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Abstract— This article depicts the impact of Land Use and 

Land Cover (LULC) change using multi-temporal remotely 

sensed data in the Kaduwela metropolitan area located in 

Colombo District for the period between 1997 and 2019. To 

obtain information from the satellite data, the Maximum 

likelihood supervised classification technique and post-

classification change detection strategy were applied. Besides, 

Spectral indices were utilized to define the ground truth. Thus, 

the study area was divided into four main land use/cover classes, 

and hence five satellite images for the years; 1997, 2007, 2014, 

2017, and 2019 with low cloud cover were identified. According 

to the study, urban development resulted in a significant 

conversion of vegetation cover to the urban development of 

around 36 km2 during the past 22 years. The generated map 

showed that between 1997 and 2019, the built-up area increased 

by 43.62 percent whereas vegetation cover decreased by 41.72 

percent. The overall precision of the data produced ranged from 

72 to 81 percent. The dramatic growth of the urban population 

will boost the risk of natural environmental diminishing. This 

study assesses the change in the LULC pattern for the previous 

22 years, providing useful information for the urban planners to 

make sustainable environmental decisions.  

Keywords— Change detection, LULC, Maximum likelihood 

supervised classification, Spectral indices 

I. INTRODUCTION  

Land use/cover change analysis is a useful method for 
assessing global change at different geographical and 
temporal dimensions. Furthermore, it indicates the scale of 
human activity in a specific setting. The definition of land 
cover is the physical feature on the surface of the earth such 
as forests, other lands, and water kinds including wetlands, 
impermeable surfaces, agricultural land, etc. whereas Land 
use is defined as how the land is used by the human 
(agriculture, industry, settlement, etc.) but both are related to 
each other, and it is interchangeable [1]. The ecosystem is 
impacted by LULC changes [2] especially due to 
urbanization, population growth, and changes in the local 
climate [3]. Urbanisation is defined as a city's radial 
development around a rural region. Commercial operations 
are moving to the country's main roadways, while residential 
developments are moving to the country's quieter roads. On 
the other hand, such expansions are accomplished via 
deforestation of agricultural fields [4]. As a result, 
development activities carried out by humans in the region 
result in rapid changes in LULC. The community may be 
unable to comprehend the scope of growth and environmental 
changes because of rapid development. In such instances, 
viewing from space to Earth helps monitor human behaviour 
based on natural resources, which is becoming increasingly 

significant nowadays. The observations can be used to get 
access to rapid or undocumented land-use changes. Earth-
observing satellites are critical for analysing the Earth's 
characteristics, infrastructure, and environmental changes. 

In the present world, ground-based monitoring devices are 
replaced by Remote Sensing systems for their convenience as 
it has several advantages which could be directly applied for 
environmental analysis such as less expensive to acquire data, 
larger area coverage, and the availability of long-term 
historical data including inaccessible areas [5]. Thus, Remote 
sensing is excellent for gathering information about the 
current condition and identifying distinct patterns in land-use 
change on a global scale. Different indexing approaches can 
be used to evaluate man-made or natural environmental 
changes [6]. Supervised and unsupervised classification are 
general classification techniques. Both are dependent on 
spectral information in which supervised classification is 
preferable if training data is available.    

Urban centres in Sri Lanka are concentrated along with 
coastal belts, mostly in the country's western and southern 
regions. Like other developing countries, Sri Lanka is also 
facing rapid growth in population and urbanization in many 
areas, especially around the Colombo area. Colombo is 
Sri Lanka's metropolitan region and hence it is experiencing 
rapid urbanization. As a result, suburbanization is accelerating 
in Colombo's neighbouring districts. Although the growth rate 
around Colombo was significant in the 1970s and 1980s, it can 
now be seen in newly constructed places outside of the city 
[7]. As a result, rural land uses are changed to urban activities 
in this situation. The town of Kaduwela has a tight association 
with the Colombo Municipal Council, which is likewise 
suffering a similar growth rate. So, for sustainable 
development and urban planning management, precise up-to-
date information on LULC is necessary but due to the lack of 
such analysed information in the Kaduwela area, sustainable 
development in this area in near future may be questionable. 
Thu, the remotely sensed data is predominantly important in 
this area. So, this paper illustrates the LULC classification in 
the Kaduwela urban area of Sri Lanka using remotely sensed 
data. Particularly, the aim is to monitor and address the LULC 
changes in the Kaduwela area for sustainable urban 
development planning with the baseline of 1997 using satellite 
data. As Kaduwela is covered with different land use/cover 
patterns in a comparatively large area, the accessibility of 
every nook and corner is impossible in short planned time 
duration. In such context, remote sensing and GIS techniques 
came into account to full fill the gap which allows for analyse 
of the inaccessible area using satellite imageries.   



II. METHODOLOGY 

A. Study Area 

 

Fig. 1. Study Area, Kaduwela 

Fig.1 illustrates that the Kaduwela region is in Sri Lanka's 
Western Province. The region covers 91km2 and is 
geographically located between North latitudes 6°51'0" and 
6°57'0" and East longitudes 79°54'0" and 80°3'0". 
Battaramulla, Kaduwela, and Athurugiriya are the three main 
areas that make up this division. It is 15 kilometers away from 
the city of Colombo and has 57 Grama Niladari Divisions. The 
overall population of the Colombo district was 1,699,241 in 
1981, according to Census and Statistics, and climbed to 
2,251,274 in 2001 and followed by 2,324,349 in 2012 [8]. In 
2001, the overall population of the Kaduwela divisional 
secretariat was 209,741, accounting for 9% of the total 
population of Colombo [7]. Kaduwela lies in the tropical 
rainforest climatic zone and throughout the year, it is usually 
(quite) hot, humid, and rainy region. This urban area 
experiences a yearly average temperature of about 31°C, with 
an average annual rainfall of 941 mm. 

B. Data Sources 

Five Landsat satellite images of two different satellite 
sensors; Landsat 5 Thematic Mapper (TM), Landsat 8 
Operational Land Imager, and Thermal Infrared Sensor 
(OLI/TIRS) were acquired for this study based on cloud cover, 
month, and year. Even though the cloud cover of the selected 
satellite images ranged from 2 to 24 percent (TABLE I), care 
was taken when choosing the images to ensure that there was 
no cloud cover on top of a specific region that includes the 
study area: Kaduwela. The images were then cross-checked 
once the study area had been extracted to help prevent 
classification errors. As a result, the remaining area outside of 
the considered zone is cloud-covered, which accounts for the 
high amount of cloud cover. The images have been 
georeferenced to the WGS 84 datum and the Universal 
Transverse Mercator (UTM) map projection (Zone 44N), and 
ellipsoid using conventional terrain and atmosphere 
adjustments (Level 1T). Satellite images comprised of 7th of 
February 1997, 2nd of January 2007, 21st of January 2014, 13th 

of January 2017, and 3rd of January 2019 were employed as 
shown in TABLE Ⅰ. 

C. Overview of Methodology 

This comprises three main procedures. The first involved 
image classification to produce land use/cover maps by 
supervised classification technique to simplify the study. 
Which, to identify the training data spectral indices such as 
NDVI (Normalized Difference Vegetation Index), NDBI 
(Normalized Difference Built-up Index), and LST (Land 
Surface Temperature) were used along with visual cues. The 
second one includes the application of change detection 
technique using post-classification change detection method 
to check the reformation on the ground area and the final one 
includes the accuracy assessment.  

 

1) Image classification  
The single band images in the Landsat 5TM and Landsat 

8 OLI / TIRS image folders were combined into multi-band 
images via composite band tool using Arc GIS software to 
obtain True-colour composite images for the respective years; 
1997, 2007, 2014, 2017, and 2019 to make it easier to interpret 
the images visually. To get the research area for the analysis, 
image sub-setting was done via a clipping tool. The training 
samples were chosen using the reference from Google Earth 
Pro and results identified from spectral indices and then 
merged into four different land use/cover classes as water 
bodies, vegetation, built-up area, and barren land. The images 
were classified using a supervised classification, maximum 
likelihood algorithm. Under spectral indices, NDVI, NDBI, 
and LST were employed to identify the ground truth. The 
NDVI is the most often used method for detecting changes in 
vegetation cover whereas NDVI is used to analyses the 
urbanized and built-up areas. The reason for selecting LST is 
to evaluate the influence on temperature owing to the 
environmental alterations point out directly above to further 
check on ground truth.  

a) Normalized Difference Vegetation Index (NDVI)   

In the electromagnetic spectrum, green vegetation can 
reflect the Near-Infrared (NIR) wavelength range (0.64 – 0.67 
m) while strongly absorbing the red portion range (0.85- 
0.88 m) [9] and was calculated as (1). 
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The NDVI scale runs from -1 to +1, with minus NDVI 

values for water bodies and positive NDVI values for green, 
healthy vegetation. It is mainly calculated to determine the 
city's spatial green cover pattern. 

 

b) Normalized Difference Built-up Index (NDBI)   

 Build-up areas have a higher reflectance in the Short 
Wave Infrared (SWIR) band (1.57-1.65 m) than in the Near-
Infrared (NIR) band (0.85-0.88 m). [10] and was calculated 
as (2). 
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The range of NDBI values is -1 to +1, with positive values 

indicating densely populated areas. 

(1) 

(2) 



c) Land Surface Temperature (LST) retrieval   

Radiometrically adjusted bands were employed for the 
LST analysis. Bands 3, 4, and 6 (thermal infrared) were used 
for Landsat 5 TM, and Bands 4, 5, and 10 (thermal infrared) 
were used for Landsat 8 OLI / TIRS. There are various 
specific stages required in evaluating the LST [9]. 

 
Initially, the thermal infrared pixels were first 

transformed to spectral radiance using the Digital Number 
(DN) values using the equation (3). 
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Where, QCAL = Quantized calibrated pixel value, 
LMAX λ = Maximum and LMIN λ = Minimum spectral 
radiance, QCALMAX = Maximum, QCALMIN = Pixel 
value with the lowest quantized calibrated value 

Then, the temperature of the at-sensor was calculated 
using spectral radiance measurements, which represent the 
temperature of the black body as (4). 

�� = �2
ln  �1

�� + 1"
− 273.5 

 
Where, BT = Black body temperature, K1, and K2 are 

calibration constants and can be found in metadata. 
Finally, the emissivity corrected LST value was 

calculated using Equation (5).  
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Where; Ts is the emissivity corrected LST in Celsius, λ = 
emitted radiation wavelength and ɛλ = Emissivity and ρ = 
h(c/σ) = 1.438 ×10-2 mK [h= Planck’s constant (6.626×10-

34  Js), c = light velocity (2.998 × 108 m/s) , = Boltzmann 
constant (1.38 × 10-23 J/K)].  

 
The equations below can be used to compute emissivity 

(ɛ) and the proportion of vegetation (Pv); (6) and (7). 
 

ɛ = 0.004 /0 + 0.986 
 

/0 =  ���� − ����456
����478 − ����456"9 

2) Change Detection 

Natural and manmade forces are both responsible for 
changes on the surface of Earth. Natural changes are often 
mirrored by changes in natural land cover, which are tied to 
seasonal and annual fluctuations in climatic circumstances. 
The effects of human-induced alterations are not always 
limited to locations where the landscape has been 
intentionally altered. Change detection methods assume that 
a change in reflectance in the research region is followed by 
a change in land cover or substance. Image differencing, 
principal component analysis, and post-classification 
comparison are among the most extensively utilized change 
detection algorithms that have recently emerged. In this 

study, the post-classification technique [11] was utilized 
since not only it does give the size and distribution of the 
study region but also it may provide a path for percentage 
change detection as well. This technique was employed to 
analyses the information of “from-to”.  
 

3) Accuracy Assessment  
The ground truth data was utilized to validate the classified 

land cover maps. As a result, reference data from the accuracy 
of land use/cover maps were checked using Google Earth Pro. 
100 random points were chosen and put onto Google Earth 
Pro and the names of each class were recorded using visual 
interpretation. Finally, overall accuracy, producer/user 
accuracy, and kappa coefficient estimates have been generated 
for each land use/cover dataset. [12]. 

TABLE Ⅰ. Characteristics of Satellite data 

Fig. 2. Land Use/Cover Classification for 1997 and 2019 

Acquisition 
Date 

Time 
(GMT) 

Satellite 
Type 

Cloud 
Cover 
(%) 

1997/02/07 
 

04:18:24 Landsat 5 
TM 

8.00 

2007/01/02 
 

04:48:29 Landsat 5 
TM 

24.00 

2014/01/21 
 

04:54:48 Landsat 8 
OLI / TIRS 

10.83 

2017/01/13 
 

04:53:49 Landsat 8 
OLI / TIRS 

2.86 

2019/01/03 
 

04:53:31 Landsat 8 
OLI / TIRS 

16.94 

(5) 

(6) 

(7) 

(3) 

(4) 



Fig. 3. Land Use/Cover Change Patterns Over 1997 - 2019 

III. RESULTS AND DISCUSSION 

Fig. 2 depicts land use and cover classes in the Kaduwela 
Metropolitan region of Colombo district in 1997 and 2019. 
Similar kinds of maps were generated for the remaining years 
also. Between 1997 and 2017, spatial patterns of land use 
revealed that urbanization followed specific routes. For 
example, built-up lands used to follow the direction of the 
south-west, north-west, and east trends, but at present, the 
trend is horizontally expanding. The urban expansion of 
Kaduwela has been severely hampered by large infrastructure, 
roads, and other development projects. However, the analysis 
of the 2017 and 2019 land use/cover maps, on the other hand, 
suggested that accelerated land-use change is starting in 
Kaduwela and expanding in all directions, particularly to the 
south-west, through public, private, and individual household 
sectors. Individuals converting land for speculative reasons 
has had a significant impact on the growth of suburb areas.  

The nature of land-use changes shows a significant 
increase in built-up areas (TABLE Ⅱ). For example, in 1997, 
built-up areas were 4.02 km2, but by 2007 they had risen to 
23.84 km2, suggesting a 22 percent increase in just ten years. 
Moreover, Fig. 3 depicts the changes in land use/cover from 
1997 to 2019. The immense pressure exerted on natural land 
covers due to urbanization in the Kaduwela urban region can 
be seen in this map and it is further validated by the statistical 
area change analysis summarized in TABLE Ⅱ. TABLE Ⅲ 
shows that between 1997 and 2019, built-up areas rose by 
39.46 km2 while vegetation declined by 38.09 km2. According 
to the analysis, built-up areas expanded by 43.62% in 2019 
(TABLE Ⅱ) compared to 1997, while vegetation decreased by 
41.72%. Barren land decreased to 2.42% within the same 
period, followed by an increase in urban infrastructure. 

The city has expanded significantly in comparison to its 
early stages to accommodate the growing population, but 
physical limitations have severely hampered its geographic 
expansion. As a result, natural resources have been depleted 
due to the preponderance of development. The growth of 
Kaduwela has been noted to be remarkably rapid. So, 
simultaneously the vegetative areas and barren terrain, in 
particular, were turned into built-up areas. Inadequate 
housing, unplanned growth, a lack of consideration in proper 
land use legislation, and a lack of credible information on 
existing land-use practices are all contributing to undesirable 
land use/cover changes, which is resulting in a scarcity of 
nature-friendly environment. In Fig. 4, the variables' visual 

representations LST, NDVI, and NDBI were used and they 
qualitatively supported the theoretical correlations between 
NDVI, LST, and NDBI, LST variables. As a result, areas with 
high NDBI (for example, built-up regions) have high LST, 
and areas with high NDVI (for example, plant cover) have low 
LST, as expected. Importantly the results of spectral indices 
from Fig. 4 indicated the ground truth, especially the 
vegetative and built-up areas which were further cross-
checked by the temperature map.  

The accuracy of the classified land use/cover maps was 
evaluated. For all five years, error matrices were employed to 
test the accuracy. The overall accuracies for 1997, 2007, 2014, 
2017, and 2019 were 80%, 76%, 81%, 72%, and 72% 
respectively, with Kappa statistics of 53%, 57%, 71%, 58%, 
and 57%. The accuracy of the producer and the user ranged 
from 40% to 100%. Furthermore, as image spatial resolution 
declines, spectral mixing of distinct categories occurs, leading 
to spectral misunderstanding across land covers. These could 
be the causes behind the poor accuracy land cover map. Still, 
Kappa statistics showed moderate to substantial agreement. 

Misclassifications were obtained between built-up areas 
and barren land, and barren lands and cultivated agricultural 
land. Furthermore, some water sources have been designated 
as wetlands. Built-up areas are unlikely to convert to other 
types of land cover, such as vegetative regions or wetlands. It 
may possible that the changes were caused by classification 
errors. However, when the accuracies of land use/cover data 
were examined, it was discovered that the datasets did not 
meet the USGS's minimal overall accuracy [13] standard. This 
is mainly due to the misclassification of similar spectral 
classes. Moreover, because of the low resolution of the 
satellite images, the classification of places with similar 
spectral properties was a bit challenging. The study area 
coverage is somewhat small, so exaggeration of the images to 
visually interpret the classes using supervised classification 
was puzzling in some instances. In addition, there are quarry 
locations in this selected area and because of the images' low 
resolution, the class named quarry was not considered during 
the classification.  

IV. CONCLUSIONS  AND RECOMMENDATIONS 

The use of remote sensing to classify land use/cover in the 
Kaduwela Urban area is described in this article. The findings 
revealed that this area has been experiencing increasing 
urbanization, which has resulted in a rapid loss of natural 
resources. The rapid growth of population and urban 
infrastructure has resulted in a large increase in urban built-up 
areas, which has increased from 4.40 percent to 48.02 percent 
during the past 22 years. As a result, vegetation and bare 
ground are rapidly diminishing. The spectral indices assessed 
again prof that the LULC changes in the Kaduwela area for 
the past 22 years are extensively high, and this can be 
observably seen in Fig.2 itself. Our bodies are constructed to 
exist in temperatures between 4 to 35 ˚C but, if humidity is 
less than 50%, we can tolerate somewhat higher temperatures 
[14]. However, the maximum temperature in Kaduwela was 
reached around 31  ˚C in 2019. So due to the rapid 
urbanisation, it is obvious that the temperature will increase to 
a higher level than this and become a threat human to survival. 
Moreover, informal settlements have been experienced in this 
area as a result of the population's fast expansion, and the 
mitigation taken to solve such problems is not up to a 
satisfactory level. To mitigate the negative environmental 
impact due to the expansion of urban centres, a proper 



planning system need to be strictly implemented, and efficient 
coordination must be assured to preserve the rapidly 
diminishing natural resource. In addition, urban centres and 
the surrounded environment need to be protected. So, urban 
expansion should be limited to vegetated areas otherwise in 
urban areas green roof systems or green pavement systems 
need to be promoted to maintain ecological balance. 
Additionally, multidisciplinary research approaches need to 
be further encouraged in these urban development centres to 
analyse the pros and cons of urbanization and make necessary 
improvements in sustainable development. 

The accuracy level of the produced maps was somewhat 
near to the USGS minimum required level of 85%. Although 
accuracy is an important factor, this analysis shows a path and 
provides information for future researchers and urban 
planners regarding the importance of this analysis and the use 
of such analysis for sustainable development.  

The study took advantage of remote sensing and 
geographic information system (GIS) tools to calculate the 
land use/cover change in Kaduwela during the last 22 years. 
In some parts of the world access to geospatial data is 
restricted. In such cases, satellite data can be utilized to build 
information on land use/cover in such areas. So to conclude 
that land use/cover monitoring is equally beneficial for 
sustainable management in Kaduwela and around the world. 

Besides, It is important to note that all of the imagery used 
in this study only reflected the warm and dry seasons. 
Therefore it is recommended to use other seasonal data such 
as rainy season images can be considered to establish the 
seasonal spectral qualities of a highly dynamic urban 
environment with land cover change characteristics for future 
analysis to estimate the result of urban planning over a 
particular period during different seasonal variations.  

Fig. 4. Spectral Indices Analysis Map 
 
 
 
 
 
 
 
 

TABLE Ⅱ. LULC Change statistics from 1997-2019 

 
 

 

 

 

 

 

 

Change (1997-2019) 

Area Change 

(km2) 

Barren Land - Barren Land 1.16 

Barren Land - Built-up area 4.37 

Barren Land - Vegetation 2.55 

Barren Land - Water 0.35 

Built-up area - Barren Land 0.40 

Built-up area - Built-up area 2.89 

Built-up area - Vegetation 0.49 

Built-up area - Water 0.23 

Vegetation - Barren Land 4.50 

Vegetation - Built-up area 36.06 

Vegetation - Vegetation 33.76 

Vegetation - Water 1.53 

Water - Barren Land 0.18 

Water - Built-up area 0.50 

Water - Vegetation 0.98 

Water - Water 1.25 



TABLE Ⅲ. LULC Change statistics from 1997-2019 
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Year 1997 2007 2014 2017 2019 

Class Area 
(sqkm) 

Area 
(%) 

Area 
(sqkm) 

Area 
(%) 

Area 
(sqkm) 

Area 
(%) 

Area 
(sqkm) 

Area 
(%) 

Area 
(sqkm) 

Area 
(%) 

Water 2.93 3.21 2.24 2.46 2.03 2.22 4.72 5.17 3.39 3.71 

Vegetation 75.92 83.14 53.84 58.96 46.48 50.90 38.43 42.08 37.83 41.42 

Built-up 
area 

4.02 4.40 23.84 26.11 25.98 28.45 39.68 43.45 43.86 48.02 

Barren Land 8.45 9.26 11.39 12.47 16.83 18.43 8.50 9.31 6.25 6.84 


