to correct NDVI for
mitigating atmospheric scattering effects by
doubling the red spectrum measurements and
adding blue wavelengths (Somvanshi and

Kumari, 2020) (Eq. 1).
ARVI — (BandNIR—Z*BandRED+BandBLUE)

(BandNIR+2*BandRED+BandBLUE) (Eq 1)
- Normalised Difference Vegetation Index
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(NDVI): NDVI was used to classify areas with
forest cover, non-forest cover, and water since it
allows for a precise depiction (Green et al.,
1998). NDVI is also related to parameters, such
as topsoil layer, plant photosynthesis, water, and
biomass computation (Fenshoult et al., 2009).
This study used NDVI compared to ARVI in
terms of the accuracy of land cover mapping.
This would answer the question of whether
ARVI can be used for land cover mapping in
Lac Duong district, Lam Dong province.

NDVI = Bandyjr+Bandgrgp (Eq' 2)

Where: For Sentinel 2, Bandnr (Near
Infrared band) is Band 8; Bandrep (RED band)
is Band 4; BandsLue (BLUE band) is Band 2.
ARVI value ranges from -1 to 1 (Tanre et al.,
1992; Kaufman and Tanre, 1992; Lassiter and
Darbari, 2020; Somvanshi and Kumari, 2020).
Step 3: Accuracy assessments and post-
classification
Accuracy assessments of classified images:

To define ARVI thresholds for forest cover,
non-forest cover and water bodies, this study
used 2018 highly-spatial resolution image from
the Google Earth to generate random points for
each land-cover class, while 2022 classified
image was mainly based on the field survey
conducted from February to March 2022. For
years of 2016 and 2020, the study used Lac
Duong status maps of forest covers, which were
provided by Lam Dong Department of
Agriculture and Rural Development (DART) to
generate random evaluation points for defining
the threshold of each land cover class.

A total of 470 sampling points (including
300 GPS points for forest covers; 120 points for
non-forest covers, 50 points water bodies)
selected from the forest cover maps (2016,
2018, 2020) and the Google Earth image (2018)
were used to assess the accuracies of classified
maps in 2016, 2018 and 2020. Total 300
sampling points, including 180 points for forest
covers, 70 points for non-forest covers, and 50
points for water bodies were used to validate the

BandNIR—BandRED

classified maps in 2022. Finally, confusion
matrices were constructed to cross tabulate to
observed data with reference data using Kappa
statistics, classification
accuracy (Long et al.,, 2014). The Kappa
coefficient is a measure of the agreement
between two maps, which consider all elements
of the error matrix (Hai-Hoa et al., 2022). Kappa
values were classified into four groups: where
Kappa values that were zero referred to no
agreement; from 0.41-0.6 were indicated as
moderate agreement; 0.61-0.8 were considered
as substantial agreement; and 0.81-1.0 were
regarded as an almost perfect agreement (e.g.
Conchedda et al., 2008; Hai-Hoa et al., 2022).

Post-classification of classified images: In
post-classification process, the filtering process
was applied to remove isolated pixels or noise
or the “salt-and-pepper” effects in the land
cover map. The filtered classified image was
then used as the final forest cover map each
year.

Step _4: Change detection analysis and
land cover dynamics

This analysis provides in-depth information
about pixel transformation, class change and
dynamics of converted land covers (Hai-Hoa
and Hien, 2021). The land cover maps for 2016,
2018, 2020 and 2022 were evaluated and
compared in terms of areas covered. The cross-
tabulated method was used to identify forest
cover changes from 2016 to 2022, namely 2016-
2018, 2018-2020, and 2020-2022. The changes
in land covers were visually interpreted and
further examined to understand the spatial-
temporal gain and loss of forest covers over 6
years (2016-2022) in Lac Duong district, Lam
Dong province.
3. RESULTS AND DISCUSSION
3.1. Status of ARVI and NDVI-based land
cover mapping

The comparasion of accuracy assessments
between ARVI and NDVI derived land covers
are summarised in Table 2.

generating overall
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Table 2. Summary of accuracy assessments of land covers in Lac Duong district

Asscssments 2016 2018 2020 2022
NDVI ARVI NDVI  ARVI NDVI ARVI NDVI ARVI
UA (%) for 92.0 91.7 92.7 92.3 93.3 93.0 96.7 944
forest cover
UA (%) for 90.8 85.8 91.7 87.5 95.0 89.2 914  90.0
non-forest cover
PA (%) for 96.2 95.2 96.5 95.8 97.9 96.5 967  97.1
forest cover
OA (%) 91.3 88.9 91.9 89.8 932 90.6 95.0  92.0
KC 0.83 0.79 0.85 0.80 0.87 0.82 0.91 0.86

UA (User’s accuracy), PA (Producer’s accuracy), OA (Overall accuracy), KC (Kappa coefficient)

All the Sentinel-2A/B were used to produce
the NDVI and ARVI-based land cover maps for
the whole Lac Duong district, Lam Dong
province. In general, the results of classification
accuracy assessments based NDVI and ARVI
were small variations across Lac Duong district.
The error matrices showed that the results of
assessments for 2022, 2020, 2018, and 2016
classifications have high rates of classification
accuracy with user’s accuracies, as follow:
forest cover (NDVI: from 92.0 to 96.7%; ARVI:
91.7 to 94.4%), non-forest cover (NDVI: 90.8
to 95.0%; ARVI: 85.8 to 90.0%) giving an
overall accuracies 0f 91.3%, 91.9%, 93.2%, and
95.0% in 2016, 2018, 2020 and 2022 for NDVI;
88.9%, 89.8%, 90.6%, and 92.0% in 2016,
2018, 2020 and 2022 for ARVI, respectively
(Table 2). In addition, the Kappa coefficients of
0.83 in 2016, 0.85 in 2018, 0.87 in 2020, and
0.91 in 2022 for NDVI; 0.79 in 2016, 0.80 in
2018, 0.82 in 2020, and 0.86 in 2022 for ARVI
indicated that there were more than substantial
agreements between the classified images and
referenced data (Table 2).

In general, thresholds of NDVI and ARVI

to 2022. Therefore, our study adjusted them to
ensure each land cover map highly accurate as
they would be. These finalized threshold values
were then used to construct a thematic land
cover map for each selected year (Fig. 3). NDVI
and ARVI thresholds for each land cover were
assessed from NDVI and ARVI values and then
selected the final thresholds for land covers
mapping as follows: forest cover (NDVI>
0.452; ARVI> 0.239), non-forest cover (-0.019
<NDVI< 0.452; -0.096 < ARVI < 0.239), and
water bodies (NDVI<-0.019; ARVI<-0.096).

As indicated in Fig. 3 and Table 2, our
findings indicated that using Sentinel-2-dervied
ARVI can be used for monitoring and mapping
spatial-temporal changes in land covers instead
of Sentinel-2-derived NDVI mapping. ARVI-
derived land cover mapping is reliable and
applicable in Lac Duong district, Lam Dong
province. In particular, Sentinel-2 derived
ARVI land cover mapping is suitable for the
tropical mountainous areas like Lam Dong
province. Therefore, this study used ARVI for
land cover mapping and change detection in Lac
Duong district, Lam Dong province.

e e & o s e i
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LULC, forest cover in Lac Duong district:
Based on the thresholds defined from ARVI,
this study estimated the extent of land covers
and mapped the spatial distribution of forest

cover over Lac Duong district from 2016 to
2022 (Table 3). The total extent of land cover is
summarized in Table 3.

Table 3. Extent of land covers and forest cover in Lac Duong district, Lam Dong province (ha)

LULC 2016 2018 2016-2018 2020 2018-2020 2022 2020-2022 22(:)1262-
Forests 1163727 1177359  +1363.2 116579.8 -1156.1 118091.1  +1511.3 +1718.4
Non- 14397.3  12961.8 -1435.5 13994.6 +1032.8 12735.2 -1259.4 -1662.1
Water 398.9 471.2 +72.3 594.5 +123.3 342.6 -251.9 -56.3
Total 131168.9 131168.9 131168.9 131168.9

(+): Land covers gain; (-) Land covers lost; Non- (Non-forest covers); Water (Areas covered by water)

As indicated in Table 4, the extent of forest
cover generally fluctuates from 2016 to 2022.
The largest area of forest cover is recorded at
118091.1 ha in 2022 compared to that of
116372.7 ha in 2016, while the forest cover
significantly increased from 2016 to 2018, then
dropped to 116579.8 ha in 2020.

3.2. Spatial-temporal dynamics of LULC and
drivers of LULC change

Spatial-temporal changes in land covers in
Lac Duong district:

To better understand the drivers of LULC
change in Lac Duong during 2016-2022, the
study calculated the change in land cover each
segmented period of 2016-2018, 2018-2020,
2020-2022. The findings of changes in land
cover are illustrated in Figs. 4 and 5.

As indicated in Figs. 4 and 5, there are
changes in land covers across three segmented
periods over all communes of Lac Duong
district, namely 2016-2018, 2018-2020, 2020-
2022, and whole period of 2016-2022 (Table 3,

2000 T 13632
363.2

1032.8

1000 +

0

Fig. 4). In general, during the whole period of
2016-2022 in Lac Duong district, the net extent
of forest cover has increased by 1718.4 ha.
However, it is a fact that the forest cover in
some communes of Lac Duong has been lost or
converted to other land use purposes, while
other areas have been experienced forest
plantation or recovered during the period of
2016-2022, thus consequently causing an
increase of forest cover extent for the whole
period (Table 3, Fig. 4). In particular, there was
a significant change in land covers during 2018-
2020, which was recorded in all communes of
Lac Duong district, including Da Chais, Da
Nhim, Da Sar, Dung Kno, Lac Duong and Lat
(Fig. 5). In fact, during the period of 2018-2020,
there were 1156.1 ha of forest cover lost due to
the conversion of forest land into other land use
purposes, including non-forest land uses, such
as agricultural land, coffee production, but the
forest cover increased again in the following
period of 2020-2022, about 1511.3 ha.

15113 1718.4
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Fig. 4. Temporal dynamics in land covers in Lac Duong district during 2016-2022
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Fig. 5. Spatial dynamics in land covers in Lac Duong district during 2018-2020 and 2016-2022

Drivers of LULC change in Lac Duong
district:

Historically, the general deforestation and
forest degradation in the Central Highlands
regions, including Lac Duong district, Lam
Dong province have often been associated with
the large migrations of people from the north
coming to populate in these regions (Vu et al.,
2013; Tradal et al., 2017). They are a group of
households that have been encouraged by the
Vietnam Government to migrate and settle this
region over the years (Tradal et al., 2027). In
this study, key drivers of LULC change
identified include the expansion of coffee
expansion, inappropriate PES payments in the
study area, a lack of land for agricultural
production and sustained likelihoods: These
drivers are addressed in the following:

LULC change in association with the
expansion of coffee production: Recent studies
indicated that much of the forest land clearing
in Lac Duong is most likely to be associated
with the communes’ distribution of forest land
for coffee plantations (e.g. Trada et al., 2017;
Nguyen Hai Hoa et al., 2018a and 2018b). The
local authorities have deliberately distributed
forest land certificates for coffee plantations to
relieve the pressure for improved livelihoods, to
give more land, and to encourage the expansion
of coffee production towards areas known as
less vulnerable to the provision of ecological
services (Meyfroidt et al., 2013; Trada et al.,
2017). In fact, the average area per households

in relation to illegal land clearings was recorded
at 0.33, and 0.23 ha in Da Nhim and Da Chais,
respectively during 2000-2014 (Trada et al.,
2017). Our findings have showed that
deforestation or forest cover loss have been
experienced over 6 communes of Lac Duong
district during 2016-2022, including Da Nhim
and Da Chais communes. The total forest cover
lost is estimated at 4173.3 ha during the period
of 2016-2022, while the total forest cover gain
is recorded at 5891.7 ha at the same period, thus
making the total net extent of forest cover
increase by 1718.4 ha (Table 3).

Interestingly, a study by Tradal et al., (2017),
regarding land use to three segments of income
households, the ‘medium’ and the ‘better off’
income households have accessed and
cultivated more land on average than the ‘poor’
households, with 1.47 ha, 1.27 ha vs 0.70 ha,
respectively. This study the terms of the ‘poor’,
and the ‘medium’ households refer to the
household which have 2.7 million VND, 4.4
million VND per person per year, respectively,
while the ‘better off” have more assets and
resources than the ‘poor’ and the ‘medium’
households (Tradal et al., 2017). More
interestingly, on average, 72.8% of the
cultivated land was used for coffee production,
the ‘medium’ households have cultivated the
most land, both in total and coffee production,
while the ‘poor’ have less land than the other
income groups (Tradal et al., 2017). Similarly,
as our findings from in-depth interviews, 90%
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of respondents agree that illegal clearing of
forest land and land transactions are complex
processes. The poorer households are paid by
the richer and more business-oriented
households to clear new land. The land is then
sold to the other coffee producing households.
Our findings are similar to and supported by
previous studies in Lam Dong of Vu et al,
(2013); Tradal et al., (2017).

There are links between LULC change,
including deforestation and forest degradation,
and poverty levels in the Central Highlands of
Vietnam (Ha and Shiverly, 2008; Agergaard et
al., 2009; Meyfroidt et al., 2013). Policy-related
drivers of LULC change in the Central
Highlands might neglect various underlying
factors that drive the coffee production. Some
studies reveal that the coffee economy and land
transactions are strongly related to the
expansion of coffee production, which are
controlled by the business-oriented households
(Ha and Shiverly, 2008; Hosonuma et al., 2012;
Tradal et al., 2017). Notably, other studies also
indicate that the ‘medium’ and ‘better off’
income households have cleared more forest
land for agriculture over the years than the
“’poor’ households (e.g. Meyfroidt et al., 2013;
Tradal et al., 2017). Tradal et al., (2017) also
argue that the linkages between poverty among
the ethnic poor groups and coffee-related forest
encroachment seems to be overrated. Therefore,
they also suggest that more focus of
comprehensive understanding of LULC change
and its management should be expanded beyond
the poverty-environmental relationships. Our
study found that there are strong relationships
between the expansion of coffee production and
deforestation or forest degradation over the
communes of Lac Duong District.

Effectiveness of PFES (Payments for Forest
Environmental Services) implementation and
LULC change: Vietnam’s National PFES pilot
policy was initially started in Lam Dong and
Son La provinces in 2008 (Thuy et al., 2011).
As it started, it has brought significant impacts
on the development of the management

mechanism with local households’ participation
in forest protection and management, income
improvements. A number of studies have
indicated that there are linkages between
income households and land clearing in Lac
Duong district. Our study found that land is the
major limiting factor for agricultural production
and livelihoods, and most our interviewed
households responded to their need of being
supplemented agricultural income with off-
farm sources. A study of Tradal et al., (2017)
showed that both the ‘medium’ and the ‘better
off” households have accessed more diverse set
of off-farm income sources in comparison with
the ‘poor’ ones, who are heavily dependent on
agriculture for their livelihoods and coffee
production. Interestingly, there is a link between
the level of PES payments and households’
expansion of agriculture into forest land (Tradal
et al., 2017; Nguyen Hai Hoa et al., 2018a,
2018b). The study of Tradel et al., (2017) also
found that the ‘poor’ and the ‘medium’
households have received higher PES payments
than the ‘better off” households, indicating that
PES has contributed to reducing income
inequalities in Lac Duong district. In Lac Duong
district, PES payment is more important income
for the ‘poor’ households than the ‘medium’
and the ‘better off’ households. Our study
reveals that the ‘medium’ and the ‘better off’
household cultivate more land for coffee
production, which is similar as the study of
Tradal et al., (2017). For this point, PES has
excluded an important segment of households
that are more capable and more likely to the
expansion of coffee production.

In short, most households in Lac Duong
district need to supplement agriculture income
with off-farm sources. In this study, the main
driver of LULC change and forest
encroachment is found to be related to the
expansion of small-scale coffee production.
Another main driver of LULC change is due to
a lack of land for agricultural production and
livelihoods, while PES implementation has
significantly contributed to an increase of the
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forest cover during the period of 2016-2022 in
Lac Duong district.
4. CONCLUSSION

This study aimed to test the potential of using
Sentinel-2 derived ARVI for land cover, forest
cover mapping compared to NDVI in Lac Duong
district, Lam Dong province. Overall accuracy
assessments of ARVI-based land cover mapping
are calculated from 88.9% (in 2016) to 92.0% (in
2022) with Kappa coefficients of 0.79 and 0.86,
respectively. The comparison between Sentinel-
2 derived NDVI and ARVI for land cover
mapping indicated that ARVI has performed
well in land covers mapping in Lac Duong
district. The Sentinel-2 time series were therefore
used to generate spectral-temporal changes in
land covers based on ARVI thresholds. Our
study suggests that ARVI can be used to monitor
and detect changes in land covers, especially in
deforestation and forest degradation detection in
the tropical and mountainous regions of
Vietnam.

Our estimation of land cover and forest cover
change shows that the forest cover in Lac Duong
increased by 1718.4 ha from 2016 to 2022, while
non-forest cover reduced by 1662.1 ha at the
same period. Conversely, during period of 2018-
2020, the extent of forest cover reduced by
1156.1 ha, whereas non-forest cover increased
by 1032.8 ha. Main drivers of LULC change,
including forest cover change is the expansion of
coffee production, PES policy implementation,
and a lack of agricultural production and
sustained likelihoods. Therefore, more focus of
comprehensive understanding of LULC
change and its management should be
expanded beyond the poverty-environmental
relationships.
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SU DUNG CHI SO THUC VAT KHANG KHi QUYEN PE PHAT HIEN
THAY POI THAM PHU RUNG TAI HUYEN LAC DUONG,
TINH LAM PONG

Pinh Cao Phi'2, Nguyén Hai Hoa!"
"Vietnam National University of Forestry
*Vuon Quéc gia Bidoup Niii Bd, tinh Lam Pong

TOM TAT

Nghién ciru danh gia kha ning sir dung chi s thuc vt khang khi quyén (ARVI) dya vao dit liéu anh vién tham
Sentinel-2 dé 1ap ban d6 16p phu rimg so v6i chi s NDVI tai huyén Lac Duong, tinh Lam DPdng. Két qua cho
thdy do chinh x4c tong thé ciia ban dd 16p phu rimg dua vao chi s6 ARVI tir 88,9% (nim 2016) dén 92,0% (ndm
2022) voi hé sb Kappa tuong tmg 1a 0,79 va 0,86. So sanh két qua ban dd 16p phu giira chi s6 NDVI va chi s6
ARVI tir anh Sentinel-2 cho thdy ARVI thé hién két qua tét tai huyén Lac Dwong. Do viy, tu lidu anh Sentinel-
2 da thoi gian trong nghién ctru su thay d6i hoat dong sir dung dét, 16p phu rimg dua trén ngudng chi sb ARVI
¢6 thé sir dung cho khu vuc nghién ctru. Dién tich dat che phu béi rimg tai huyén Lac Duong ting thém 17184
ha tir nam 2016 dén nam 2022, trong khi d6 che phu boi dbi twong khac lai giam xudng 1662,1 ha trong cting
giai doan nghién ctru. Nguoc lai, trong giai doan 2018-2020, di¢n tich che phu boi ring gidm 1156,1 ha, dién
tich che phu boi d6i twong khac ting 1032,8 ha. Nghién ctru di x4c dinh cac nguyén nhan chinh din dén sy thay
d6i hoat dong sir dung dét trong giai doan 2016-2022, bao gdm viéc md rong hoat dong san xuat ca phé, thuc
hién chinh sach chi tra dich vu méi truong, thiéu dat cho san xut néng nghiép va kha ning duy tri sinh ké bén
vitng. Nghién ctru dé xudt chi sé ARVI c6 thé dugc sir dung dé theo ddi va phat hién nhitng thay ddi cua 16p phi
mit dat, dic biét trong phat hién mat rimg va suy thoai rimg & cic ving nhiét d6i, mién nui ciia Viét Nam, trong
d6 co tinh Lam Pong. Nén cac nghién ciru tap trung danh gid moi quan hé vé sy thay ddi hoat dong sir dung dat
v6i hoat ddng quan 1y ngoai cac nhan t& d6i nghéo va méi trudng lién quan dén ching.

Tir khéa: Che phi dit, chi s6 NDVI, chi sé thie vat khang khi quyén (ARVI), Lac Dwong, sir dung dt.
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