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Abstract. Bao TQ, Thi NV, Doanh LS, Duan PV, Khang LN, Cuong NT, Hieu BT, Mai DTT, Tuyen DV. 2022. The method of forest
change detection using Sentinel-2 optical satellite imagery and Sentinel-1 radar imagery: A case study in Dak Nong Province, Vietnam.
Biodiversitas 23: 4800-4809. This study presents the findings of forest change detection in Dak Nong Province, Vietnam by combining
the NDVI of Sentinel-2 satellite imagery and the backscatter (BKS) values of VH and V'V polarizations from the first quarter of 2020 to
the first quarter of 2021 and using the combination model of BKS and NDVI (CMB) to determine the NDVI and Backscatter Change
Index (NBCI) between the two periods, which were processed and analyzed in Google Earth Engine. The verification results on 270
samples for all 3 indices show that the results of forest loss detection using NBCI index, NDVI index, and BKS index reach 93.3%,
83.3% and 73.3%, respectively; the results of identifying the areas with no forest change using NBCI index, NDVI index, and BKS
index achieve 97.8%, 92.2% and 83.3%, respectively; the results of forest increase detection using NBCI index, NDVI index, and BKS
index reach 90.0%, 85.6% and 68.9%, respectively. The NBCI index for Dak Nong Province indicated that during the study period, the
the province lost 1,198.9 hectares forest area, whereas it gained 871.3 hectares of the same.
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INTRODUCTION

Nowadays, the detection of changes in plant cover in
general and forest cover in particular is frequently done
using remote sensing and GIS technology. In addition,
optical satellite imaging and ultra-high frequency data,
commonly referred to as radar data, are two frequently used
data types.

Due to the stability, consistency, and usability of the
data, optical remote sensing, which was developed fairly
early, offers a vast amount of information for assessing
changes in land use. For instance, since 1972, Landsat
images, since 1983, Landsat Thematic Mapper, since 1980,
SPOT photos, since 1980, and since 1999, MODIS images
have been widely utilised. The studies on a regional or
national level often use satellite imagery with medium or
high spatial resolution (for example, less than 100 m), such
as Landsat or SPOT (Homer et al. 2007; Morton et al.
2011; Criffiths et al. 2014); however, with the
advancement of computing and data processing
capabilities, even global analysis can also be done using
these data (Hansen et al. 2013). Global land-cover mapping
programs often use data with a lower spatial resolution (>
250 m), such as “Medium Resolution Imaging
Spectrometer (MERIS) for Global Cover” data (Bezy et al.
1997), “SPOT Vegetation for the Global Land Cover 2000”
dataset (Bartholomé et al. 2005), “AVHRR for the
University of Maryland Global Land Cover Classification

(Hansen et al. 2010), or “MODIS global land cover
product” (Friedl et al. 2010). Nowadays, there are a lot of
studies mentioning multi-temporal data analysis of optical
data (Griffiths et al. 2012; Estel et al. 2015) or combined
with spatially specific statistical data (Reddy et al. 2015),
using a large volume of freely available optical data,
especially those of Landsat (Hansen et al. 2013; Kovalskyy
and Roy 2013; Roy et al. 2014). The time series analysis
allows to capture the entire change process compared with
traditional multi-temporal image analysis (Hostert et al.
2015), as well as fill the gaps covered by clouds (Santos et
al. 2019; Oehmcke et al. 2020).

The use of ultra-high frequency remote sensing
technology for mapping land cover is not as common as
optical remote sensing; it has only started to be employed
in the last decade. Remarkably, the data from SAR systems
such as “Spaceborne Imaging Radar — C/X-Band Synthetic
Aperture Radar (SIR-C/X-SAR)”, “European Remote
Sensing (ERS-1 and -2)”, “Advanced Synthetic Aperture
Radar (ASAR)”, “Japanese Earth Resources Satellite
(JERS-1)”, “RADARSAT-1 and -2”, “Advanced Land
Observation Satellite (ALOS-1)”, etc., are commonly used
and applied to the regional scale while very few studies
address global-scale mapping (Shimada et al. 2014). On the
other hand, there are a lot of studies on land-cover,
including improvement of land-cover classification (Cable
et al. 2014; Ryan et al. 2014), forest cover classification
(Devaney et al. 2015; Ningthoujam et al. 2016), grassland
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monitoring (Dusseux et al. 2014), assessment of forest
degradation (Griffiths et al. 2012; Ryan et al. 2014), forest
loss detection (Whittle et al. 2012), forest succession (Ryan
et al. 2014). Similarly, specific studies on land use also
focus on a variety of topics, such as urban land-use analysis
(Wu et al. 2015; Stumpf et al. 2021), agricultural land use
classification (Bargiel and Herrmann 2011), mapping and
monitoring specific crops (Bouvet and Le 2011; Joshi et al.
2016; McNairn and Shang 2016).

Radar data is increasingly being used in combination
with optical data to improve crop classification (Pereira et
al. 2013; Joshi et al. 2016) and land management mapping
(Stefanski et al. 2014; Ngo et al. 2020). Combining optical
and radar satellite images in forest monitoring gives better
results than using these data types separately (Thenkabail
2015; Hirschmugl et al. 2018). The classification result
reaches up to 88% if using both ALOS/PALSAR and
ALOS/AVNIR-2 while it is 77% if only using
ALOS/AVNIR-2 (Hoan et al. 2012). If the data of Sentinel-
1 and Sentinel-2 are combined, the classification result of
land use and land cover in the Eastern Brazilian Amazon is
up to 91.07%, while it is only 89.53% if only using
Sentinel-2 data. Sentinel-1 data also needs to be applied
more in forest surveys and monitoring in tropical zones
(Tavares et al. 2019)

The advantages and drawbacks of optical and radar
remote sensing, as well as the trend and potential for
merging these two forms of data in land cover mapping and
monitoring of land cover change, have all been
demonstrated in both local and international research. To
identify the regions of clear-cut forest throughout the
province in the case study in Dak Nong, we used Sentinel-2
optical satellite images with Sentinel-1 radar satellite
images. The study's findings will help improve the
theoretical and practical foundations for using remote
sensing technology to monitor changes in forest resources
in Dak Nong Province and other regions with comparable
conditions, enhancing the effectiveness of forest resource
management and protection.

MATERIALS AND METHODS

Research materials

Sentinel-2 data (with a cloud coverage percentage of
less than 30%) and Sentinel-1 data were utilised in this
study. The data were separated into two periods, the first
(Kt) covering the period from January 1 to March 31, 2020,
and the second (Ks), covering the period from January 1 to
March 31, 2021. The Sentinel-1 data was collected from
Google Earth Engine
(ee.ImageCollection(‘COPERNICUS/S1_GRD”)) and
processed to Level-1C with calibration and conversion of
scattering value to decibels. This work combined the NDVI
of Sentinel-2 images with descending and ascending data
with VH and VV polarizations. Sentinel-2 data was also
collected from Google Earth Engine
(ee.ImageCollection(‘COPERNICUS/S2_SR’)) and
processed to Level-2A with atmospheric and geometric
corrections.
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Data processing method
Cloud removal in Sentinel-2 optical imagery

This study used cloud masking with multi-temporal
images using offset method, where cloud-free areas in one
image was used to replace cloudy areas in another image at
the same location (Dial et al. 2003; Gomez-Chova et al.
2017) using the cloud detection algorithm integrated on the
Google Earth Engine (GEE) based on the “QA60” band.
After removing clouds, all bands of all images in the
selected time series were merged using the median()
function in the GEE to create a cloud-free image.

Sentinel-1 data processing

First, the combined data (AD) between the Ascending
data and Descending data was created using the merge()
function for each polarization: VH (vhAD) and VV
(vwAD), then an average data (tbAD) was created between
vhAD and wAD with the formula: tbAD=(vhAD +
VAD)/2. Finally, the focal median value (comAD) of the 3
newly-created data was calculated using the focal_median()
function: comAD =
ee.Image.cat([vhAD,wAD,thAD]).focal_median().

Calculating the indices

Normalized Difference Vegetation Index (NDVI) was
calculated from 2 spectral bands, including NIR (near-
infrared) and RED (red) according to the formula:

NIR-RED
NIR+RED 1)

NDVI =

Applying the formula (1) to calculate NDVI for K; and
Ks images will get NDVI; and NDVIs. The NDVI of the
Sentinel-2 satellite image is calculated in the GEE using
the normalizedDifference() function with two bands, B8
and B4.

Sentinel-2’s NDVI index and Sentinel-1’s backscatter
value (BKS) were combined together (CMB) through the
formula:

CMB = (NDVI+ —)/2 @

The formula (3) is rewritten as follows:

NDVI+BKS—1
C(MB = — & ?3)
Because the BKS has a negative value, to be able to
take the average value equivalent to NDVI, BKS is added a
negative sign and inversed its value, that is, 1 divided by
BKS, and adding a negative sign in front of the new value.
When using this transformation, the new value will be
covariate with the NDVI. The nature of formula (3) is the
result of reducing fractions to a common denominator in
order to make calculations more convenient in the GEE.
The formula (3) was applied to calculate CMB; and
CMB; based on the NDVI and scattering value of the first
period and second period.
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NDVI and Backscatter Change Index (NBCI) is the
percentage (%) between CMB; and CMB;, and was
calculated using the following formula:

CMB;—CMB;

NBCI = x100%

(4)

Change threshold: When the NBCI is in the range
around 0, which is known as the stable threshold (NV - No
change Value), a forest is said to be stable. The NBCI
below NV is known as the Reduce Value (RV), which
corresponds to a reduction in forests, and the NBCI above
NV is known as the Increase Value (IV), which
corresponds to an increase in forests. The findings of
experimental study using 90 samples were used to
determine the values of NV, RV, and IV (30 actual samples
with No change Value, 30 actual samples with Reduce
Value, and 30 actual samples with Increase Value).

Identifying the areas of forest loss

After determining the change threshold, the NBCI
images were reclassified according to the RV, NV and IV
values. (i) The RV range was replaced with the value -1
(reduced change). (ii) The NV range was replaced with the
value 0 (no change). (iii) The IV range was replaced with
the value 1 (increased change).

The result of the reclassification is a raster containing
the values 0 and 1. This raster was superimposed with the
forest cover map of the first period to determine the areas
of forest reduction. The changed areas on the reclassified
raster that were outside the boundary of the 3 forest types
or within the boundary of the 3 forest types but the status

Sentinel-2

Sentinel-1
K;(comAD)
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quo was not forest was removed from the calculation
results.

The whole research method is briefly described by the
following diagram Figure 1.

RESULTS AND DISCUSSION

Cloud-masking results on Sentinel-2 satellite imagery

A series of photos with less than 30% cloud coverage
underwent cloud masking in the GEE, resulting in the
development of Sentinel-2 Kt and Ks images from 59 and
57 image sessions, respectively. The findings of the
detection of forest change throughout the entire boundary
of Dak Nong Province were unfalsified since the removal
of the clouds had very little impact on the NDVI value.

To assess the possibility of using a set of images to
create a cloud-free image in forest change detection,
spectral value analysis for each band on the images of each
observation period were conducted, whose results are
presented in Table 1.

Table 1 shows that the statistical indicators of the
bands’ spectral values on the images after cloud masking in
the first and second periods to be similar; especially, the
spectral mean and the standard deviation between the
respective bands of each observation period were the same.
This result showed that it is appropriate to use composite
images after cloud masking between two observation
periods to compare the change in spectral values based on
NDVI index (to combine with other factors) (Figure 2).

Sentinel-2

Sentinel-1
Ks(comAD)

Figure 1. Process diagram for the study of forest change detection in Dak Nong Province, Vietnam using Sentinel-2 optical satellite
imagery and Sentinel-1 radar imagery. CMB: Combination Model of Backscatter and NDVI; comAD: Combination of Sentinel-1
Ascending and Descending data; 1V: Increase Value; NBCI: NDVI and BKS Change Index; NV: No change Value; RV: Reduce Value
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Figure 2. A. Sentinel-2 image in the first period (after cloud masking), B. Sentinel-2 image in the second period (after cloud masking)

Table 1. Analysis of histogram values

Indicators First period Second period
Red Green Blue NIR Red Green Blue NIR
Minimum 0.03 0.04 0.07 0.04 0.03 0.04 0.06 0.04
Maximum 0.43 0.36 0.33 0.42 0.54 0.46 0.46 0.45
Medium 0.07 0.09 0.10 0.11 0.07 0.09 0.09 0.14
Standard deviation 0.03 0.01 0.01 0.02 0.02 0.01 0.01 0.03

Calculation results of indices

The NDVI was calculated using the formula (1) for
each single image after cloud removal, and then combined
with each other using the median() function in the GEE in
order to create NDVI raster for each observation period.
Thus, NDVI; was generated from 59 component NDVI,
and NDVIs were generated from 57 component NDVs.

Sentinel-1 scattering data of the first period was
generated from 35 scans, and that of the second period was
generated from 37 scans using the median() function in the
GEE. The combined data between the NDVI and the
scattering value were combined according to formula (3).
The NDVI and Backscatter Change Index (NBCI) was
calculated using formula (4).

Table 2 shows that the values of the indices in the first
and second periods had a high similarity. This allows to
compare the change in value between two observation
periods at a certain location. Statistical analysis showed a
significant difference among the NBCI, the BKS, NDVI
and CMB. A very high standard deviation reflects large
difference between values, which means that it is possible
to distinguish forest increase and decrease by using the
NBCI when a specific threshold is determined.

Determining the change threshold

The change threshold was determined on 90 actual
samples for the NDVI, backscatter (BKS), and NDVI and
Backscatter Change Index (NBCI), results of which are
shown in Figure 7.

For NBCI the Reduce Values ranged from -129.42 to -
34.78 and were mainly concentrated between -99.66 to -
56.77; the No change Values ranged from -48.45 to 45.89
and were highly concentrated between -13.98 to 17.32; the
Increase Values ranged from 40.30 to 92.99 and were
mainly concentrated between 46.40 to 79.74. For NDVI the
Reduce Values ranged from -85.18 to -27.60 and were
mainly concentrated between -79.90 to -52.76; the No
change Values ranged from -36.25 to 41.73 and were
highly concentrated between -17.64 to 26.87; the Increase
Values ranged from 29.80 to 89.27 and were mainly
concentrated between 54.99 to 79.93. For BKS the Reduce
Values ranged from 38.25 to 126.69 and were mainly
concentrated between 81.27 to 98.18; the No change
Values ranged from -49.16 to 47.78 and were highly
concentrated between -23.26 to 24.79; the Increase Values
ranged from -87.76 to -31.28 and were mainly concentrated
between -69.96 to -48.86.
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Table 2. statistically analyzes the indices to assess the change between two observation periods
. BKS NDVI CMB
Indicators BKS; BKS: NDVI, NDVI, CMB; CMB NBCI
Minimum -29.22 -29.05 -0.50 -0.51 -4.29 -4.30 -100,049.00
Maximum 7.77 8.17 0.84 0.85 2.11 2.12 1,062,818.00
Medium -16.18 -15.95 0.52 0.53 0.29 0.30 5.78
Standard deviation 2.79 2.74 0.18 0.17 0.09 0.09 1,336.88

comAD

11.9742

A

B

Figure 3. A. comAD in the first period (minimum: -29.048; maximum: 11.9742), B. comAD in the second period (minimum: -28.936;

maximum: 9.70426)

Figure 4. A. NDVI in the first period (minimum: -0.253231; maximum: 0.847095), B. NDVI in the second period (minimum

NDVI
0.847085

0.296961; maximum: 0.845317)

NDVI
0.845317
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Combination
3.15334

-4.99051

A
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Combination
3.11940

-4.960543

B

Figure 5. A. Combination in the first period (minimum: -4.99051; maximum: 3.15334), B. Combination in the second period

(minimum: -4.960543; maximum: 3.1194)

Change Index
422594

-35,328.70

Figure 6. Change Index (minimum: -35328.7; maximum: 4225.94). The dark spots are the areas with high Reduce Value (RV), the
bright spots are the areas with high Increase Value (1V), the rest are the stable areas (No change Value - NV)

Thus, the Increase Values, No change Values, and
Reduce Values of the indices all have interference in a
certain range; therefore, the forest increase/decrease
threshold was determined as the median of the values in the
interference range (Table 3, Figure 6).

The forest change detection threshold for each index is
displayed in Table 3. For NBCI, it was observed that the
forest area was stable between -40.89 and 44.56; values
lower than -40.89 indicated a forest loss, while values

higher than 44.56 suggested an increase in the forest area.
About NDVI, it was observed that the forest area was
stable between -31.67 and 36.14; values lower than -31.67
indicated a loss of forest, while values higher than 36.14
showed an expansion of the forest. Finally, for BKS, it was
found that the forest area was stable between -40.57 and
42.38; values lower than -40.57 indicated an increase in
forest area, while values higher than 42.38 suggested a
decrease in forest area.
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Forest change detection

The classification threshold in Table 1 for each NBCI,
NDVI, and BKS index was used to create forest change
rasters. In these rasters, the pixels with values of -1
represent locations where the forest has been lost, 0
represent stable locations, and 1 represent locations where
the forest has increased. To exclude pixels beyond the
planning of the three forest types, these forest change
rasters were integrated with the province of Dak Nong's
forest cover map in 2021. The results from the NBCI index
detected 4512 locations of forest loss, 12153 stable
locations, 3544 locations of forest increase; the NDVI
index detected 5031 locations of forest loss, 12655 stable
locations, 4028 locations of forest increase; and the BKS
index detected 6037 locations of forest loss, 12444 stable
locations, and 4923 locations of forest increase.

Based on the results field verification were carried out
with random sampling of 90 locations of forest loss, 90
stable locations, and 90 locations of forest increase to
determine the percentage of correct detection (Table 4).

Table 4 shows that the NBCI have highest ability of
forest change detection, and the BKS being the lowest. The
ability of forest loss detection, the ability of forest stability
detection, and the ability of forest increase detection by
NBCI reached 93.3%, 97.8% and 90.0%, respectively.

The results of forest change statistics detected by the
NBCI index showed that from the beginning of 2020 to the
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beginning of 2021, the whole province lost 1,198.9
hectares of forest area, while the increase in areas of forest
was 871.3 hectares, and 282,364.0 hectares had no change.
Specific details are as show in Table 5.

Table 5 shows that the area of forest loss is mainly
concentrated in Tuy Duc District (605.7 ha, accounting for
50.5% of the total area of forest loss in the province), of
which: 557.7 ha of planted forest, 28.0 ha of natural forest.
Gia Nghia town had the least area of forest loss, only 15.3
ha, including 14.8 ha of planted forests and 0.5 ha of
natural forests. The remaining districts had the area of
forest loss from 77.8 ha to 112.7 ha, mainly planted forest.

The highest increase in forest area was in Dak Song
District with 325.0 ha (accounting for 37.3% of the total
area of forest increase of the whole province), and Gia
Nghia town had the least increase in forest area, only 4.6 ha
(accounting for 0.5% of the total area of forest increase of
the whole province). Forest area also increased in Tuy Duc,
Dak Glong and Krong No Districts with the area of 226.2
ha, 123.1 ha and 107.8 ha, respectively (accounting for
26.0%, 14.1% and 12.4% change in forest cover). In the
remaining districts, the forest area increased only about
11.4-60.4 ha. The increase in forest area was mainly
attributed to the reforestation after the exploitation of
production forests.

NBCI (%) NDVI (%) BKS (%)
ERV ENV BV ERV ENV BV ERV ENV BV

150 150 150

100 100 100
T
] X

=0 m =0 =0
L

0 0 0

-50 -50 * -50

-100 -100 -100

-150 -150 -150

A B C

Figure 7. A. Change threshold for NBCI, B. Change threshold for NDVI, C. Change threshold for BKS

Table 3. Table showing forest change detection thresholds for NBCI, NDVI and BKS along with their interference range

Values in the interference range

Increasing/ reducing threshold

Indices Reduce Value — No change Value No change Value - Increase Value Reduce Value Increase Value

NBCI -45.80; -42.63; -40.89; -40.39; -37.96; 41.17; 44.84; 45.57; 45.89; 40.30; -40.89 44.56
-35.33; -34.78; -48.45; -47.96; -45.04; 41.74; 41.85; 44.56; 45.46
-42.43; -38.71; -34.95

NDVI  -32.46; -31.52; -30.58; -27.60; -36.25; 35.77; 36.75; 36.76; 41.73; 29.80; -31.67 36.14
-35.96; -33.96; -31.67; -30.44 32.82; 34.24; 35.85; 36.43; 39.37

BKS 38.25; 42.38; 46.28; 47.05; 33.78; 34.87;  -49.16; -45.94; -40.57; -38.32; -35.36; 42.38 -40.57

37.70; 42.88; 47.78

-48.86; -44.69; -41.72; -40.93; -39.15;

-37.38; -35.72; -31.28
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Table 4. Field verification results

Number of locations

No. Index Change Number of locations verified - . %
with correct detection
1 NBCI Forest loss 90 84 93.3
Forest stability 90 88 97.8
Forest increase 90 81 90.0
2 NDVI Forest loss 90 75 83.3
Forest stability 90 83 92.2
Forest increase 90 77 85.6
3 BKS Forest loss 90 66 73.3
Forest stability 90 75 83.3
Forest increase 90 62 68.9

Table 5. Results of analysis of forest change using the NBCI index

No. Districts Total area Forest loss Forest stablity Forest increase

1 Cu Jut District 39,963.3 112.7 39,839.1 114

2 Dak Glong District 77,623.3 87.6 77,412.6 123.1

3 Dak Mil District 22,026.5 102.7 21,911.0 12.8

4 Dak R'Lap District 26,852.7 95.9 26,696.4 60.4

5 Dak Song District 26,960.7 77.8 26,557.8 325.0

6 Gia Nghia District 2,9914 15.3 2,971.6 4.6

7 Krong No District 27,3974 101.1 27,1884 107.8

8 Tuy Duc District 60,619.0 605.7 59,787.1 226.2
Total 284,434.2 1,198.9 282,364.0 871.3

Figure 9. Satellite images before (A) and after (B) forest stability— Results detected by the NBCI index
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Figure 10. Satellite images before (A) and after (B) forest increase — Results detected by the NBCI index

Discussion

When combining the backscatter value of Sentinel-1
satellite data with the NDVI index of Sentinel-2 satellite
images, forest change detection in Dak Nong Province
achieved higher accuracy than just using Sentinel-1 data or
Sentinel-2 data. In this study, a combination of VH and VV
polarizations was used in both Descending and Ascending
dimensions of Sentinel-1 satellite data, which greatly
increased the accuracy of forest change detection in Dak
Nong Province. The use of multi-polarization with a two-
dimensional scan has significantly reduced the influence of
terrain (especially sloping terrain) and helped maximum
observation of the surface in both directions. Radar data
can analyze the surface structure of vegetation cover
(Szigarski et al. 2018) and scattered forest areas more
strongly than bare land areas. One limitation of this data is
that it is difficult to detect whether the area is rich in
vegetation or not; therefore, the combination with the
NDVI index of the Sentinel-2 satellite imagery will support
the analysis of changes in vegetation cover in general and
forest cover in particular (Addabbo et al. 2016; Carrasco et
al. 2019). The results of this study are also consistent with
the study of (Tavares et al. 2019), which used both these
types of data to classify the vegetation cover and achieved
an accuracy of up to 91.07%.

In conclusion, the study uses Sentinel-2 optical satellite
imagery and Sentinel-1 radar imagery to analyze the forest
changes in Dak Nong Province in the first quarter of 2020-
2021. The NBCI value was better than the NDVI and the
BKS approach in forest change detection, in which forest
loss detection reached 93.3%, forest gained detection was
at 90%, and the detection of stability forest was at 97.8%.
Following the NBCI index for Dak Nong Province, forest
loss was 1,198.9 hectares of forest area, whereas forest gain
was 871.3 hectares. The largest forest loss mainly occurred
in the Tuy Duc District, around 50% of the total forest loss
in Dak Nong Province. The largest forest increase was in
Dak Son District, around 37% of the total area forest
increase of the whole province. The NBCI index for Dak
Nong Province indicated that during the study period, the
province lost 1,198.9 hectares of forest area, whereas it
gained 871.3 hectares of the same. For the change

threshold, the NBCI and BKS index had similar stable
thresholds ranging from -40.89 to 44.56 and from -40.57 to
42.38, respectively. The NDVI index had a stable threshold
ranging from -31.67 to 36.14. Because of cloud cover in
the rainy season, using optical satellite images to detect
forest loss in tropical areas in a short period is often
difficult. Therefore, detecting deforestation requires a
series of optical satellite images over a long enough time to
filter clouds. Therefore, this result can be applied to assess
forest cover changes over five years or more, giving more
accurate results than annual or monthly monitoring.
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