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Abstract— Like many other countries, Bhutan is also experiencing rapid trend of urban expansion mainly due to out-migration
Sfrom rural to urban areas particularly in capital city, Thimphu. This study focuses on the dynamics of urban expansion, evaluating
urban growth and land consumption pattern of Thimphu, using multi-temporal Landsat images during the year 1990-2018. The main
aim of the study is to perform supervised classification to classify built-up area, green area, bare-land and others (water bodies,
agricultural lands, etc...) and to perform a change analysis from the viewpoint of increasing the built-up areas (man-made structures)
and decreasing in green and open spaces. Moreover, the study also highlights how has the land consumption pattern of the region
changed over the years. The findings of the study confirmed that the Thimphu city has its built-up areas increased during 1990-2018
with net growth of 4.63 km2 (106.19%). The urban area was 4.36 km2 in 1990, 5.80 km2 in 2000 (33.03% growth), which increased
to 7.24 km2 in 2013 (24.83% growth) and 8.99 km?2 (24.17% growth) in 2018. The study also showed that there is decrease in land
consumption between 1990-2018. In 1990, land consumption was 155.65 m2 per person which decreased to 78.48 m2 per person in
2018. This decrease in land consumption indicate that the city is experiencing increased densification between the years 1990-2018.
The classifier performance evaluation was done using overall accuracy and kappa coefficient. The classification produced an overall
accuracies ranging between 78.74% to 90.46 % and overall kappa statistics between 0.72 to 0.87 for all years indicating classification
accuracy of moderate to substantial accuracy.
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1. INTRODUCTION

Urbanization and shape of the surrounding regions are always an important factor in the developmental progress. Due to the dynamic,
complex and multifunctional nature of the urbanized areas, the comprehensive study on landscape conditions and alteration patterns
are significantly vital to obtain reliable information during decision making processes [1], [2]. Urban growth is the extension of new
developments from an urban region to the surrounding countryside. Urbanization-related land transformation demands significant
consideration and prioritization, particularly in a developing nation like Bhutan [3]. In general, there are two components of land
use - land use planning and land use regulation/ monitoring. The purpose of land use planning is to avoid land use conflict between
government, commercial, and citizen stakeholders, the result of which can be legal entanglements or environmental degradation. Land
use regulation, of which remote sensing monitoring is a component, conducted to ensure that real land use matches planned land use
and that instances of deviation are recorded.

The actual changes of landscapes are induced by urbanization processes such as residential or industrial land development and new
communication infrastructures. Due to this developmental process, population in urban cities are growing more rapidly than in rural
areas worldwide, particularly in developing countries [4]. Additionally, urbanization process also result in loss of fertile land which is
a severe violation of the country’s limited agricultural land [5]. The sprawling nature of urban development in the areas of big cities
in developming nations is the widely seen phenomenon of all urban population growth [6], [7]. With no exception, Bhutan is also
experiencing a similar trend of urban expansion mainly due to internal migration from rural to urban areas especially in capital city,
Thimphu. Thimphu city has seen its major development in the recent years where in the past the valley mostly consisted of terraced
fields mostly used for rice cultivation. The year 1990s marked the consolidation of traditional architecture using modern technologies
employing trained engineers and architects in T—himphu and towns in other districts [8]. Thimphu city has also seen a significant
transformation of its landscapes in the last four decades resulting in substantial land use and land cover (LULC) change; however, no
major systematic analysis of the urbanization trend and LULC has been conducted on this valley over the years explicitly. Remote
sensing data of urban environments are predominantly being used by many researchers and decision makers as an effective procedures
for mapping land use/land cover, building density, climatic conditions, socio-economic characteristics and their inter-relationship in the
area of interest over a long period without an in situ observations [9]-[11]. Land use/cover information plays a significant role in timely,
accurately and effectively monitoring land use changes which enable the policy makers in city regions to make a reasonable decision on
managing urban land resources effectively [12]-[14]. Therefore, to fill this gap, a change analysis is performed from the viewpoint of
increasing the built-up areas (man-made structures) and decreasing in green and open spaces. Among the various available data source,
many other studies that relates land cover observations have used Landsat images as a primary data source. Since 1972, numerous
studies have used data from the Landsat Multispectral Scanner (MSS), Thematic Mapper (TM), and Enhanced Thematic Mapper Plus
(ETM+) to determine land cover [9], [15]-[17].

2. STUDY AREA

The study area, Thimphu is the largest city and the capital of Bhutan. It lies in the Western part of the country (27°8” to 27°59” latitude
and 89°13” to 89°46’ longitude). Fig. 1 shows an official boundary of Thimphu city, which is the study area. Its approximate altitude
ranges from 2,240 to 2,648 msl with the surrounding hills rising over 3800 msl. The city part of the valley enjoys a warm, temperate
climatic condition with warm summer and cold and dry winter. The annual rainfall varies between 500 mm and 1000 mm. The average
daily winter temperature varies between 5—15°C and the average daily temperature during summer varies between 15— 30°C. Thimphu
is accessible by road, from India through the southern town of Phuentsholing, which is about 175 km away. It is also accessible by air
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from Paro, which is about 55 km.
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Fig. 1. Location of Thimphu (Study area), the capital city of Bhutan
In the short span of time, drastic urbanization and development is observed in Thimphu city with the initiation of planned development
program in the region as late as 1985 i.e. Thimphu Urban Development Plan (1986-2000). According to the National Housing and
Population Census Report (2005), the Thimphu city population was 79,185 (or 15,728 households) with a total area of about 26 km?2
implying a population density of 3,046 people per km2. Thimphu city contributes 40% of the nation’s urban population and 12.5% of
the national population of the total urban population of 196,111 in 2005 [8]. The total population of the city was 16000 in 1986, 43479
in 2000, 79185 in 2005, and 114551 in 2017 (Fig. 3). The city’s population increased by 2.72 times in 1986-2000 period and 2.64
times from 2000-2017. The population density of the city was 616 persons/km?2 in 1986, 1672 persons/km?2 in 2000, 3046 persons/
km?2 in 2005 and 4406 persons/km?2 in 2017. The increase in population was mainly due to the increasing rate of out-migration from
rural to urban areas as a result of increase in unemployment youths in search of better opportunities in the urban centers. Moreover,
various ministries and departments of Royal Government of Bhutan, private sector enterprises, trade, transport and tertiary services are
present in the city which attracted most immigrants to Thimphu. As a result, the increase in physical population density has significantly

a. 1990 c. 2013

Fig. 2. Landsat 5 (TM), Landsat 7 (ETM+) and Landsat 8 (OLI) Satellite images of Thimphu City (False colour composite images)

3. DATA USED

In this study, the multi-temporal Landsat data series of 1990 (Landsat 5-Thematic Mapper (TM)), 2000 (Landsat 7 — Enhanced Thematic
Mapper Plus (ETM+), 2013 and 2018 (Landsat 8 — Operational Land Surface Imager (OLI)) were used. The remote-sensing data, were
downloaded from freely available Landsat archive of National Institute of Advanced Industrial Science and Technology (hereinafter
referred to as "AIST"), Geological Survey of Japan and freely available Landsat archive of United States Geological Survey (USGS)
(http://earthexplorer.usgs.gov/). The Landsat 8 images data (2013 and 2018 images) used in this study being processed by AIST is
originally from US Geological Survey. Table 1 show the characteristics of the Landsat data and the information of the images used to
produce the final classified map. Fig. 3 shows the change in population of the Thimphu city over the years.
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Fig. 3. Population statistics of Thimphu City in selected years
Table 1. Detailed description of the satellite imageries.
Satellite Landsat 5§ Landsat 7 Landsat 8 Landsat 8
Sensor ID ™ ETM+ OLI TIRS OLI TIRS
Acquisition Date 16 Dec. 1990 30 Sept. 2000 12 Sept. 2013 27 Oct. 2018
Cloud Coverage (%) 0 0 0 0
Pixel Size (m) 30 30 30 30
Band Combination 1-5-7 1-5-7 7-6-2 7-6-2
Path/Row 138/041 138/041 138/041 138/041
4. METHODOLOGY

Deep learning (DL) techniques have recently been widely incorporated for the classification of remote sensing images, but fewer
research have used them for land consumption (LC) i.e the land transformation process which results into the loss of agricultural,
natural and semi-natural areas due to the construction of new buildings, the expansion of cities, and the infrastructure in the city [18],
[19]. In this study, multi-temporal Landsat images were acquired for the years 1990, 2000, 2013 and 2018. In the first step, layer staking
was carried out followed by clipping the study area using an official boundary of Thimphu municipal boundary shape-file. Secondly,
different band combination was performed in order to better visualize the Landsat images. The sensors present in the Landsat satellite
has different bands in different wavelengths. The OLI sensor aboard Landsat 8 has nine bands for capturing the spectral response of
the earth's surface at discrete wavelengths along the electromagnetic spectrum. Landsat 7 (ETM+) images consist of eight spectral
bands with a spatial resolution of 30 meters for Bands 1 to 7 and 15 meters for Band 8 (panchromatic). Landsat 5 (TM) images consist
of seven spectral bands with a spatial resolution of 30 meters for Bands 1 to 5 and 7. Spatial resolution for Band 6 (thermal infrared)
is 120 meters, but is resampled to 30-meter pixels. The Table 2 shows various bands from Landsat 8 OLI TIRS sensor and how these
bands from Landsat 8 OLI multi-spectral bands line up with Landsat 7 (ETM+) and Landsat 5 (TM) sensors. From the literature,
different band combinations are available with varying capabilities to distinguish various features in a Landsat images [15], [17], [20].
For the purpose of this study, bands 1, 5 and 7 were chosen for Landsat 5 and 7 (1990 and 2000 images) and band combinations of 2,
6 and 7 were chosen for Landsat 8 (2013 and 2018 images). After successful band combinations different land use/land cover classes
was mapped for each year of the select city using supervised classification technique. The successful classification primarily depends
on selection of suitable classification method [21]. Currently, there are various techniques available for change detection [22], [23].
The supervised classification technique employing Maximum Likelihood Classifier algorithm is the most commonly and widely used
algorithm with higher classification accuracies [24].

In this algorithm the pixel-based approach was used to assign the pixel to each classes with the highest matching probability. Therefore,
Maximum Likelihood Classifier classification procedure was used to classify the region into at least four major land use classes for each
image. This include-urban/built-up areas, green areas, bare land and others (water bodies, agricultural land etc...) for each images. The
image classification consisted of carefully selecting training samples and testing samples to produce an accurate classification. LULC
maps published by forest resource management division under ministry of agriculture and forest, Bhutan, Google Earth images, expert
knowledge from local land owners and visual interpretation of colour composite images were utilized as a reference data for selecting
the training and testing samples. The Table 3 shows the number of training pixels and testing pixels generated for each classes.
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Fig. 4. The flowchart of the proposed method for LULC mapping
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Table 2. Landsat multi-spectral bands and how the bands from Landsat 8 line up with Landsat 7 (ETM+) and Landsat 5 (TM)

Landsat 8§ OLI Landsat 7 ETM+ Landsat 53 TM
Resol
Waveleng . Resol . Resol
Band Name utien | Band Name Wavelen ution | Band Name Wavelengt ution
th (um) gth (pm) h (pm)
s (m) s (m) s (m)
Band 1
X 043 -
Coastal/Aeros 045 30
ol
045
Band 2 Blue 051 30 Band 1 Blue 045-0.52 30 Band 1 Blue  0.45-0.52 30
0.53 - Band 2 Band 2
Band 3 Green 0.59 30 Green 0.52-0.60 30 Green 0.52-0.60 30
Band 4 Red 06627_ 30 Band 3Red  063-069 30 Band 3 Red 0.63-0.69 30
Band 5 NIR 068858_ 30 Band 4 NIR  0.77-090 30 Band 4 NIR 0.77-0.90 30
Band 6 SWIR 157- Band 5 Band 5
1 L65 30 SWIR 1 1.55-1.75 30 SWR 1 1.55-1.75 30
Band 7 SWIR 2.11- Band 7 Band 7
2 229 30 SWIR 2 2.09-235 30 SWRR 2 2.09-2.35 30
Band § - Pan 0.50-0.68 15 Band§Pan  0.52-090 15
BandS- 36138 30
Cirrus
Band 10 TIRS 106 - 10.40- 60 120
1 1119 100 Band 6 TIR 1250 (30) Band 6 TIR  1040-12.50 (30)
Band 11 TIRS 115-
2 1251 100

Table 3. Number of pixels of training samples and testing samples for each classes

Training Pixels Testing Pixels
Classes’  Builtup Green f:;z Others | Builtup S;::Su f:;: Others

Year  areas(no. areas (no. ( (no. of | areas (no.

no. of (no.of  (no. of (uo. of

of pixels)  of pixels) pixels) pixels) | of pixels) pixels)  pixels) pixels)
1990 388 4556 183 155 110 115 100 101
2000 429 2025 115 651 131 154 102 100
2013 411 2215 242 255 118 120 107 120
2018 2523 2993 131 349 148 161 100 113

5. RESULTS
In order to evaluate the percentage of changes in land consumption pattern, various satellites images (Table 1) is being explored to
map the urban growth of Thimphu city from the given years in 1990, 2000, 2013, and 2018. Supervised classification using Maximum
Likelihood Classifier algorithm was applied using ENVI 5.5. The classification was carried out by carefully selecting the training
samples of four classes as shown in Table 3. Since some of the features such as water bodies, man-made structures, barren land and
others under the study area are found smaller in size and also due to medium resolution of Landsat images, some patches of areas
might have been misclassified. The classification results exhibited that the percentage of man-made structures has increased over the
years. However, there is significant decrease in percentage of green area coverage. The number of pixels count on each classes in each
year is shown in Table 4, while the percentage change of each classes are depicted in Table 5 which can be further visualized in Fig. 5.
From the result it is shown that the built-up areas have expanded by about 17.64% over the period from 1990 to 2018, while there was
decrease in green areas by around 19.16%. The increase in man-made structures have been observed significantly between the years
1990 to 2000 (5.49%) and 2013 to 2018 (6.68%). There was a significant increase in the percentage (14.78%) of land areas in 2013 than
in other years. This is mainly due to a boom in the construction sectors along Olakha and Babesa areas. The Fig. 6 shows the land cover
map of Thimphu city divided into four classes in the years 1990, 2000, 2013 and 2018. The images show an increase in the built-up
areas and decrease in green areas over the years.
The result also confirmed that the Thimphu city has its built-up areas increased during 1990-2018 with net growth of 4.63 km2
(106.19%). The urban area was 4.36 km2 in 1990, 5.80 km2 in 2000 (33.03% growth), which increased to 7.24 km2 in 2013 (24.83%
growth) and 8.99 km2 (24.17% growth) in 2018 as shown in Table 6. There is also decrease in land consumption between 1990-2018.
In 1990, land consumption was 155.65 m2 per person which decreased to 78.48 m2 per person in 2018 that deduces the correlation
between urban growth and population growth of the city. Therefore, this periodic decrease of land consumption indicate that the city
experienced a decreasing trend indicating increased densification between the years 1990-2018.

Table 4. The four classes and the number of pixels in the images for each year

Years (No. of pixels)

Classes 1990 2000 2013 2018
Built up Area 4842 6446 8043 9994
Green Area 16659 13392 12913 11064
Bare Land 1000 1153 4314 1998
Others 6693 203 3924 6138
Total 29194 29194 29194 29194
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Table 5. The four classes and their percentages in the images by years

Classes (% Years
o) 1990 2000 2013 2018
Built up Area 16.59 22.08 27.55 3423
Green Area 57.06 45.87 4423 37.90
Bare Land 343 3.95 14.78 6.84
Others 22.93 28.10 13.44 21.02
Total 100 100 100 100
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Fig 5. Percentage changes in the four classes by years
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Fig. (6). Land cover map of Thimphu City in the years (a) 1990, (b) 2000, (c) 2013 and (d) 2018)
Table 6. Urban Growth and Land Consumption Patterns (LPC) of Thimphu City during 1990-2018

Year Population ~ Built-Up-Area  Urban Growth LCP (m?/person)
(Persons) (kmr’) (o)

1990 @28012 436 155.65

2000 43479 5.80 33.03 133.40

2013 ©85765 7.24 24.83 84.42

2018 @ 114551 8.99 24.17 78.48

@ Estimated [16]
® Estimated [8]

© Estimated-Data Collection Survey on Urban Development and Environment in the Kingdom of Bhutan [25]
@ Population and Housing Census of Bhutan 2017 (PHCB, 2017)
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Fig. (6). Land cover map of Thimphu City in the years (a) 1990, (b) 2000, (c) 2013 and (d) 2018)

6. ACCURACY ASSESSMENT

When using remotely sensed data in thematic map creation, the accuracy assessment of thematic maps to determine its classification
accuracy or map correctness remains a fundamental process. It is the quantitative assessment of image classification accuracy. The most
commonly used metric for evaluation is overall accuracy [21]. Therefore, in this study the confusion matrix method was applied to all
the classes using ENVI 5.5 software for all the images. The quantitative control was applied to evaluate producer’s and user’s accuracy,
overall accuracy and kappa statistics. Using random sampling process, a minimum of 100 testing samples (in pixels) (Table 3) were
utilized for each classes. The result showed that the classification produced an overall accuracies greater than 78.74 % and overall
kappa statistics greater than 0.72 for all classes across all years as shown in Table 7 with moderate to substantial accuracy.

Table 7. Accuracy Assessment of the Classifications results for all classes of each year

Years Accuracy/Classes Built-Up- Green Area Bare Others
Area Land
Producer's Accuracy (%) 91.82 99.13 79.03 86.14
1990 User's Accuracy (%) 99.02 86.36 98.00 83.65
Overall Accuracy (%)= 90.46 Kappa Coefficient=0.87
Producer's Accuracy (%) 97.00 99.00 76.47 77.10
2000 User's Accuracy (%) 84.35 83.7 97.5 93.52
Overall Accuracy (%)= 88.29 Kappa Coefficient=0.87
Producer's Accuracy (%) 84.75 100 88.79 83.33
2013 User's Accuracy (%) 91.74 97.56 73.08 97.09
Overall Accuracy (%) = 89.24 Kappa Coefficient=0.85
Producer's Accuracy (%) 76.35 93.79 88.00 52.21
2018 User's Accuracy (%) 86.92 91.52 64.71 64.84
Overall Accuracy (%)= 78.74 Kappa Coefficient=0.72

7. DISCUSSION AND CONCLUSION

In this study, urban growth and land consumption patterns of Thimphu city was evaluated using multi-temporal Landsat images.
The classification results were compared to evaluate the land cover changes in the selected years (1990-2018). This change is the
quantitative difference between geo-referenced, digital image values obtained in multi-temporal images over time. The reference
data such as LULC maps, Google Earth images, expert knowledge and visual interpretation of color composite images were used
for selecting classification training samples and accuracy assessment. While not error free, the result showed that the built-up areas
increased by 17.64 % during 1990-2018. In contrast there was a decrease of 19.16 % green areas within the same period. The fact
that this change is mainly due to the rapid population growth as a result of out-migration from rural to urban areas, urbanization and
commercial development in the region.

Due to the lack of training data of the period and non-heterogeneity of the terrain the classification process remained challenging. Also,
in this study freely available Landsat images were used for change analysis with 30 m spatial resolution. Due to the medium-resolution
of image and as most of the man-made structures being generally shorter than 30 m in length their might have been some possible errors
in the classification processes since the resolution of image dataset effects the classification accuracies. It is therefore recommended to
use images of higher resolution if possible, to increase the classification accuracies by the future researchers. It is also recommended
that all the multispectral bands of images be fused with a panchromatic band to produce high-resolution images.
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