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Land use and land cover (LULC) conversion has become a chronic problem in
Nan province. The primary factors of changes are lacking arable land,
agricultural practices, and agriculture expansion. This study evaluated the
usefulness of multi-sensor Landsat-5 (LS5), Landsat-8 (LS8), Sentinel-1 (S1),
and Sentinel-2 (S2) satellite data for monitoring changes in LULC in Nan
province, Thailand during a 30-year period (1990-2019), using a random forest
(RF) model and the cloud-based Google Earth Engine (GEE) platform.
Information of established land management policies was also used to describe
the LULC changes. The median composite of the input variables selection from
multi-sensor data were used to generate datasets. A total of 36 datasets showed
the overall accuracy (OA) ranged from 51.70% to 96.95%. Sentinel-2 satellite
images combined with the Modified Soil-Adjusted Vegetation Index (MSAVI)
and topographic variables provided the highest OA (96.95%). Combination of
optical (i.e., S2 and LS8) and S1 Synthetic Aperture Radar (SAR) data expressed
better classification accuracy than individual S1 data. Forest cover decreased
continuously during five consecutive periods. Coverage of maize and Para rubber
trees rapidly expanded in 2010-2014. These changes indicate an adverse
consequence of the established economic development promoted by industrial
and export agriculture. The findings strongly support the use of the RF technique,
GEE platform and multi-sensor satellite data to enhance LULC classification
accuracy in mountainous area. This study recommended that certain informative
and science-based evidence will encourage local policymakers to identify priority
areas for land management and natural resource conservation.

1. INTRODUCTION

Land use and land cover (LULC) are changing
globally as a result of human activity and land
development. In Thailand, LULC changes affect local
communities. Accurate, timely, and reliable spatial
and temporal information on LULC in mountain areas
is crucial, but the information are still lacking.
Thailand is often under heavy cloud cover and
experiences frequent precipitation. Such weather
conditions can affect utilization of optical satellite data
in LULC monitoring by reducing image quality. In
addition, the optical satellite data sets such as
LANDSAT, Satellite Pour I’Observation de la Terre
(SPOT), or Moderate Resolution Imaging

Spectroradiometer (MODIS) contain limitations. As
data acquisitions over the country could be
accomplished only a few days per year. Taken
together, timely LULC analysis is limited when the
single optical sensor data is used.

There has been increasing interest in synthetic
aperture radar (SAR) remote sensing, which is
sensitive to vegetation structure and can be applied
under all weather and environmental conditions
(Dobson et al., 1992). However, SAR data has not
been widely used for LULC monitoring in Thailand
due to the difficulty of image processing operation
when compared with optical sensor data. Increasing
understanding of the utility of SAR images helps
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driving operational LULC monitoring. Recently, earth
observations produce a variety of data across spatial
and temporal extents and resolutions. It is desirable to
use multi-source data in order to extract LULC
information. Therefore, multi-source data can provide
superior classification results and fulfill the gaps in
data acquisition from single sensor data (Richards,
2012). On the other hand, no study in Thailand has
reported the effects of different input variables
selecting from multi-sensor satellite data on the
accuracy of LULC classification.

Currently, numerous image classification
techniques based on remote sensing data were
established to improve the accuracy of LULC
classification. One of the most robust and generally
used techniques of supervised classification
techniques for LULC monitoring is Random forest
(RF) (Gislason et al., 2006). RF is an ensemble
classifier based on bagging to construct many
individual decision trees, which is a powerful
nonparametric statistical model used to handle non-
linear relations. RF is a versatile and smart machine
learning technique that can perform both regression
and classification tasks using a multitude of decision
trees and a statistical technique to produce more
accurate and stable predictions (Biau and Scornet,
2016). Compared to other classifiers such as
Maximum Likelihood Classification (MLC), Artificial
Neural Network (ANN) and Support Vector Machine
(SVM), the advantages of RF are processing
efficiency on large and multi-source data sets,
handling a large number of input variables without
variable deletion, and requiring less time for model
training (Belgiu and Dragut, 2016). Thus, RF is the
most frequently used algorithms for satellite image
processing over the last 10 years, particularly LULC
classification (Rodriguez-Galiano et al., 2012; Balzter
et al., 2015; Chakraborty et al., 2016).

To manage multi-sensor datasets at the regional
scale, Google Earth Engine (GEE) has been
increasingly used in LULC studies in recent years
(Amani et al., 2020; Tamiminia et al., 2020). GEE isa
free cloud computing platform using JavaScript code
for planetary-scale geospatial analyses; it is useful for
storing and processing large datasets (Gorelick et al.,
2017). GEE provides massive volumes of global time-
series satellite images, such as daily MODIS data,
Landsat archives dating back to the early 1980s, and
Sentinel-1 (S1) and Sentinel-2 (S2) images (Kumar
and Mutanga, 2018). Multi-temporal Landsat data
were applied to generate LULC maps using machine
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learning classifier through GEE platform, which
showed a consistent and effective overall
classification. The result achieved mapping accuracy
of greater than 70% (Tsai et al., 2018). In Thailand,
GEE is not widely used for operation LULC
classification. Therefore, using multi-sensor satellite
data and GEE platform is being challenged for robust
operational long-term LULC monitoring over the
country.

The objective of this study was to evaluate
LULC changes in Nan province from 1990 to 2019
using multi-sensor satellite data. A Random forest
(RF) classifier was used in conjunction with the GEE
platform. Furthermore, the changes in LULC in
relation to established land management policies in the
province over the last 30 years were revealed.

2. METHODOLOGY
2.1 Study area

The study area is located in Nan province,
Thailand (Figure 1), in the easternmost part of
Northern Thailand (central coordinates: 100°46'
44.36" E, 18°47'1.61" N), and is bordered by Lao
PDR. Nan consists of 15 districts and 99 sub-districts,
covering a total area of 12,142.12 km?. According to
the Koppen-Geiger climate map, the region has a
tropical savanna climate (Aw) (Peel et al., 2007) with
an annual average temperature of around 27°C and
average precipitation of around 1,000-1,200 mm per
year. The most notable characteristic of the province
is its mountain area (87.2%; 600-1,200 meters above
mean sea level), which has an average slope of >30%.
Nan is flat only in its central valley region, which
covers 12.8% of the study area. The dominant forest
ecosystems include mixed deciduous forest, evergreen
forest, and dry dipterocarp forest. The population of
the province was 476,727 in 2020; the main
employment sector is agriculture (92.84%) (The
Bureau of Registration Administration, 2020).

2.2 Data acquisition

2.2.1 Satellite datasets and
variables

This study used multi-sensor satellite data,
including S1, S2 MSI S2, Landsat-5 TM (LS5), and
Landsat-8 OLI (LS8) images taken over Nan province
during 1990 to 2019. These images were selected
according to availability on the GEE platform, which
covered the study period. The input selected bands of
the satellites are given in Table 1. All satellite images
were acquired throughout the growing season to

topographic
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eliminate the influence of seasonal variations in
vegetation. In addition, topographic variables
consisting of elevation and slope maps were derived
from 30-m spatial resolution Shuttle Radar
Topography Mission (SRTM) digital elevation models
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(USGS) website (http://earthexplorer.usgs.gov/) and
integrated into the cloud-based GEE platform.
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Figure 1. Map of the study area in Nan Province, Thailand. Ground observation map in 2019 (left), elevation map (top right), and

administrative boundary map (bottom right).

Table 1. Summary of satellite datasets used in the analysis

Satellite Data characteristics
Sensor Resolution (m) Band/Mode Acquisition

Landsat-5 TM Optical 30 Visible (band 1 - 3) 1990, 1998, 2007, 2010
NIR (band 4)
SWIR (band 5)

Landsat-8 OLI Optical 30 Visible (band 2 - 4) 2014, 2019
NIR (band 5)
SWIR (band 6)

Sentinel-2 MSI Optical 10, 20 Visible (band 2 - 4) 2019
NIR (band 8)
SWIR (band 11)

Sentinel-1 GRD SAR 10 Dual polarization 2014, 2019

(VV and VH)

2.2.1 Ground observations and training data
Ground observation data were collected during
the growing season in 2019. In-situ data consisting of

digital photographs, longitudes, latitudes, and detailed
descriptions of the LULC classes were obtained
through ground observations. Six major LULC classes
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including agricultural land, built-up area, forest, Para
rubber trees, maize, and water were utilized in this
study. Additionally, regions of interest (ROIs) for each
LULC class were delineated by visual interpretation of
high-resolution Google Earth images, based on
advanced knowledge of LULC data acquired through
past and ongoing fieldwork (Liu et al., 2018;
Sarzynski et al., 2020). Training using an RF classifier
and accuracy assessments of LULC maps were
conducted using ground observation and ROI data.

2.3 Random forest classification based on Google
Earth Engine

2.3.1 Satellite image pre-processing

For optical images pre-processing, LS5, LS8,
and S2 surface reflectance images were retrieved from
GEE repository. All selected satellite data were
calculated for the median image of each study year,
which was clipped to the study area boundary. The
study area located in the mountain area, where it is
subject to cloud cover conditions. Cloud and cloud

Table 2. Specifications of the spectral indices

shadow masking operation using pixel quality
assurance band from Landsat surface reflectance
images generated from the C programming language
implementation of Function of Mask (CFMask)
algorithm, was performed to overcome this obstacle
(Foga et al., 2017). Meanwhile, the QA60 band was
used to mask out clouds from the S2 images. Then,
five spectral indices, including the Normalized
Difference Vegetation Index (NDVI), Normalized
Difference Moisture Index (NDMI), Modified
Normalized Difference Water Index (MNDWI),
Normalized Difference Built-up Index (NDBI), and
Modified Soil-Adjusted Vegetation Index (MSAVI)
were calculated from selected images in order to
increase the accuracy of LULC classification (Phan et
al., 2020). The calculated spectral indices were used as
input for LULC classification (Zha et al., 2003;
Gitelson, 2004; Xu, 2006; Campbell and Wynne,
2011; DeVries et al., 2015). The specifications of the
selected spectral indices are presented in Table 2.

Spectral index Formula
Normalized Difference Vegetation Index NIR — RED
NIR + RED
Normalized Difference Moisture Index NIR — SWIR
NIR + SWIR
Modified Normalized Difference Water Index GREEN — SWIR
GREEN + SWIR
Normalized Difference Built-up Index SWIR — NIR
SWIR + NIR

Modified Soil-Adjusted Vegetation Index

2NIR + 1 — /(2NIR + 1)Z — 8(NIR — RED)
2

For SAR images pre-processing, S1 Level-1
Ground Range Detected (GRD) images were retrieved
from the GEE image library. Orbit restitution, thermal
noise removal, terrain correction and radiometric
calibration were performed using the Sentinel-1
toolbox on the GEE platform. In addition, S1 images
were filtered using refined Lee filter on the GEE
platform to reduce speckle noise and preserve content
of texture information (Lee et al., 2009). Grey-Level
Co-occurrence Matrix (GLCM) is the most popular
and approved approach for texture feature extraction.
It can improve classification by reducing
heterogeneity and preserving boundaries of the same
LULC types. The different GLCM texture variables
reported in previous studies have increased LULC
classification accuracy (Hall-Beyer, 2017; Numbisi et
al., 2019; Tavares et al., 2019). In this study, four
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GLCM texture variables, including variance, contrast,
entropy, and correlation, were extracted from
backscattering of S1 images. Variance is the
dispersion around the average pixel values within a
defined window. The depth and smoothness of the
image texture structure is reflected by Contrast.
Entropy is used to measure the randomness of a gray-
level distribution. Correlation is the predictability and
linear relationship of the neighboring pixels, which
reflects similarity of image texture in a horizontal or
vertical direction (Haralick, 1979).

2.3.2 Image classification and LULC change
detection using a pixel-based RF classifier

Topographic, optical and SAR products were
integrated as features of the classifier input. Each
satellite images in 1990, 1998, 2007, 2010, 2014, and
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2019 were classified into six major LULC classes
including agricultural land, built-up area, forest, para
rubber, maize, and water classes. We created six
clusters on the GEE platform consisting of (1)
LS5/LS8/S1 + spectral indicessfGLCM + Topographic
variables; (2) LS5/LS8/S1 + spectral indices/GLCM,;
(3) LS5/LS8/S1; (4) LS5/LS8/S2 + Individual spectral
indices + Topographic variables; (5) Combination of
LS8/S2 with S1 polarizations + spectral indices +
GLCM + Topographic variables; and (6) Combination
of LS8/LS2 with S1 polarization. A total of 36 datasets
were grouped within six clusters as presented in Table
3. These datasets were selected for evaluation of
different input variables selection impact on the
accuracy of LULC classification (Phan et al., 2020).

RF supervised machine learning algorithm and
GEE platform were utilized to produce LULC maps in
1990, 1998, 2007, 2010, 2014, and 2019. The RF
classification was performed using different datasets,
including optical spectral bands, five spectral indices,
SAR polarizations, four GLCM texture variables for
each polarization, and combination of optical and SAR
data. Annual cloud free composites of each chosen
year were created by using the median reflectance
pixel values of the collection (Huang et al., 2010).
With a minimum of two tuning parameters
requirement, the number of classification trees desired
was set at 100 to provide a reliable error estimation
and to maintain the computation times. The number of
predictor variables used to split a node was set at the
square root of the number of input variables (Cutler et
al., 2007). All input data were resampled to a
resolution of 10 m using a bicubic interpolation to
harmonize the different datasets (Vizzari, 2022; De
Luca et al., 2022). LULC changes were identified by
applying a post-classification comparison method to
five consecutive periods: 1990-1998, 1998-2007,
2007-2010, 2010-2014, and 2014-2019 (Tewkesbury
etal., 2015).

2.3.3 Accuracy assessment

Accuracy assessment of LULC classification
was performed using the confusion matrix, which is
accepted as the standard descriptive reporting tool for
accuracy assessment (Congalton and Green, 2019).
The combination of ground observations and stratified
random sampling based on multiple high-resolution
Google Earth images were randomly selected to train
the RF classifier (70% of pixels from each LULC
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class) and validate samples (the remaining 30% of
pixels) (Belgiu and Dragut, 2016). The matrix was
used to compute the kappa coefficient (K), overall
accuracy (OA), user’s accuracy (UA) and producer’s
accuracy (PA). K is the measurement of RF
performance. The possible K values range from -1
(very poor agreement) to 1 (excellent agreement). OA
values representing for average percentage of
correctly classified pixel range from 0 (no pixel
correctly classified) to 1 (100% of pixels are well
classified). PA is the measurement of omission error
(underestimation) while UA is the measurement of
commission error (overestimation).

2.4 Land management policies in Nan Province

Land management policies in Nan Province
were collected from governance and online news
reports. Thanks to these data, we could confirm results
of the LULC changes across the study area for the
period 1990-2019. It was found that the forest
concession — a policy instrument to implement forest
harvesting, promotion of agricultural extension, and
infrastructural modernization — resulted in declining of
forest from 85% in 1964 to 60% in 2018. To establish
an increasing number of protected areas, national
parks, and wildlife sanctuaries, the Royal Thai
Government officially banned all commercial logging
in natural forests in 1989 (Lakanavichian, 2001). This
action aimed to encourage projects for maize and Para
rubber plantations in 1981 and 2005, respectively
(Thailand Environment Institute, 2012). In the early
21 century, opium was replaced by maize plantation,
which was one of the factors of deforestation severity.
Rapid booming of maize production resulting in the
decline of prices, particularly in 2007. Meanwhile,
promoting of Paré rubber plantation occurred as an
alternative crop since 2005.

Given all the factors mentioned above, a
strategic plan for the province has been promoted to
initiate for less adverse environmental impact and
increased sustainable consumption of natural
resources. It is essential to better understand the
sequelae of underlying LULC conversion before
effective land use planning. Therefore, the LULC
changes would provide the potential information
required for design and implementation of natural
resources policies, strategies, and legislation.
Workflow of the data processing is illustrated in
Figure 2.
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Figure 2. Workflow of data processing

3. RESULTS AND DISCUSSION
3.1 LULC classification based on multi-sensor
satellite data using RF via the GEE platform

This study demonstrated the potential of multi-
sensor satellite data for monitoring LULC changes in
Nan province. In this study, the overall accuracy (OA)
of LULC classification for datasets (L01-L36), which
were categorized into six clusters, ranged from
51.70% to 96.95% (Table 3). Producer’s accuracies
(PA) and user’s accuracy (UA) values of each dataset
ranged from 0.61 to 0.99 and 0.73 to 1, respectively.
Dataset L31 in cluster 4 (i.e., S-2 B2, B3, B4, B8, B11,
MSAVI, slope, and elevation) provided the highest
OA (96.95%; kappa coefficient=0.96), while dataset
L15 in cluster 3 (i.e., S1 VV) produced the lowest OA
(51.70%; kappa coefficient =0.42). For all clusters,
spectral feature bands from LS5, LS8, S2, and a
combination of multi-sensor satellite data yielded OA
values >85%. This presented high OA compared with
previous study using only single sensor (OA<80%)
(Phan et al., 2020). Single sensor of optical data was
also performed in this study (cluster 3). However, the
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OA was 85%, which was higher than their study but
still lower than OA from multi-sensor. In terms of the
SAR data, S1 data alone in clusters 1-3 yielded much
lower OA values than LS8, S2, and a combination of
multi-sensor satellite data, with an OA <80%. S1 data
alone did not provide acceptable -classification
accuracy in the study area. Possible reasons for this
include the low ability of the backscatter intensity
feature to identify vegetation, and deep penetration of
the C-band into crowns on medium-sized branches
(Abdikan et al.,, 2016). Additionally, similarity
between forest backscatter and Para rubber trees in
mountain areas may have decreased the classification
accuracy. The results for clusters 5-6 revealed that a
combination of multi-sensor satellite images and
ancillary variables increased the OA by >12%.
Combining optical and SAR satellite images using
the RF model resulted in high LULC classification
accuracy. This indicated that, compared with
utilizing only S2, LS, or S1 data, improvements in
classification accuracy could be achieved by
combining optical and SAR satellite images. This
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result aligned with those of De Alban et al. (2018) and
Torbick et al. (2016). Due to their different
wavelengths, optical and SAR data respond to
different surface characteristics (Zhu et al., 2012).
Nevertheless, they provided comparable OA for all
LS-8 and S2 spectral bands with the topographic data.
However, only the spectral feature bands from S2
images had (slightly) higher OA values than LS8
images. Likewise, combinations of S2 and S1 images
provided higher OA than combinations of LS8 and S1
images (cluster 5-6). These findings indicate that the
LULC classification results were affected by the
spatial resolution of the satellite data obtained by
different sensors.

Classification using an RF model and the GEE
platform was more accurate than that using maximum
likelihood classification (MLC) model in the same

study area (Paiboonvorachat and Oyana, 2011).
Paiboonvorachat and Oyana (2011) reported OA
<86% by using MLC model in Nan province. MLC is
a traditional technique, which relies on second order
statistics of Gaussian probability density model for
each class. The pixel samples are required to have a
normal distribution of the data in each class, but some
classes are non-normally distributed data. Therefore,
this is a significant disadvantage of MLC because
input data are regularly non-normal distribution. The
GEE platform allows for rapid processing of multi-
sensor satellite data, because image downloading and
local data storage are not necessary. In contrast,
several Thai organizations publishing official national
reports of natural resources use conventional
techniques for operational image processing, which
require expensive hardware and on-premises software.

Table 3. Overall accuracy (%) from the classification results for each datasets

Cluster Datasets Variable OA (%)
1 L1 Landsat-5 B1, B2, B3, B4, B5, NDVI, NDMI, MNDWI, MSAVI, NDBI, 93.65
slope, elevation
L2 Landsat-8 B2, B3, B4, B5, B6, NDVI, NDMI, MNDWI, MSAVI, NDBI, 94.79
slope, elevation
L3 Sentinel-2 B2, B3, B4, B8, B11, NDVI, NDMI, MNDWI, MSAVI, NDBI, 96.42
slope, elevation
L4 Sentinel-1 VV, VV_contrast, VV_var, VV_ent, VV_corr, slope, elevation 70.75
L5 Sentinel-1 VH, VH_contrast, VH_var, VH_ent, VH_corr, slope, elevation 75.51
L6 Sentinel-1 VV, VV_contrast, VV_var, VV_ent, VV_corr, VH, VH_contrast,  75.21
VH_var, VH_ent, VH_corr, slope, elevation
2 L7 Landsat-5 B1, B2, B3, B4, B5, NDVI, NDMI, MNDWI, MSAVI, NDBI 87.03
L8 Landsat-8 B2, B3, B4, B5, B6, NDVI, NDMI, MNDWI, MSAVI, NDBI 89.19
L9 Sentinel-2 B2, B3, B4, B8, B11, NDVI, NDMI, MNDWI, MSAVI, NDBI 91.33
L10 Sentinel-1 VV, VV_contrast, VV_var, VV_ent, VV_corr 55.10
L11 Sentinel-1 VH, VH_contrast, VH_var, VH_ent, VH_corr 57.37
3 L12 Landsat-5 B1, B2, B3, B4, B5 85.07
L13 Landsat-8 B2, B3, B4, B5, B6 89.32
L14 Sentinel-2 B2, B3, B4, B8, B11 91.23
L15 Sentinel-1 VV 51.70
L16 Sentinel-1 VH 58.28
L17 Sentinel-1 VV, VH 59.64
4 L18 Landsat-5 B1, B2, B3, B4, B5, NDVI, SLOPE, ELEVATION 93.40
L19 Landsat-5 B1, B2, B3, B4, B5, MSAVI, SLOPE, ELEVATION 93.91
L20 Landsat-5 B1, B2, B3, B4, B5, MNDWI, SLOPE, ELEVATION 92.39
L21 Landsat-5 B1, B2, B3, B4, B5, NDBI, SLOPE, ELEVATION 93.65
L22 Landsat-5 B1, B2, B3, B4, B5, NDMI, SLOPE, ELEVATION 93.40
L23 Landsat-8 B2, B3, B4, B5, B6, NDVI, slope, elevation 95.33
L24 Landsat-8 B2, B3, B4, B5, B6, NDMI, slope, elevation 95.06
L25 Landsat-8 B2, B3, B4, B5, B6, MNDWI, slope, elevation 94.79
L26 Landsat-8 B2, B3, B4, B5, B6, MSAVI, slope, elevation 95.33
L27 Landsat-8 B2, B3, B4, B5, B6, NDBI, slope, elevation 94.66
L28 Sentinel-2 B2, B3, B4, B8, B11, NDVI, slope, elevation 95.54
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Table 3. Overall accuracy (%) from the classification results for each datasets (cont.)

Cluster Datasets Variable OA (%)
L29 Sentinel-2 B2, B3, B4, B8, B11, NDMI, slope, elevation 95.59
L30 Sentinel-2 B2, B3, B4, B8, B11, MNDWI, slope, elevation 95.74
L31 Sentinel-2 B2, B3, B4, B8, B11, MSAV/I, slope, elevation 96.95
L32 Sentinel-2 B2, B3, B4, B8, B11, NDBI, slope, elevation 95.33
5 L33 Landsat-8 B2, B3, B4, B5, B6, NDVI, NDMI, MNDWI, MSAVI, NDBI, 95.67
Sentinel-1 VV, VV_contrast, VV_var, VV_ent, VV_corr, VH, VH_contrast,
VH_var, VH_ent, VH_corr, slope, elevation
L34 Sentinel-2 B2, B3, B4, B8, B11, NDVI, NDMI, MNDWI, MSAVI, NDBI, 96.14
Sentinel-1 VV, VV_contrast, VV_var, VV_ent, VV_corr, VH, VH_contrast,
VH_var, VH_ent, VH_corr, slope, elevation
6 L35 Landsat-8 B2, B3, B4, B5, B6, Sentinel-1 VV, VH 91.70
L36 Sentinel-2 B2, B3, B4, B8, B11, Sentinel-1 VV, VH 92.31

Remarkably, and similar to Mishraet al. (2019),
higher OA was obtained in this study by integrating
textural features, backscatter intensity, and
topographic variables. This was likely due to the
texture characteristic, which is an intrinsic spatial
feature that effectively represents spatial relationships,
particularly in SAR images (Du et al., 2015). The
present findings showed that the integration of
spectral indices (NDVI, NDMI, MNDWI, MSAVI,
and NDBI) from optical sensors and topographic
variables (i.e., slope and elevation) can increase LULC
classification accuracy. The NDVI is commonly used
for efficient classification in tropical forests.
Interestingly, the MSAVI enhanced classification
accuracy significantly more than the other spectral
indices in this study. The loss of forest cover in Nan
province has decreased vegetation coverage, but the
influence of background soil signals, which are
problematic for the NDVI, could be reduced for the
MSAVI (Guo et al., 2019; Wen et al., 2020). This
result supported the advantage of MSAVI over NDVI
which was similar to the finding of Vargas et al.
(2021).

Important topographic variables for improving
LULC classification accuracy in this study were slope
and elevation, because these variables can overcome
the similarity of shadow on mountain terrain with the
spectral characteristics of waters. This result was
supported by previous studies showing that the
combination of topographic variables with satellite
data provided higher classification accuracy than
individual datasets (Wagle et al., 2020; Wasniewski et
al., 2020). Likewise, Dobrini¢ et al. (2021) strongly
recommended that topographic variables produced
major classification enhancements as an input feature,
which was also observed in this study.
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3.2 Evaluation of LULC changes by land
management policies in Nan province over the last
30 years

The datasets yielding the highest OA values
were used to produce LULC maps for 6 study years:
1990, 1998, 2007, 2010, 2014, and 2019 (Figure 3).
All LULC classes had producer’s accuracies (PA) and
user’s accuracy (UA) values >0.95. Water was the
most differentiable object (PA and UA=0.99 and 1.00,
respectively). From 1990 to 2019, the major type of
LULC was forest area (70.28%), followed by
agricultural area (26.56%). Forest area decreased from
8,533.67 km? in 1990 to 7,621.22 km? in 2019.
Agriculture dominated flat and low-slope areas. A >7-
fold increase in maize plantation area was seen
between 1990 (159.90 km?) and 2019 (1,240.87 km?),
whereas the Pard rubber tree area showed a 6.5-fold
increase from 2007 to 2019. Slight increases in built-
up and water areas were observed, from 1.26% in 1990
to 1.83% in 2019, and 0.58% in 1990 to 0.81% in
2019, respectively.

Over the last three decades (1990-2019), the
maize plantation area showed the largest expansion
(676.03%), followed by Para rubber tree (100%) and
built-up (45.16%) areas. The smallest expansion, of
39.45%, was that of water area. Agricultural area
exhibited the largest decrease, of 22.76%, followed by
forest (10.69%) (Figure 4). Across the five
consecutive periods, forest was the only area that
experienced a continuous decrease, due to its
conversion into maize and Para rubber tree plantation
areas. Figure 5 illustrates the forest conversion
between 1990 and 2019. Overall forest changed area
totally distributed over 1,298.34 km?. The Para rubber
tree and water areas expanded most between 2007
and 2010 (165.05% and 12.24%, respectively). Maize
area expansion was greatest between 1990 and 1998
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(256.33%). During the past 30 years, maize and Para
rubber trees have become the dominant monoculture
crops in the mountain study area. During that period,
both crops were expensive and in high demand on
global markets (Pongkijvorasin and Teerasuwannajak,
2019). Their increased cultivation arose from the
promotion of industrial and export agriculture by the
Thai government and the implementation of a

1990 1998

2010 2014
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g9

capitalist economic model (Rossi, 2014; Darlington,
2019). The water area was also increased to supply
crop plantations. However, the maize plantation area
decreased during 2014-2019, by 17.62%, which was
related to an increase in the agricultural area. This may
be due to the implementation of a strategic plan to
grow alternative cash crops to maize, with the aim of
reducing adverse effects on the environment.

2007

Suilt-up ar

Forest
Para rubber

Maize

Water

2019

Figure 3. LULC changes between 1990 and 2019 according to the RF classifier
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Figure 4. Percentage changes in LULC categories over five consecutive periods
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Figure 5. Forest conversion between 1990 and 2019

In the study area, economic measures
implemented by the private sector, such as credit
provision and market offerings, were among the major
drivers of unsustainable land use (Humidtropics,
2015). Forest can be considered as unoccupied land,
and there is a lack of awareness of sustainable natural
resource use practices. Many farmers transitioned
from subsistence farming and small-scale production
to cash crops, intensive mono-crop agriculture, and
contract farming, as promoted by the government and
agro-industrial companies, to generate more income
and enhance their quality of life (Darlington, 2019).
Even though forest changes are high in Nan province,
Agarwal et al. (2022) reported that community
managed forests were well conserved due to a strong
protection against deforestation by the community.
This is a principal key for natural resource
management, particularly in forest areas, for
sustainable land use and management.

4. CONCLUSION

This study represents the first long-term (30
years) assessment of LULC change in Nan province.
Evaluation of the potential of multi-sensor satellite
data (i.e., optical and SAR images) to produce LULC
change maps in five consecutive periods using an RF
model and cloud-computing platform (GEE) was
performed. Land management policies were used to
clarify the changes of LULC in each period. This study
highlighted the advantages of RF classifier in
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Other conversion

Forest to Agricultural land

Forest to Built-up area
Forest to Forest

Forest to Para rubber

Forest to Maize
Forest to Water

conjunction with GEE platform which can display
great performance in rapid processing of multi-sensor
satellite data and ability to deal with high-dimensional
data. Using GEE platform for LULC change
assessment is clearly beneficial for classification
purposes and could be used to leverage the operational
classification process. The highest overall accuracy
was achieved using Sentinel-2 spectral bands,
MSAVI, and topographic variables. MSAVI showed
an advantage over NDVI in the area of decreased
vegetation coverage. Major LULC classification could
be enhanced by using topographic variables. In terms
of SAR data, the combination of optical (i.e., S2 and
LS8) and SAR images expressed better classification
accuracy than individual S1 data. Regarding
established land management policies, forest areas
revealed extensive encroachment in Nan province
during the study period. These are consequences of
extensive conversion of forest to maize and Para
rubber tree areas. Taken together, geoinformatics and
remote sensing technology as well as land
management policies will provide certain informed
and science-based decisions to guide policymakers in
improvement of sustainable natural resource
management plan and monitoring.
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