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Abstract
Land-use changes surrounding Mahasarakham University in Thailand were investigated using multi-sensor

images from 2002 and 2019. This study used aerial photographs and Landsat-7 satellite images captured in
2002, and aerial photographs from an unmanned aerial vehicle and Sentinel-2A4 data observed in 2019. Visual
image interpretation (VII), object-based image analysis (OBIA), and random forest (RF) methods were applied
to classify building areas from the multi-sensor images. Population was estimated using buildings and field-
survey data, and population samples. The samples were obtained by point., pixel., and area-based methods.

The different population estimation approaches were then compared with the actual population based on field
surveys. VII yielded accuracies of 97% in 2002 and 97.5% in 2019. Builtup extraction using RF yielded

accuracies of 86.55 and 90.76%, whereas OBIA was 76.47 and 82.35%, indicating a transformation in the land
use from paddy fields to urban and residential areas. The area-based method were highly efficient in 2002 (v
=0.92) and 2019 (¥’ = 0.93). The proposed area-based method provides more accurate population estimates

than existing methods, with accuracies considered to be comparable to those of field data.

1. Introduction
Maha Sarakham Province is centrally located in the

north-eastern part of Thailand. Under the
Government of Thailand’s Strategic Plan for
Provincial Development, Promotion, and

Development of Educational Management, Maha
Sarakham has become a centre of education in
Thailand (Department of Provincial Administration,
2019). In particular, the Mahasarakham University
area has expanded rapidly in recent years, which has
caused significant land-use changes, especially the
transformation of agricultural land into urban and
residential areas (Som-ard et al.,, 2018 and
Prasanchum and Kangrang, 2017). This process is
referred to as studentification and is considered an
aimless expansion that lacks a clear development
plan (Chaichakan et al., 2017).

Population estimations are essential for driving
development and formulating a country’s policies in
terms of population, economy, society, and public
health. The Office of the National Economic and
Social Development Board coordinates population
estimation activities, and data collection occurs
every ten years with the most recent collection in
2010 (Office of the Nation Economic and Social
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Development Board, 2007). As data collection is
expensive, it is not possible to collect data every
year. Therefore, given the rapid pace of
development, the data used for planning may not be
up to date (Prasartkul et al., 2016 and Suwanlee and
Som-ard, 2020). The utilization of remote sensing
techniques with satellite image data from Landsat-7
ETM+, with 8 bands, and Sentinel-2A MSI, with 13
spectral bands, provide valuable information for a
wide range of land monitoring activities. Data from
both satellites have proved to be an important tool to
extract the surface characteristics of Earth,
dynamics over time, and update population data
based on analyses of land use changes (Phiri and
Morgenroth, 2017, Immitzer et al., 2016 and Lu et
al., 2010). Using census data, which includes
population count, population distribution, and
population density, highly detailed satellite images
can be classified using aerial interpolation (Ma et
al., 2017 and Ye et al, 2019). In contrast,
estimations with other data include land-use
networks and communication networks (Goodchild
et al.,, 1993, Paez and Scott, 2004, Reibel and
Agrawal, 2007 and Wu et al., 2005). Various studies
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have explored the effectiveness of using these two
techniques to determine the relationships among
population, city area, land use, building and
residence type, physical characteristics, economy,
society, and building heights (Batista e Silva et al.,
2013, Kumar et al.,, 2018 and Johnson and Xie,
2013). In addition to evaluations of classification
performances using standard measures of accuracy
(such as the overall accuracy and kappa coefficient),
individual measures of accuracy, such as producer’s
accuracy, user’s accuracy, and conditional kappa,
have been wused, resulting in accuracies of
approximately 70-90% (Bai et al., 2018, Karume et
al., 2017 and Lloyd et al., 2017).

There is currently a paucity of in-depth
investigations regarding the use of population
estimation techniques. These types of studies can be
used to investigate changes in the area around
universities in Thailand using satellite images from
different years in combination with other data. This
study investigated land-use and habitat extraction
changes surrounding Mahasarakham University
using multi-sensor data collected at different times.
The potential of the different population estimation
techniques and the reliability of the data, including
the building area, population, and data collected
from the field, were analysed. The population
estimation technique recommended in this study
may be beneficial for use in spatial decision making,
owing to its potential in the cost-effective and rapid
collection of census data at the sub-district
municipality level. The results provide a basis for
the analysis of land-use changes surrounding a
university town and can be used to identify policies
and plans for future development. Therefore, this
study provides guidelines for identifying a suitable
and reliable population estimation technique using
accurate criteria. Moreover, this approach was
examined for appropriateness and approved by the
Mahasarakham University Ethics Committee on
Human Research (No. 114/2019).

2. Methodology and Data

2.1 Study Area

Mahasarakham University is situated within Maha
Sarakham City. The city is located in the heart of
Northeast Thailand and is a centre for education.
The study area covers an area of approximately 27
km?. The population, as obtained from the National
Statistical Office, was 7,558 in 2002 and 40,346 in
2019 (Department of Provincial Administration,
2019). Maha Sarakham City has two communities,
ie.,, Tha Khong Yang and Khamriang, and a
population density of 1,485 persons/km?. Expansion
of the university has occurred in the Khamriang
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Sub-district in the Kantarawichai District, which has
an area of approximately 2.08 km2 The total
enrolment of new students in 1995 was 3,078, and
the student population has continuously increased
since that time, with 38,182 students enrolled in
2002 and 75,162 in 2019 (Mahasarakham
University, 2019) (Figure 1). Land-use patterns of
settlement occur along the riverside of the Chi
River. Most of the agriculture area depends on
natural resources as the fundamentals for their
quality of life. Most of the residents grow rice and
other plants. However, this situation has changed
with the rapid growth of the university. Education
has been elevated and expanded throughout the
region, which has resulted in land-use changes from

agriculture to building areas. Members inside and
outside of the local community have accordingly
changed their occupations from agriculture to
commerce.

2.2 Data Acquisition and Preparation

Data for classifying land-use changes between 2002
and 2019 using multiple remotely sensed images
acquired at different times indicated the
geographical features at different map scales. In
2002, aerial photographs were observed on 21
January at a 10-cm spatial resolution obtained from
the Royal Thai Survey Department, which were
used to adjust the histogram or value of the image
spot colour for strong and clear images (Brooner,
1976). Aerial photographs obtained from an
unmanned aerial vehicle (UAV) were used for
picture editing, along with those obtained from
Google Earth. UAV images were captured during a
flight survey in May 2019 using a DJI Phantom 3
professional drone flying at a height of 120m with
40% side overlap and 60% front overlap (Wayumba
et al., 2017). The processed UAV image had a 2-cm
spatial resolution with RGB spectral bands. Data
from the aerial photographs were processed by
geometric correction using sixteen ground control
points (GCPs); the GCPs were referenced with
similar objects from the UAV and Google Earth
images. The distribution of the GCPs are sufficient
as a reference in the study area. The image data
were clearly visible and of sufficient quality for
extracting surface information via the visual image
interpretation (VII) technique (Silva et al., 2018 and
Stocker et al., 2019).

Satellite image data from Landsat-7 ETM+
(Path: 128, Row: 49) were recorded on 18 February
2002 using bands 1-5, and 7. Data from the
Sentinel-2A MSI were acquired on 26 October 2019
using bands 2, 3,4,5,6,7, 8, 8A, 11, and 12.
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Figure 1: Area of study. (A) The study area is located 2 km from the centre of Mahasarakham University in
north-eastern Thailand. (B) and (C) show the perimeter of the study site (red line), the location of the
reference data (B) (red triangle), and the sample plots (C). (B) and (C) show the background satellite images
that were captured on 21 December 2019, which are available on Google Earth

Image data with cloud cover conditions < 10% and
conditions suitable for the level of visual
interpretation required for this study were selected.
The obtained images were corrected and adjusted
for atmospheric effects by the U.S. Geological
Survey and European Space Agency (Munyati,
2017). Small amounts of cloud cover were deleted
using Fmask for the Landsat-7 ETM+ images and
the dense cloud mask was deleted for the Sentinel-
2A MSI images (Zhu et al., 2016). Landsat-7 ETM+
and Sentinel-2A images were resampled at a
10x10m resolution, which provided more details, as
listed in Table 1. Moreover, the Normalised
Difference Building Index (NDBI) index indicates
built-up areas (Hu et al., 2016 and Zha et al. 2003).
This study calculated and used the NDBI to classify
buildings areas for population estimation. Maps
regarding land use and building types, generated by
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the Department of Public Works and Town &
Country Planning, and a topographic map from the
Department of Military Maps, at a scale of 1 :
50,000, were also obtained. To verify the accuracy
and classify land-use, data collected from the field
were used in combination with these maps to assist
in identifying sample points in the study area. We
collected ground-truth data using GPS and selected
sample points using a random stratified sampling
approach (Brooner, 1976) in QGIS 83.1. A
handheld GPS was used for ground observations
(Bangira, 2019). In total, data were collected from
400 sampling points (Figure 1A). The VII and
OBIA classification methods were applied using
data from 400 points for accuracy assessment;
classification using the RF method required 280
points (70%) for training data and 120 points (30%)
for accuracy verification.




Table 1: Sensor images used with the classifier methods

Data Visual image Object-based image analysis (OBIA) and
interpretation Random forest (RF)
(VII)
Sensor images Aerial Photograph Landsat-7 ETM+ 2002 Sentinel-2A MSI 2019
2002 and
UAV 2019
Spectral band Red, green, blue Band 1-Blue Band 1-Coastal aerosol
Band 2-Green Band 2-Blue
Band 3-Red Band 3-Green
Band 4-Near Infrared (NIR) Band 4-Red
Band 5-SWIR 1 Band 5-Vegetation red edge 1
Band 6-Thermal Band 6-Vegetation red edge 2
Band 7-SWIR 2 Band 7-Vegetation red edge 3
Band 8-Panchromatic Band 8-Near Infrared (NIR)
Band 8A-Vegetation red edge 4
Band 9-Water vapour
Band 10-SWIR-Cirrius
Band 11-SWIR 1
Band 12-SWIR 2
Spatial 0.2 15, 30, and 60 10, 20, and 60
resolution (m)

The same validation set was further used within all
classification products to ensure high classification
accuracy, despite the wide variety of land-use ratios
within the grid cells. The generalisation capability
of these products is of particular importance with
small training samples (Chen et al., 2017). Thus, a
sample point for ensemble classification via
machine learning was defined. However, from 15
November to 27 December 2019, actual population
data were also collected via field surveys using
interview forms; the surveys were based on different
grid sizes and population characteristics (Figure
10).

2.3 Image Classification and Land Change
Detection

UAYV technology provides new mapping property
boundaries for land registration and is highly
efficient in extracting high levels of land use classes
(Wayumba et al., 2017 and Guo et al., 2018). This
study explored aerial remote sensing data to extract
land-use information in a complex area. Aerial
photographs captured in 2002 and photographs
taken by the UAV in 2019 were analysed using the
VII method. We interpreted and digitized land-use
maps using QGIS 8.3.1. In addition, we used novel,
advanced, and digitizing tools (i.e., construction,
parallel, and perpendicular modes) to determine the
shapes or angles of robust roofs and built-up areas.
The principles used for interpretation included the
11 land-use classes defined by the Thailand Land
Development Department (Land Development
Department, 1977, 2016). Object information from
satellite images was obtained using the multi-
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resolution segmentation method, which involves
three parameters, i.e., scale and shape combinations
produce the highest classification accuracies, while
the compactness parameter has a minimal effect on
the construction of image objects in the eCognition
trail (Blaschke, 2010). Hence, compactness can be
set to a constant value in image segmentation
(Blaschke, 2010 and Kavzoglu and Yildiz, 2014).
We tested numerous parameter sets based on the
field surveys and our previous experience. In
addition, the outputs of segmentation were visually
measured using a trial-and-error approach (Immitzer
et al., 2016). Thus, the best rule parameters were 12,
0.3, and 0.7 (scale, shape, and compactness) for
Landsat-7 ETM+ in 2002 while Sentinel-2A MSI in
2019 was defined as 15, 0.3, and 0.5, respectively.
The NDBI index was used to determine the average
pixel value of the building index per object. The
classification technique was used to identify the
homogeneity of objects according to the land-use
type using OBIA. The hierarchy classifier used the
same principles as the membership function, which
applies the principles of fundamental statistics (i.e.,
maximum, minimum, and mean) for regional values
for effective classification (Yang and He, 2010).
Thus, two types of land uses were extracted:
building and non-building areas (Phiri and
Morgenroth, 2017).

The RF is an ensemble algorithm of decision
trees that produces a prediction for classification
and regression. This classifier has recently become
popular owing to its high classification accuracy
(Breiman, 2001). RF is used to classify land use and
examine the relationships between the factors of




each band through a machine learning algorithm,
with the use of a decision tree and learning system
from feature values of the training data. The RF
approach measures an unbiased interval of the
generalization error, referred to as “out-of-bag”
(OOB) samples. RF also provides the input features
importance, referred to as the Mean Decrease in
Accuracy (MDA), which is used for feature ranking
(Breiman, 2001 and Cutler et al., 2012). We
determined and classified built-up areas using the
randomforest package in the R 3.6.2 software. In
this study, a model set was built based on training
data collected in the field. Land-use type attributes
of the samples were defined using the training data
(Liaw and Wiener, 2002); thus, this study separated
280 sample points (70%) for the training model and
120 points (30%) to validate the classification
results. Next, the proposed model was applied to
classify the satellite images based on the sample
area derived from the suitable model. The suitable
model was produced by the decision tree, along with
the learning principles of the system from the
sample area, which was used to identify the feature
space of the spectral information from the Landsat-7
ETM+ and Sentinel-2A MSI bands. NDBI was also
applied to classify built-up area. The important
feature was used to extract the object and classify
buildings. We chose the defaults values of the nTree
parameter for 500 trees and Mtry was set to the
square root of the total number of input variables
(Immitzer et al., 2019 and Pflugmacher et al., 2019).

To verify the accuracy and effectiveness of the
land-use classification of each technique, the
confusion matrix and kappa concordance were used
in the calculations (Congalton and Green, 1999).
Moreover, land-use maps from 2002 and 2019 were
used to compare the results through visual

interpretation for agreement (Hua et al., 2012).
Land-use changes were determined using the
proposed land-use maps from the VII method and
the ‘from-to’ change detection method (Lu et al.,
2014). We also analysed the detailed changes from
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2002 to 2019 based on this approach.

2.4 Population Estimates via Analysis of

Built-Up Data

Although many studies have estimated population
using statistical models with high remote sensing
imagery, population dwellings, and geospatial data,
previous methods are either very expensive, have
several input scales, or are time-consuming
(Alahmadi et al., 2013, 2014, Dong et al., 2010,
Guo et al., 2017, Mossoux et al., 2018 and Stevens
et al., 2015). Thus, in this study, we investigated a
novel estimation method in areas with diversified
land-uses to provide fast, reliable, and economical
results based on remote sensing data. We tested the
accuracy of the population estimation using point-,
pixel-, and area-based methods in the urban area
surrounding the university town. Moreover, we used
up-to-date information on the cost-effectiveness of
multi-sensor data (i.e., new UAV and Sentinel-2A
imagery) and ground data for rapid and efficient
population estimation.

The built-up density map and actual population
per sample grid were used for the point-based
approach. Grids of dimensions 50, 100, 200, and
300 m? were created over the entire study area for
both years, as shown in Figure 2 and listed in Table
2. The built-up areas were classified using VII and
converted to point data by placing them on the grid
as a built-up density map. This analysis was
performed to extract the number of built-up areas
into the grid size using the zonal statistics tool in
QGIS for generating the building density and grid
density data. The sample grid was randomly defined
for the collected population data from ground
surveys. This study used the stratified random
sampling technique based on built-up density maps
to obtain data from the ground survey in 2002 to
determine the accuracy of the example grid:
example grids of 227 (50m?), 153 (100m?), 84
(200m?), and 61 (300m?) plots were used.




Table 2: General characteristics of the three types of population estimation using remote sensing techniques

Pointed-based | Pixel-based | Area-based
Year(s) of estimation 2002, 2019
Population in 2002 7,558
Population in 2019 43,406
Land-use technique VII | OBIA/RF | VII
Modelled input Land use of built-up areas

Grid samples

50, 100, 200, 300

Built-up area per
building use

Accuracy assessment

R? and RMSE

Data collection in 2019 comprised 331, 266, 171,
and 119 plots. The aforementioned grid sizes were
designed to cover residences (Figure 2) using
population data collected during a field survey from
November—December 2019 using an interview
form. This allowed for the comparison of the
number and location of buildings together with data
on the average actual population per area of each
grid square. The next step involved reclassifying
eight groups from different densities of built-up
locations (the area of built-up locations per grid) and
the average population per example grid. Finally,
data from the samples were analysed to assess the
population across all grid squares in the entire study
area, defined as follows (Ye et al., 2019):

_F,and
P(? - G
Equation 1
Ppe=2 .G .*P.
c=1
Equation 2

Ppe

G
where is the population of the total grid; ¢ is

the area of the total grid in eight groups; Gis the
number of buildings per example grid in each group;

¢ is the average population of the example grid in

each group; and F s the population per area of the
example grid.

A pixel-based method was conducted using the
built-up map produced from the classification of the
built-up area with the high accurate results. The grid
maps were used to extract data on the number of
built-up pixels from the built-up areas to map the
built-up density. The example grid data from 2002
and 2019 (Figure 2) were used to collect population
data from the ground surveys. This was then used to
reclassify the areas of different built-up area
densities and to calculate the actual average
population in each group. These rule-based groups
were then used to estimate the total population
across the entire grid-covered study area as follows:
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Pie=3.Pi.xP.

Equation 3

. Pi
where € is the population per total area; ¢ is
the number of grid squares in each built-up area
density group; and ¢ is the group of population

density per total grid squares in each group.

In addition, the area-based method involved the
interpretation of land-use and the visual extraction
of the building types. For population estimation, we
classified seven types of built-up areas (including
detached houses, row houses, hotels, dormitories,
commercial, townhouses, and other residences)
according to the structure type and different sizes of
the built-up areas. This method used actual
population data from 40 sample built-up areas for
each type within a total of 280 buildings from the
estimation surveys. Finally, the actual population
data for different types of built-up areas were
calculated and the relationship between population
data and built-up area was determined using an
estimate of the population, which was calculated via
simple linear regression analyses (Alahmadi et al.,
2013), as follows:

Y=atbx
Equation 4

where Y is the population per building; x is the
built-up area; a is the y intercept or y when x = 0 (y
intercept), and b is the regression coefficient or
change in y when x is one unit different.

Estimating the population from the size of the
residential building area in each group yielded
different results based on Equation (4). Therefore,
the population obtained from each group estimation
was combined to estimate the total population, as
follows:




Tpe:tic

Equation 5

Tpe

where

Ip

is the population per total area and
¢ is the total population predicted in each group.

Different methods of population estimation
provided different estimation results; therefore, to
find the best method and obtain the optimal
population estimation, basic statistical
measurements were applied. This study collected 60
sample data to validate the results via the field
survey; these data were also estimated from the
population. Two statistical measurements were
used, i.e., the coefficient of determination (R?) and
the root mean square error (RMSE) (Bai et al., 2018
and Lu et al., 2010). These statistical indices were
used to calculate the spatial error and determine the
most appropriate estimation technique.

3. Results

3.1 Land-Use Changes from 2002 to 2019

The classification of land-use based on visual
inspections in 2002 and 2019 yielded total
accuracies of 97 and 97.5%, respectively, using a
kappa accuracy of 1. The User’s accuracies (UAs)
were 96.81 and 95.50%, respectively, whereas the
producer’s accuracies (PAs) were 98.45 and
99.45%, respectively. These results yielded a high
level of accuracy, thereby indicating that the
methods are suitable for classifying land-use. Figure
3 depicts the land-use changes surrounding
Mahasarakham University from 2002 to 2019.

In 2019, most of the residential areas were at a
distance of approximately 1 km from the university.
Members both inside and outside the local
community changed their occupations from
agriculture to commerce in response to the needs of
the growing population in the vicinity of the
university. The field data were examined together
with the VII data from 2002 to 2019 (Table 3).
Areas with the highest land-use classification
accuracy were agricultural, government, building,
and other areas. Of the 11 land-use types, those that
had overall increases in land-use changes were
residential (10.81%), building areas (7.35%), and
water bodies (i.e., rivers and streams) (1.36%).
Land-use types that experienced a decrease in arca
were paddy fields and forests, which had decreases
of 892 and 8.69%, respectively (Table 4).
Moreover, there were miscellaneous areas, which
could be urbanised surrounding the university.

3.2 Changes in Built-Up Areas

Table 5 lists the results of the built-up extraction.
The overall accuracies of land-use classification for
2002 and 2019, as determined by the field survey,
were 86.55 and 90.76% for RF classification,
respectively, and 76.47 and 82.35% for OBIA,
respectively. According to the RF classification,
built-up areas covered 3.04 km? (11.20%) in 2002
and 7.21 km? (26.54%) in 2019; this equates to an
increase of 15.34%. Non-built-up areas decreased
from 24.13 km? (88.80 %) in 2002 to 19.96 km?
(73.46%) in 2019, a decrease of 14.62%. Figure 4
shows the land-use extraction results regarding
built-up areas.

2002 2019
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Figure 3: Land-use at Mahasarakham University based on visual image interpretation for 2002 and 2019
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Table 3: Land-use changes identified using visual image interpretation (VII) from 2002 to 2019

Year 2002 2019 2002-2019
Classified data (LU) Area % PA UA Area % PA UA LU Area
(km?) (%) | (%) | (km?) (%) | (%) (%) +/-
Paddy field 17.59 55.96 100 95 14.78 | 47.04 | 100 96 —8.92
Mixed perennial area 0.04 0.13 100 100 0.05 0.17 100 100 +0.04
Built-up area 0.23 0.74 100 100 2.54 8.09 75 100 +7.35
Residential area 1.12 3.57 100 100 4.52 14.38 94 100 +10.81
Government build-up 0.08 0.25 100 100 0.40 1.26 100 100 +1.01
Government area 1.79 5.68 100 100 1.91 6.09 100 100 +0.41
Road 0.58 1.84 100 100 0.78 2.48 100 100 +0.64
Forest 3.67 11.68 86 100 0.94 2.99 100 98 —8.69
Water body 0.67 1.74 88 100 0.97 3.10 100 100 +1.36
Man-made water body 0.55 2.15 100 88 0.57 1.81 100 100 —0.34
Miscellaneous 5.11 16.25 91 100 3.96 12.59 81 100 —3.66
Sum 31.44 100 96.81 | 98.45 31.44 100 | 9545 | 9945
Overall accuracy 97 97.5
Kappa 1 1

Table 4: Land-use changes from 2002 to 2019 (km?) determined via the change detection method

Land Use 2019 (km?)
A100 A301 U204 U205 U300 U301 U405 F201 W201 W101 M405 sum
A100 13.83 0.01 0.44 1.66 0.00 0.00 0.09 0.07 0.41 0.07 1.45 18.03
@ 44 0 1 5 0 0 0 2 1 0 5 57
A301 0.00 0.02 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.07 0.02 0.13
(%) 0 0 0 0 0 0 0 0 0 0 0 0
U204 0.00 0.00 0.13 0.22 0.00 0.01 0.00 0.00 0.00 0.00 0.01 0.37
(%) 0 0 0 1 0 0 0 1 0 0 0 1
U205 0.01 0.00 0.37 1.10 0.00 0.05 0.00 0.01 0.00 0.00 0.01 1.18
-~ (%) 0 0 1 3 0 0 0 3 0 0 0 5
5 U300 0.00 0.00 0.00 0.00 0.08 0.08 0.00 0.00 0.00 0.00 0.00 0.16
= (%) 0 0 0 0 0 0 0 0 0 0 0 1
g U301 0.00 0.02 0.00 0.00 0.02 1.79 0.14 0.25 0.17 0.00 0.07 2.46
2 (%) 0 0 0 0 0 6 0 1 1 0 0 8
5 U405 0.00 0.00 0.00 0.00 0.00 0.10 0.57 0.00 0.00 0.00 0.01 0.68
g (%) 0 0 0 0 0 0 2 0 0 0 0 2
[ F201 051 0.00 0.18 0.95 0.06 0.73 0.07 0.77 0.06 0.02 0.88 4.05
(%) 2 0 1 3 0 2 0 2 0 0 0 13
W201 0.14 0.00 0.02 0.08 0.00 0.10 0.00 0.01 0.35 0.00 0.08 0.78
(%) 0 0 0 0 0 0 0 0 1 0 0 2
w101 0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.47 0.01 0.55
@ 0 0 0 0 0 0 0 0 0 1 0 2
M405 0.22 0.00 0.25 0.73 0.00 0.03 0.02 0.05 0.09 0.01 0.92 2.32
(%) 1 0 1 2 0 0 0 0 0 0 3 7
Sum 1476 0.05 1.39 4.74 0.34 291 0.89 1.18 1.08 0.64 3.46 31.44
(%) 47 0 4 15 1 9 3 4 3 2 11 100

A100-Paddy field, A301-Mixed perennial area, U204-Built-up area, U205-Residential area, U300-Government build-up, U30I-
Government area, U405-Road, F201-Forest, W101-Waterbody, W201-Man-made water body, M405-Miscellaneous.

Table 5: Estimated total area of built-up land: 2002 and 2019

Method OBIA RF
Year 2002 2019 2002 2019

2 2 2
LU (Area) Area (km*) % Area (km*) % Area (km?) o (lérrs?) o
Built-up 2.05 7.56 4.23 15.56 3.04 11.20 7.21 26.54
Non-built-up 25.12 92.44 22.94 84.44 24.13 88.80 19.96 73.46
Sum 27.17 100 27.17 100 27.17 100 27.17 100
Overall accuracy 76.47 82.35 86.55 90.76

The RF results were more accurate than the OBIA built-up areas identified via RF classification in the
results, as measured using ground surveys and 2002 and 2019 maps were used to assess the
statistical approaches. In addition, the high levels of population data.
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3.3 Population Estimation

Results of the population estimations from 2002 to
2019 were closely related to the VII analysis. In
2002, most of the population was concentrated in
the area surrounding the university and close to
agricultural areas. In 2019, the population was
concentrated in the residential and commercial
districts near the university town. The nature of
expansion led to the creation of a road to connect
the university with the surrounding urban
community, with a corresponding ribbon
development, as shown in Figure 3. The efficiency
evaluation of the point-, pixel-, and area-based
methods used the R? and RMSE indices with the
actual population from 60 sample data in both years.
Table 6 lists the results of the three methods of
population estimation for the R? and RMSE values.
The population estimation reveals that the area-
based method was efficient based on the R? values
(0.92 and 0.93 in 2002 and 2019, respectively). The

area-based method underperformed and was an
excellent means of rapidly predicting the population
in areas with complex land use, as shown in Figure
5. Moreover, the linear regression analysis of the
relationships among the land-use type, size of the
built-up area, and population in 2002 and 2019
produced determination coefficients (R?) ranging
from 0.62-0.97. In 2002, the population was mostly
dependent on the number of single rooms (R? =
0.97), which was similar to the number of houses
(R? = 0.95). In 2019, the population depended on
the number of rooms in a row house (R? = 0.91),
houses, hotels, and dormitories (R> = 0.84). The
classification of land-use according to the size of the
building and the population yielded appropriate
spatial population projections, as shown in Figure 5.
Considering the population of each grid using the
point- and pixel-based methods, the 300m? grid area
yielded the highest R2.

RF 2002

Legend - Built-up

OBIA 2002

OBIA 2019

. g 4Kk
Non-built up 1lometers

Figure 4: Built-up and non-built-up area extraction using RF and OBIA classification for 2002 and 2019

Table 6: Accuracy assessment results for the point-, pixel-, and area-based methods

2002 2019

Population R? RMSE Population R? RMSE

estimation estimation
Point-based
50 6,638 0.91 4.96 49,601 0.90 18.26
100 5,432 0.74 19.67 33,370 0.82 25.34
200 7,038 0.91 29.52 45,097 0.91 40.47
300 7,090 0.93 32.59 41,791 0.93 100.25
Pixel-based
50 15,270 0.75 5.51 93,546 0.79 19.43
100 10,725 0.89 2241 50,844 0.92 20.63
200 23,273 0.74 125.68 39,306 0.94 88.25
300 9,874 0.92 88.38 46,871 0.92 110.26
Area-based
All built-up 7,967 0.92 2.29 42,440 0.93 2.61
type

Population in 2002: 7,558, and population in 2019: 43,406 (Source: Department of Provincial Administration,

2019).
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Figure 5: Population estimation based on the area-based approach for (A) 2002 and (B) 2019
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Figure 6: Correlation coefficients (R? of the land-use classification according to the size of the building) for
2002 and 2019

The R? values using the point-based approach were
0.92 in 2002 and 0.93 in 2019, and the RMSEs were
32.59 in 2002 and 100.25 in 2019. To compare the
methods, the point-based approach was more
satisfactory than the pixel-based approach due to the
lower RMSE. In addition to our experience, this
technique appeared to provide a valuable estimation
of the population in a rural area using freely
available remote sensing data (i.e., Google Earth
and Open Street Map imagery) (Patel et al., 2015).

4. Discussion

Overpopulation is a major global issue, particularly
in developing countries. Advanced techniques for
estimating populations and land-use changes using
remote sensing images may provide more rapid
estimations than those produced through censuses,
which can therefore be used to identify policies and
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plans for further development. Mahasarakham
University is a centre of education in north-eastern
Thailand and has experienced rapid and continuous
growth since the implementation of a ‘Ministry of
Education’ policy aimed at expanding educational
opportunities (Keawnimit et al., 2016).

The economic returns of operating service
businesses are evidently higher than those of
farming (Figure 7). Local residents earn their
income by selling land, and a few have converted
the vending of rice paddies into a residential
business. As a result, land-use development has
supported the growth of the university. This study

identified a new land-use pattern called ‘uni-
urbanisation,” which refers to the rapid expansion of
an urban area in the form of urbanised clusters
around a university.




Figure 7: (A) Aerial photography acquired in 2002 by the Royal Thai Survey Department and (B) UAV image
taken on 23 May 2019, using a DJI Phantom 3 Professional

The university serves as a key centre that attracts
students and others to live adjacent to the university.
This land-use pattern is more apparent around
universities in Southeast Asian countries and not
around universities in Europe, the U.S.A., and
Australia. Thus, we strongly recommend that studies
on the land-use changes associated with other Asian
universities should be conducted in the future.
Applying the VII method using land-use maps is
highly accurate and efficient, involving user
knowledge, the possibility of verification via field
surveys, and high-resolution images. For effective
image interpretation, an algorithm that improves
image contrast is essential (Alahmadi et al., 2013,
Som-ard et al., 2018 and Svatonova, 2016). The RF
method is sufficiently flexible in identifying built-up
areas to allow the input of multi-sourced data (Chen
etal., 2017, Ma et al., 2017, Pesaresi et al., 2016 and
Sun et al., 2017). The use of Sentinel-2A images is
highly effective for mapping built-up areas, and the
utilisation of these images for mapping other urban
sites is recommended (Ettehadi et al., 2019).
However, this study only used images taken on a
single date to extract built-up areas. The
misclassification of built-up areas and miscellaneous
regions occurred due to the presence of reflectance
spectral features, which had similar signature
information and pixel values that overlapped with
those of the NBDI index (Guha et al., 2018). These
issues can lead to an inaccurate extraction of built-
up areas. Further, multi-temporal image and
geospatial data are necessary to allow the accurate
classification of built-up areas in complex land-use
contexts. Moreover, OBIA and RF classifiers must
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be well integrated to successfully identify built-up
areas and overcome the limitations (i.e., high
generalisation error and OOB error) discussed in
Pflugmacher et al., (2019). The point-, area-, and
pixel-based methods produced different population
estimates based on land-use and population data
acquired through a field survey. The sizes of the
residential areas relative to the average population
in each built-up type were different. This study
found that the area-based estimation technique was
highly accurate and can be used with confidence
because this method measures the average
population per residence based on the building type
according to land-use maps and field surveys. The
identified structures mostly included detached
houses, row houses, hotels, dormitories, commercial
buildings, and townhouses. Alahmadi et al., (2014)
suggested that classifying built-up areas within
different structure categories can improve the
accuracy of population estimates; this study was
based on this idea and aimed to estimate the
population of each built-up area. Population
calculated via an area-based approach yields
different results from those estimated via other
approaches. The use of significantly high-spatial
resolution imagery considerably improved the
accuracy of the estimates (Alahmadi et al., 2013 and
2014, Dong et al., 2010, Guo et al.,, 2017 and
Mossoux et al., 2018). The estimated population of
the built-up area type, identified using the VII
method, was in good agreement with the actual
population (Kaimaris and Patias, 2016). This result
was verified and coincides with the results of

-




previous studies (Guo et al., 2017 and Saberifar,
2013).
Meanwhile, the highest average R?> and RMSE
values for both years indicated that the model
provided an acceptable level of accuracy compared
to population data obtained from surveys and
interviews. A similar area-based approach was also
found to be effective for population estimation in a
complex land-use area around the university of the
Philippines (Galeon, 2008). Some limitations
concerning the use of land-use maps to estimate
population were identified, which led to
inaccuracies in the estimated population (Galeon,
2008, Kaimaris and Patias, 2016 and Deng et al.,
2010). In contrast, aerial remote sensing data (i.c.,
UAV  images) provided high-quality land
information for the visual interpretation of built-up
structures in this study. Simple linear regression
provided highly accurate population estimations.
Therefore, we suggest applying UAV images for
rapid, reliable, and cost-effective population
estimates in other areas. Compared to the area-based
approach, both the pixel- and point-based estimation
methods resulted in values that were more similar to
those obtained through the field survey. A grid size
of 200-300 m? was satisfactory for estimation and
provided results that were even more accurate than
those using the pixel-based method. The grid-based
approach used the exact location of built-up areas
from the VII method and determined groups of
building types based on grids. This approach has
proven effective for population estimation under
complex land-use situations. Thus, this method and
grid scales are promising for applications at other
urban sites and should be validated under different
land-use patterns. However, population estimation
using the pixel-based method was also relatively
accurate and should be conducted using a grid size
of 250-300m?, which is a suitable scale for urban
land use (Ye et al., 2019). The pixel-based approach
was less accurate because of the misclassification of
built-up areas. The pixel-based method is faster and
more accurate, and it may be useful to analyse
similar build-up types on a larger scale (in
conjunction with ground surveys) to reduce
estimation discrepancies. Moreover, the campus
area targeted in this study represents a variety of
human activities. Applying this approach to
communities of different sizes may yield different
results, thereby introducing error. Therefore, the
pixel-based approach may provide better estimation
accuracy in large communities (Karume et al., 2017,
Sun et al., 2016 and Ye et al., 2019).

An accurate assessment of the population size is
key for developing social and economic policies
(Saberifar, 2013). Population estimates have proven
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beneficial for policy planning in both public and
private-sector organisations, including those focused
on economic, social, and public health-related issues
(Karume et al., 2017 and Xie et al., 2015).
According to survey-based activity data, area-based

methods can be applied to estimate the populations
of university towns in both Thailand and other
Southeast Asian countries with similar urban cluster
patterns. Additionally, they should be applied to city
growth rates to generate estimates that will support
government agencies that currently lack annual
population data. The area-based approach is rapid
and inexpensive, and is therefore ideal for providing
population estimates in a timely manner.
Furthermore, using detailed satellite images in
comparison with spatial statistical analysis and geo-
weighted regression analysis techniques can help to
further increase the accuracy of population
estimations. Sentinel-2A images can be effectively
applied for population estimation in other urban
areas and university towns in Southeast Asian
countries. Moreover, automated approaches, such as
OBIA and RF classification, should be applied to
identify building types based on roof characteristics
in future studies. This approach may facilitate rapid
classification and simple building identification at a
large scale. These techniques allow population
estimations over diverse spatial areas and can be
applied in areas with diverse geographical and
social characteristics.

5. Conclusions

Land-use maps and land-use change based on the
VII method from 2002 to 2019 showed that there
was population growth in the study area surrounding
Mahasarakham University, which is considered an
important factor that influences land-use changes.
There was also a reduction in the paddy-field area,
together with an increase in built-up and residential
areas. The RF method for the extraction of
information on built-up areas using the Landsat-7
ETM+ in 2002 and Sentinel-2A MSI in 2019 was
more accurate than the OBIA method due to the
optimal classification algorithm in RF. The RF
classifier approach detects the generalization error
(OOB) and has no overfitting problem for the
resulting model estimates. Moreover, multi-spectral
image data can be imported to measure features
ranked by the MDA approach. Although the study
area has a complex pattern of land use, the area-
based method for population estimation and land-
use change analyses were more accurate than the
point- and pixel-based methods. Therefore, the
methods described in this study are useful for spatial
decision-making through the provision of rapid cost-
effective census data collection in a sub-district




municipality. Specifically, the proposed methods
can provide a basis for land-use planning
surrounding university towns. Such development
requires cooperation among the university, local
administrative organizations, and local community
to manage zoning areas and activities. Future
research objectives should include the development
of statistical techniques, along with aerial remote
sensing data, which can be used to determine the
relationship between land-use types and population
estimations.
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