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Abstract 

 

Land use optimization is an important tool to achieve sustainable urban land use planning, which 

aims to achieve long-term balanced urban development through economic prosperity, efficient 

resources use, environmental protection, and social equity. But, in reality, these objectives are 

competing and even, sometimes, conflicting. For example, if residential development occurs in a low-

lying area, it may fulfil the demand for urban housing, but it will create a problem for urban drainage. 

Construction of building structures may increase economic benefit, but it will deteriorate the 

environment and urban health. So, careful land allocation is of paramount importance in land use 

planning. Against this background, the overall aim of this dissertation is to sustainably optimize urban 

residential land use allocation. In line with the aim of the dissertation, five objectives were decided 

to fulfil the overall aim of this dissertation. These objectives are a) to investigate multi-objective 

urban land use optimization problem, b) to analyze the impact of land use land cover change on urban 

ecosystem service value, c) to develop an index to measure social benefits in urban land use 

optimization problem, d) to develop an index to measure environmental benefits in urban land use 

allocation, e) to present a GIS-based multi-criteria decision-making (GIS-MCDM) approach to 

optimize sustainable urban land use allocation. In order to fulfil the overall aim and objectives, first, 

I have investigated urban land use optimization problems to find the research gaps and then I have 

addressed those research gaps in my research. In this dissertation, I have conducted a systematic 

literature review instead of a traditional literature review because a systematic literature review is a 

well-planned review that uses a systematic and explicit methodology to identify, select, and critically 

appraises research to answer specific research questions. The findings of the systematic literature 

review suggest that sustainability was merely touched upon in urban land use optimization problems 

and there is no generalized method to calculate social and environmental benefits in urban land use 

optimization problems. So, I have developed composite indices to measure social benefits and 

environmental benefits in urban land use allocation using a weighted linear combination (WLC) and 

ordered weighted averaging (OWA) techniques respectively. Findings related to the composite index 

suggest that spatial compactness is the most influential criterion to social benefit whereas land surface 

temperature is the most important criterion to environmental benefits. I have also analysed the impact 

of land use land cover change on urban ecosystem services. Finally, I have presented a GIS-based 

multi-criteria decision-making (GIS-MCDM) approach to optimize sustainable urban land use 

allocation. Findings related to the proposed approach suggests that about 9.00% more sustainability 

benefits can be achieved using the proposed method. It is expected that the study results can be 

effectively used in sustainable urban land use planning and will be a good tool for urban decision-

makers. 
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Chapter 1 

INTRODUCTION 

 

1.1 Background 

Land use optimization is an important tool to achieve sustainable urban land use planning, 

which aims to achieve long-term balanced urban development through economic prosperity, 

efficient resources use, environmental protection, and social equity [1]. It is entrusted with 

allocating different land uses (e.g., residential land, industrial, commercial, recreational facility, 

open space, etc.) in such a way as to derive optimal benefits [2]. But, in reality, these objectives 

are competing and even, sometimes, conflicting [3]. For example, if residential development 

occurs in a low-lying area, it may fulfill the demand for urban housing, but it will create a 

problem for urban drainage. Construction of building structures may increase economic benefit, 

but it will deteriorate the environment and urban health. So, careful land allocation is of 

paramount importance in land use planning. Here comes the concept of land use optimization 

that allows generating alternative land use scenario from which the decision-maker choose the 

best option considering conflicting interest [1], [4]. Land use optimization is a branch of spatial 

optimization that consists of three essential elements. These are a) decision variables, b) 

objective functions, and c) constraints [5]. A multi-objective land use optimization problem can 

be formulated as follows [6]: 

 

             𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑜𝑟 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒         𝑓𝑚(𝑥),                           𝑚 = 1,2, … … . . . . 𝑀; 

                                       Subject to         𝑔𝑗(𝑥) ≥ 0,                    𝑗 = 1,2 … … … … . 𝐽;    

                                                                  ℎ𝑘(𝑥) = 0,                    𝑘 = 1,2, … … . . … 𝐾; 

                                                                 𝑥𝑖
(𝐿)

≤ 𝑥𝑖 ≤ 𝑥𝑖
(𝑈)

,          𝑖 = 1,2 … … … … . 𝑛; 

 

Where 𝑓𝑚(𝑥) constitute the objective functions; 𝑔𝑗(𝑥)  and  ℎ𝑘(𝑥) are the inequality and 

equality constraints, respectively. 𝑥𝑖 is the spatial decision variable; 𝑥𝑖
(𝐿)

 and 𝑥𝑖
(𝑈)

 are the lower 

and upper bounds of the decision variable.  
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1.2 Aims and research questions 

The overall aim of this dissertation is to sustainably optimize urban residential land use 

allocation. To fulfill the main research aim, I have formulated the following research questions. 

a) What are the important objectives in urban land use optimization problems? 

b) How sustainability was addressed in urban land use optimization problems? 

c) How to quantify sustaiblity indicators in urban land use optimization problems? 

d) How to integrate sustainability factors into urban land use optimization problems? 

 

First, I have investigated urban land use optimization problems to find the research gaps and 

then I have addressed those research gaps in my research. 

 

1.3 Literature review and research gaps 

In this dissertation, I have conducted a systematic literature review instead of a traditional 

literature review because a systematic literature review is a well-planned review that uses a 

systematic and explicit methodology to identify, select, and critically appraises research to 

answer specific research questions [7], [8]. Since, a systematic literature review is considered 

as an original work [9], [10], I presented my systematic literature review separately in Chapter 

2. I have investigated the urban land use optimization problem through a systematic literature 

review. Based on the systematic literature review, I have identified several research gaps. From 

my literature review, it was learned that most of the previous studies focused on improving 

methods to optimize urban land allocation but no study focused on methods to quantify values 

of objectives in used land use optimization/allocation problem. So, my research focused on this 

particular issue. Since the research gaps were identified based on my systematic literature 

review, I have described detailed research gaps in Section 2.5 of Chapter 2.  

 

1.4 Objectives  

Based on the research gaps as described in Section 2.5 of Chapter 2, I have formulated five 

research objectives. The objectives are as follows. 

a) To investigate multi-objective urban land use optimization problem. 

b) To analyze the impact of land use land cover change on urban ecosystem service value. 

c) To develop an index to measure social benefits in urban land use optimization problem. 

d) To develop an index to measure environmental benefits in urban land use allocation. 

e) To present a GIS-based multi-criteria decision-making (GIS-MCDM) approach to 

optimize sustainable urban land use allocation. 
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1.5 Study area 

I have taken two cities, namely Dhaka and Rajshahi, of Bangladesh as the case study for 

conducting this research. A brief description of these two cities is as follows.  

 

Dhaka City: Dhaka city, being the largest and the capital city of Bangladesh, is the center of 

the national government, trade, and culture. It is also considered one of the major cities in South 

Asia due to its urban character, socioeconomic, and political diversity. The city is centrally 

located in Bangladesh and lies between 23.670 and 23.900 N in latitude and 90.330 and 90.510 

E in longitude and has an area of 305.82 Km2 (Figure 1.1). The topography of the city is 

predominantly flat, having a mean surface elevation of 15 m. The city is surrounded by three 

major rivers, namely the Turag to the northwest, Buriganga-Dhaleshwari to the south, and 

Shitallakhya-Balu to the east.  

 

 

Figure 1.1. Location of (a) Dhaka district in Bangladesh; (b) the city of Dhaka in Dhaka district; 

and (c) base map of the city of Dhaka. 
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Dhaka is one of the largest and most densely populated megacities in the world. The city is the 

home of more than 14.70 million people [11] within a total land area of about 306 km2 [12].  

Dhaka is the first-ranked high-density city in the world, having 48,081.22 people per square 

kilometer. The population growth rate in Dhaka is about 3.5% in 2021, which is one of the 

highest growth rates amongst the most Asian cities [11][13]. This high level of population 

growth rate is the reflection of rural-urban migration in Dhaka. The vibrant culture, business 

opportunities, income opportunities, health, and education facilities, etc., have contributed to 

the increasing migration and population growth in Dhaka. Dhaka experiences a tropical wet, 

dry, and monsoon climate, having an average temperature of 25 °C (77 °F) and monthly means 

varying between 18 °C (64 °F) in January and 29 °C (84 °F) in August. The annual rainfall of 

Dhaka ranges between 1169 mm to 3028 mm, and the yearly average rainfall is about 2076 

mm. About 80% of the average annual rainfall of 1854 mm occurs through the monsoon period, 

spanning from May to the end of September [14]. Due to the ever-increasing population in 

Dhaka, the air and water are becoming polluted beyond the acceptable level, wetland and green 

space are being occupied by multi-storeyed buildings and real estate developments to fulfill the 

needs of the increasing population, which, in turn, threatened the overall environment, 

biodiversity, and urban ecosystem of Dhaka.  

 

Rajshahi Metropolitan area:  

Rajshahi Metropolitan Area (RMA) of Bangladesh is one of Bangladesh's eight administrative 

divisions and one of the country's eight metropolitan cities. The famous river the Padma forms 

the southern border with the Rajshahi division, while another famous river, the Jamuna, forms 

the eastern border. It is located in the Barind Tract at a height of 23 meters above sea level at 

24°22′26′′N 88°36′04′′E. It is about 243km far from the capital city, Dhaka, and is close to the 

India-Bangladesh border. The area and population of this metropolitan city are 365.55 Km2 1.3 

million respectively [15]. Rajshahi is a significant administrative, educational, cultural, and 

business center. Due to the city's high concentration of educational institutions and large student 

population, it is referred to as Bangladesh's educational city. This city is home to the divisional 

headquarters. According to the Köppen climate classification, Rajshahi has a tropical wet and 

dry climate. Monsoons, high temperatures, high humidity, and moderate rainfall characterize 

Rajshahi's climate. RMA has two parts: the core city (Figure 1.2) and the whole metropolitan 

area (Figure 1.3). The core city is contained within the metropolitan area. The core city lies 

between 24020'57.03'' to 24020'58.40'' North Latitude and 88032'30.19'' to 88040'08.76'' East 
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Longitude. The core city has an area of 48.05 Km2 having a total population of 0.76 million 

[16]. 

 

 

Figure 1.2. (a) Location Rajshahi district with respect to Bangladesh; (b) Location of core 

city with respect to Rajshahi district; (c) Administrative boundary of core city 

 

 

Figure 1.3: (a) Location Rajshahi district concerning Bangladesh; (b) location of the Rajshahi 

Metropolitan Area (RMA) concerning Rajshahi district; (c) administrative boundary of RMA 

 

1.6 Workflow of the dissertation 

This dissertation has been organized into seven chapters. The content of each chapter has been 

described in the following text. The first chapter provides the background, aims, research 

question and objectives. The second chapter presents systematic literature review and identified 

research gaps. The subsequent chapter fills the research gaps. The last chapter summarizes the 

new scientific results of this dissertation. Figure 1.4 illustrates the workflow of this dissertation. 
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Figure 1.4: The workflow of the dissertation 

 

 



7 

 

Chapter 2 

INVESTIGATING URBAN LAND USE OPTIMIZATION PROBLEM 

 

2.1 Introduction 

Studies on urban land use optimization are significantly diverse in terms of methods, objectives, 

and other elements [1]. The choice of methodological approach, objective functions, 

constraints, and spatial scale in the data have much impact on the outcome of the study. So, an 

investigation of the urban land use optimization problem is necessary to understand the current 

state and different aspects of the problem concern. Although there is an increasing number of 

works on the topic, there is no study that systematically investigated urban land use 

optimization problems [2]. Therefore, there is a clear need to investigate the urban land use 

optimization problem to synthesize the core elements and to consolidate contemporary evidence 

of the outcome. To fill this research gap, I investigated the urban land use optimization problem 

through a systematic literature review. To investigate the urban land use optimization problem 

I have conducted a systematic literature review because it provides an insightful synthesis of 

contemporary evidence related to a specific research problem [3].  

 

2.2 Objective and research questions 

Against the background described in the introduction section, I investigated multi-objective 

urban land use optimization problems to understand its elements, aspects, and context. To this 

end, this investigation will answer the following research questions. The novelty of this 

dissertation is to investigate the following research questions, which were not answered in any 

previous study by a systematic investigation. 

a) Which objectives are the most important in urban land use optimization? 

b) Which constraints, approaches, and methods are commonly used to construct and solve 

urban land use optimization problems? 

c) What are the spatial data and models used in urban land use optimization? 

 

2.3 Materials and methods 

I have systematically reviewed the urban land use optimization problem using the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) protocol [4].  Although 

PRISMA protocol was initially developed exclusively for health and medical-related fields, 

recently, it has been used in many areas, including environment, water, agriculture, land 
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management, and sustainability research [5]. PRISMA has some advantages, over other 

protocols like traditional narrative reviews, which include a) straightforward research 

questions, b) explicit inclusion and exclusion criteria, c) identify and evaluate massive relevant 

scientific articles, d) charting and tabulating of data, and e) reporting and summarizing the 

results [6]. PRISMA protocol follows a structured analysis of data and evidence collected from 

existing research [7]. Due to the use of a well-defined protocol, it can limit bias and promote 

scientific evidence [8]. Considering the limitations of traditional narratives, I have used 

PRISMA protocol to investigate the problem. The specific steps used in the PRISMA protocol 

are described in the following sections.   

 

2.3.1 Search Strategy 

The first step of the PRISMA protocol is to find research articles. Web of Science Core 

Collection database and Scopus database was used to find the articles. The search term and the 

corresponding number of articles identified are presented in Table 2.1. I have applied the search 

term on “Article Title” only.  Article search was limited to English-written journal articles only 

with no time limit. About 22 articles were also identified from other sources. All these articles' 

data were combined in Excel for further analysis. The systematic screening procedure, to 

include the full-text article for review, has been described in Section 2.3.3.  

 

Table 2.1: Search term, sources, and the corresponding number of articles identified. 

Search Term 
Number of Articles found from 

Search Date 
Web of Science Scopus 

(land AND (optim* OR Allocat*)) OR 

(((land AND zoning) OR (spatial AND 

planning)) AND optim*) 

1119 1150 23 July, 2020 

 

2.3.2 Eligibility Criteria 

The second step of the PRISMA protocol is to define eligibility criteria for inclusion and 

exclusion of articles. Two categories of eligibility criteria are recommended for the inclusion 

and exclusion of research articles. These are study characteristics (e.g., problem, intervention 

and study design, etc.) and report characteristics (e.g., geographical location, years considered, 

language, publication status, etc.) [4]. Following this guideline, I have included those studies 

which a) explicitly focused on multi-objective land use optimization, b) followed the 

mathematical approach of optimization, and c) used spatial data. In the case of report 
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characteristics, I have considered the studies which a) focused only on urban areas, b) were 

written in the English language, c) were published in a peer-reviewed journal article.  

 

2.3.3 Systematic Screening of the articles 

The PRISMA flow diagram has been presented in Figure 2.1. PRISMA protocol has proposed 

a four-stage systematic screening procedure for inclusion and exclusion of the articles for 

review.  

 

Figure 2.1: PRISMA flow diagram of the literature search, Adapted from Moher et al. [4] 

 

In the first stage, based on the search strategy, a total of 2291 articles were initially selected 

from Web of Science, Scopus, and other sources. In the second stage, I sorted all the articles in 

MS Excel and removed the duplicate records. Some 865 articles were removed, leaving 1246 

articles for the next stage of screening. In the third stage, I have excluded the studies if a) they 

are not directly relevant to my objective (skimming in article title and abstract), and b) they do 

not focus on urban areas. Thus, 1131 articles are excluded keeping 295 articles for full-text 

evaluation. In the fourth and final stage, I have scanned these 295 articles thoroughly and finally 
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included 55 articles for this review based on the inclusion and exclusion criteria described in 

Section 2.3.2.  

 

2.3.4 Charting and Tabulating of Data 

I have created the article database using MS Excel. The article database includes the title of the 

paper, names of the authors, name of journal, country of the study, year of publication year, 

objectives, constraints, spatial data used, spatial data model, Approach to construct optimization 

problem, and Method. The list of the selected articles (n=55), along with relevant attributes, 

can be found in http://dx.doi.org/10.17632/vr8w6v6yj8.1. The study location map has been 

created using ArcGIS 10.2 software, and all other figures have been prepared in R[9]. 

 

2.4 Results and discussion 

This section presents the findings of the systematic literature review. Firstly, I have presented 

the general report characteristics (e.g., geographical location, publication year, and publication 

journal) then I have presented the detailed findings of study characteristics.  

 

2.4.1 Report characteristics 

Figure 2.2 shows that urban land use optimization studies were conducted in 7.61% (n=15) 

countries globally (Considering 197 countries in the world according to UN’s recognition). Out 

of which, 52.73 % (n=29) studies were conducted in different cities in the Peoples Republic of 

China, while 7.27% (n=4) studies were conducted in Iran and only 5.45% (n=3) studies were 

conducted in Bangladesh, Greece, Netherlands, and Spain. It is clear from the analysis that the 

Peoples' Republic of China emphasized more on optimizing urban land use compared to other 

countries in the world. However, the geographical distribution of studies seems 

disproportionate since most of the studies are from China, where the representation of the 

western world is limited. The fact is that there are also many studies of land use optimization 

in the western world and in Europe but most of them focus on a regional scale land use 

optimization including agricultural land [10]–[12]. Since I only considered urban land use 

optimization, other studies were excluded. This is why there are increasing number of studies 

from China.   
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Figure 2.2: Country-wise distribution of reviewed studies 

 

Figure 2.3 shows the trend of studies on urban land use optimization. According to Figure 2.3, 

there were no studies on urban land use optimization before 2002.  

 

 

Figure 2.3: Distribution of studies by publication year 

 

It can be noted that, although there were many studies on land use optimization before 2002, 

those studies did not fulfill the inclusion criteria, and hence, I did not include those studies. This 

review only focuses on urban land use optimization, not other land uses (e.g., Rural land use 
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optimization, Agricultural land use optimization, etc.). There is one interesting point that there 

is an increasing trend in studies on urban land use optimization since 2011. 

 

The top 7 journals in which studies on urban land use optimization have been published are 

presented in Figure 2.4. “International Journal of Geographical Information Science” and 

“Computers, Environment and Urban Systems” are two important journals in which most of 

the studies (n=7) were published.  

 

 

Figure 2.4: Top seven journals, which published at least two papers with a primary focus on 

urban land use optimization. 

 

2.4.2 Study characteristics 

In Section 2.2, the research objective and research questions were set. In the following sections, 

I have presented and discussed the study findings to answer all the research questions.  

 

2.4.2.1 Objective formulation 

I have identified about 43 objectives1 from 55 Journal articles, which were used in urban land 

use optimization problems. The ten (10) most frequent objectives are presented in Figure 2.5. 

According to Figure 2.5, the most frequently used objective is the maximization of spatial 

compactness. It constitutes about 16.67 % (n=28) of the total objectives. Spatial compactness 

is a numerical quantity that represents the degree to which different land use types are compact 

in terms of spatial distribution. This objective has been undertaken in many studies because it 

 
1 This number represents unique objectives. Some objectives were used in multiple studies, thus a total of 168 

objectives including duplication were identified from 55 Journal articles.  
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is preferred that similar land uses should be in the vicinity of the same land uses to generate 

high general benefit from land uses  [13]. 

 

 

Figure 2.5: Ten most frequently used objectives in the urban land use optimization problem 

 

The benefits of spatial compactness in urban land use are well documented in the literature.  

These benefits include less emission from transport, promotion of walking and bicycling, short 

travel distance, conservation of countryside rural area, encourage public transport, low 

motorized mobility, equitable access to social infrastructure and services, promote public 

health, efficient utility services, and revitalization and regeneration of urban core, etc. [14]. 

Therefore, maximizing spatial compactness was considered in many land use optimization 

problems. Figure 2.5 indicates that the second important objective used in urban land use 

optimization is the maximization of land use compatibility followed by maximization of land 

use suitability, which accounts for 13.69% (n=23) and 11.90% (n=20) of the total objectives, 

respectively. Land use compatibility can be defined as the situation in which current land use 

or activity can co-exist with neighboring land use or activity without creating any adverse 

effect. Land use compatibility has been addressed in many land use optimization problems 

because it helps to create economic vitality, sound community, and promote social interaction; 

reduces the physical, social, and economic conflicts that arise due to incompatible land uses 

[1], [15].  

 

The third important objective is the maximization of land use suitability (LUS) which has also 

been used in many land use optimization problems. LUS is defined as the degree of fitness of 

a certain type of land use to be allocated in a specific land parcel considering preferences, 
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requirements, or predictors of some activities. LUS has been considered in many land use 

optimization problems because it informs decision-makers about the social, economic, and 

environmental consequences of particular land use choices within land use planning [16].  

 

Some other objectives used frequently in urban land use optimization are Maximization of 

economic benefits (7.74%, n=13), Maximization of ecological benefits (7.14%, n=12), 

Minimization of land conversion cost (7.14%, n=12), Maximization of land value (4.17%, n=7), 

Maximization of accessibility (2.38%, n=4), and Maximization of Ecosystem Service Value 

(ESV) (2.38%, n=4). Maximization of ecological benefits and maximization of Ecosystem 

Service Value (ESV) are similar to each other. Both the objectives were addressed in many land 

use optimization problems since they provide multiple services which have significance to the 

health, well-being, livelihood, and survival of humans [17], [18]. Maximization of economic 

benefits has been undertaken in many land use optimization problems since differences in 

geographical locations, different land uses have a different economic benefit, and even the same 

land use in a different location might have a different economic benefit [19].   

 

The objective “minimizing land conversion costs” has been included in many land use 

optimization problems because it will result in decreasing the development cost and, in turn, 

will improve overall societal and economic benefits. Maximization of accessibility has been 

considered in land use optimization because it contributes to urban sustainability, enhances the 

overall quality of urban life, and improves urban livability. Studies suggest that a higher level 

of accessibility within the city can contribute to decreasing up to 80% of the CO2 emission 

motorized transportation [20].  

 

 It may be noted that the maximization of social and environmental benefits was not frequently 

used in urban land use optimization problems. One reason for this may be many researchers 

argued that social benefits could be collectively achieved through compatibility, compactness, 

accessibility, etc. [21], [22], and environmental benefits can be achieved through ecological and 

ecosystem service value, etc. [13].  Therefore, consideration of environmental benefits was not 

directly visible in the urban land use optimization problem. 

 

In connection with urban sustainability dimensions, the findings indicate that less attention was 

drawn to incorporate sustainability dimensions in urban land use optimization; only two studies 

focused on urban sustainability [20], [23]. Overall, environmental (including ecology) and 
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economic aspects were included in 46.67% and 43.33% of studies, respectively, but the social 

aspect (10%, n= 3) was mostly ignored. The findings also suggest that there is a lack of using 

common proxy variables and standard methods to evaluate economic, environmental, and social 

benefits from land use optimization. Some researchers used GDP to measure economic benefit 

[24], while others used land rent theory to calculate economic benefit [25]. Some researchers 

considered carbon storage as a proxy variable to measure environmental benefit [23], whereas 

some researchers considered ecological suitability [26]. Similarly, there is no established 

method to calculate social benefits from land use. So, there is a huge research scope to work on 

developing standard methods to measure social, environmental, and economic benefits from 

land use optimization.  

 

2.4.2.2 Constraints 

There are three types of constraints that are used in multi-objective optimization problems. 

These constraints are a) inequality constraints, b) equality constraints, and c) lower and upper 

boundaries constraints. From the literature, I have identified about 15 unique constraints, 

excluding repetition. The ten (10) constraints are presented in Figure 2.6.  

 

Figure 2.6: Ten most frequently used constraints to the optimization and corresponding 

number of instances in the literature 

 

From Figure 2.6, it is evident that the constraint “one and only one land use in each cell” was 

used more frequently (n=53) in urban land use optimization problem followed by “minimum 

and maximum area of certain land use” (n=25) and “restriction on specific land use change” 

(n=16). The first constraint restricts only one land use to be allocated in a single land parcel. 

The constraint “minimum and maximum area” limits of specific land use is defined to ensure 
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balanced development and specific requirements. Restriction on specific land use changes has 

also been used as a constraint in many studies to preserve certain land use categories [23].  

Constant total land use has been used as a constraint in some studies to confirm that total land 

area cannot be increased or decreased while optimizing land use allocation [21]. Allowable 

change limit of land use has been defined in some studies to allow the increase or decrease of 

existing land uses up to a certain limit for land use [27]. In some studies, the number of total 

populations has been kept constant for the efficient management of the city and to reduce the 

burden on existing utilities [23].   

 

2.4.2.3 Construction of optimization problem 

Construction methods of multi-objective optimization problems are classified into two 

categories: Scalarization and Pareto front-based method [28]. The most common methods under 

the scalarization technique are a) the Weighted sum method, b) Goal programming, and c) ɛ-

constraint method. I have identified three types of construction methods that are used in urban 

land use optimization and have been presented in Figure 2.7. This figure shows that about 

42.86% of studies used the Pareto front-based (n=21) method to construct urban land use 

optimization problems, followed by the Weighted sum method (36.73%, n=18) and Goal 

programming (20.41%, n=10).  

 

Figure 2.7: Approaches to the construction of Urban land use optimization 

 

The Pareto approach attempts to find a set of non-dominated solutions in such a way that no 

further improvement is possible in any objective function without degrading at least one of the 

other objective function(s) [29]. Figure 2.8 illustrates that the solutions on the Pareto front line 

exhibit different combinations of tradeoffs among the multiple conflict objectives.  
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Figure 2.8: Illustration of Pareto optimal front and solutions [30] 

 

The findings show that many studies have applied the Pareto front-based method to solve land 

use optimization problems because this method can satisfy the demand of multiple stakeholders 

while keeping everyone’s objective optimized. Despite having many positive sides, Pareto-

optimality may show inefficient tradeoffs in practical problems, and even sometimes, it may be 

impossible to find the Pareto front if the optimization problem is associated with a large number 

of decision variables.  In the face of this problem, a heuristic algorithm such as particle swarm 

optimization and genetic algorithms may be efficient to find the Pareto front.  

 

Weighted sum method combined all objective functions into one scalar objective function 

assigning specific weight to each objective.  Then this scalar optimization problem is solved to 

find the non-dominated solutions. The weighted sum method can be expressed by Equation 2.1.  

𝑚𝑖𝑛 ∑ 𝑤𝑖𝑓𝑖(𝑥)

𝑘

𝑖=1

                                                       Eq 2.1 

Subject to 𝑥 ∈ 𝐹,    ∑ 𝑤𝑖 = 1,𝑘
𝑖=1    𝑤ℎ𝑒𝑟𝑒 𝑤𝑖 ≥ 0 

Nonnegative weights are assigned to each objective function and the weights are determined 

by consultation with the stakeholders. Although the weighted sum approach is very popular and 

simple, it has some inherent problems. First, the outcome of the final solution largely depends 

upon the selection of weights given to each objective function. So, careful selection weight is 

necessary; otherwise, the outcome may not end up with a desirable result. Second, in a 
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weighted-sum approach, multiple objectives are converted to a single objective, and, in most 

cases, a single-objective algorithm finds a solution satisfying the first-order optimality criterion; 

the additional test may be required to obtain the optimal solution [29]. Third, sometimes 

multiple solutions generated by the Pareto front may be weakly dominated by each other; in 

this case, the weighted-sum approach may fail to identify some true Pareto front solutions. 

 

 Goal programming is considered as an extension of linear programming where the goal for 

each objective function is set to be achieved. The commonly used formula to formulate the 

multi-objective optimization problem using goal programming with reference points can be 

expressed as follows [24]: 

 

    Min F= ∑ [
𝑓𝑞(𝑥)−𝐼𝑞

𝜆𝑞−𝐼𝑞
]

𝑝

                                                                        Eq 2.2𝑄
𝑞=1  

Where F is the overall objective function, Q is the number of objectives, q is the index of 

objectives, 𝑓𝑞(𝑥) is the objective function with index q, 𝐼𝑞 is the possible ideal value of the 

objective 𝑓𝑞(𝑥), 𝜆𝑞 is the worst value of the objective 𝑓𝑞(𝑥), p is a penalty coefficient for the 

objective violation increase, value for p is 2 to be considered to be appropriate [31].  

 

2.4.2.4 Methods to solve the optimization problem  

Different methods are used to solve land use optimization problems. From the systematic 

literature review, I have identified a total of 15 methods to solve land use optimization 

problems. Figure 2.9 describes the ten (10) most frequently used methods. The findings 

illustrate that the most frequently used heuristic to solve urban land use optimization problems 

are GA (32.14%), NSGA-II (21.42%), PSO (12.50%), and SA (8.93%). GA is the most 

important method among others. Detailed procedures of GA can be found in many kinds of 

literature [32]. GA was used in so many land use optimization problems due to its robustness 

[1], [33], efficiency [24], [34], ability to search in complex [35] , and natural selection of 

solution [24]. Despite the many advantages, a large number of decision variables, as each raster 

cell produces one decision variable, make GA very difficult to find the optimum solution.  
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Figure 2.9: Methods to solve the urban land use optimization problem 

 

The second most frequently used method to solve urban land use optimization is NSGA-II. In 

contrast to GA, NSGA-II follows an elitist principle to select the best fittest population. A set 

of non-dominated solutions are selected in such a way that no further improvement is possible 

without losing the value of any objective. NSGA-II was used in many land use optimization 

problems because it can preserve the diversity among solutions and can intelligently rank the 

non-dominated solutions to ease the decision-maker to select the best option [36]–[38]. 

However, NSGA-II, sometimes, fails to find well-diversified non-dominated solutions because 

it may lose its selection pressure while evaluating fitness function [39].  

 

PSO has been applied in many studies to solve land use optimization problems because PSO 

can perform complex problems with less computational cost and time [13] and it can converge 

rapidly [40].  Although PSO showed a better performance compared to GA, it results in lower 

accuracy. SA is another popular heuristic algorithm for land use optimization. When it becomes 

important to find approximate global optima compared to precise local optima, SA is a 

preferable alternative to other search techniques [41], [42].   

 

2.4.2.5 Spatial Data in urban land use optimization 

I have identified fifteen (15) types of major spatial data used in the urban land use optimization 

process. Most importantly, these data include transportation and road network, travel behavior 

and pattern, physical feature, population density, socio-economic condition, soil characteristics, 
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land cover, water, environment, etc. The spatial data used in the urban land use optimization 

process have been summarized in Figure 2.10.  

 

Figure 2.10: Common Spatial data used in urban land use optimization 

 

Needless to say, the land use data is the prime data that was used in every study. Different 

researchers classified land use differently, considering study purposes. For example, Cao et al. 

[28] used six categories of land uses whereas Handayanto et al. [43] used ten (10) types of land 

uses. To prepare the land use map, mainly satellite images and existing secondary sources were 

used in many studies. Population data was also frequently used in urban land use optimization. 

Two applications of population data were mostly observed in land use optimization: demand 

calculation and maximum or minimum limit for which any objective to be optimized. Another 

important spatial data that was used frequently is the road network. The road network data was 

mainly used to measure spatial access to different urban facilities. Gross domestic product 

(GDP) and land value were also used in many land use optimization studies, which focus on 

the maximization of economic benefits and landowner’s gain. Digital Elevation Model (DEM) 

and Slope were mainly used to calculate land suitability and agricultural productivity. 

Ecosystem Service Value (ESV), Climate and Weather data were used to measure the 

environmental benefits.  

 

The selection of spatial data model, either vector or raster, affects the construction of the overall 

model and results [44].  Figure 2.11 shows the type of popular spatial data models in spatial 
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optimization. Figure 2.11 shows that about 80% (n=44) of studies used the raster data model 

while only six studies used the vector model. However, in the two studies, it was not clearly 

mentioned the data model used. 

 

Figure 2.11: Spatial data model used to design urban land use optimization problem 

 

There are advantages and disadvantages both in raster and vector data structure in the land use 

optimization model. Land use optimization problems can be easily formed using raster-based 

representation. The most revealed advantage of a raster data model is that the land uses can be 

easily encoded, and the representation of continuous variable is very straightforward. Raster-

based model is preferable and can be found in many studies, including Gao et al. [37] and Zhang 

et al. [33]. However, the raster model sometimes may become impractical because it may lead 

to multiple land use categories allocated to a single land category and a single land use plot to 

multiple categories. In addition, raster-based representation requires more units and space 

compared to vector-based representation for a similar feature. Land use optimization problems 

using raster data also take unrealistically higher computation time. In contrast to the raster-

based model, the vector-based model is more intuitive and matches real-world land use 

planning. Since, in the vector data model, spatial features are represented by coordinates 

through points, lines, and polygons; real-world spatial entities are best represented with less 

deviation. Thus, the accuracy and computational efficiency can be improved by using the vector 

data model in land use optimization.  The use of vector-based urban land use optimization can 

be found in Cao et al. [15], and Handayanto et al. [43]. In the vector-based model, there are 

also some problems. For instance, spatial modelling is difficult because each unit has a different 

topological from. Another problem with using vector format is related to spatial units. In a 
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vector model, a large area may not be subdivided into smaller spatial units since it will create 

computational complexities.  

 

2.5 Research gaps 

Based on the findings of the study, the following research gaps were identified.  

• Sustainability was merely touched upon in urban land use optimization problems. 

• The social aspect of land use optimization was not emphasized.  

• There is no generalized method to calculate social and environmental benefits in urban 

land use optimization problems. Different researchers used different proxy variables to 

calculate social and environmental benefits. For example, Zhang et al. [21] used social 

security service value as the indicator of social benefits and Yuan et al. [23] used spatial 

compactness as a measure of social benefit. Similarly, environmental benefits were 

calculated by using carbon storage as a proxy variable, valuing natural resources and 

ecology, quantifying ecological suitability, etc.  

• In most cases, urban land use optimization problems were constructed and solved using 

a mathematical approach only. Public opinion was poorly considered and integrated 

with a mathematical approach.  

 

2.6 Recommendation  

Based on the findings of the study I propose the following recommendations 

• Selection of objectives: The objective functions should be framed considering three 

core pillars of sustainability: social, environmental, and economic benefit.  

• Calculating value (benefit) of objective functions: Standard methods should be 

developed to measure social, environmental, and economic benefits from land use.  

• Defining constraints: Existing urban development policy, stakeholder groups, 

government regulations should be consulted to select appropriate constraints.  

• Constructing optimization problem: A combination of Pareto-optimality and 

weighted sum approaches may improve the identification of optimal land use decisions.  

• Solving optimization problem: Land use allocation decision is strongly influenced by 

stakeholders’ opinions. So, a multi-criteria decision-making approach can be followed 

in land use decision-making. 
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• Using spatial data model: I suggest using the raster data model in the land use 

optimization problem because the problem can be easily formed using raster-based 

representation. 

 

2.7 Conclusion 

This dissertation aimed to systematically review urban land use optimization problems. To the 

best of my knowledge, this review is the first of its kind considering the most important aspects 

of urban land use optimization. Based on the findings, I concluded that the most common 

objectives in urban land use optimization are maximization of spatial compactness (16.67%) 

followed by maximization of land use compatibility (13.69%), and maximization of land use 

suitability (11.90%). It was also clarified that sustainability in urban land use optimization is 

merely touched upon while no generalized method was established to measure economic, 

social, and environmental benefits from land use planning. I also identified that Pareto based 

method is more popular to construct urban land use optimization problems while the Genetic 

Algorithm (GA) accounts for the major contribution to solving the optimization problem. The 

findings also recognized that spatial data is an indispensable part of formulating urban land use 

optimization problems where the raster data model is preferable to design urban land use 

optimization problems. The findings of this review demand that future studies should focus on 

urban sustainability while formulating objective functions, and standard methods should be 

developed to measure the values of objective functions. I also recommended that the 

participatory approach should be integrated with mathematical optimization to derive 

acceptable solutions in land use allocation. In this review, different aspects of land use 

allocation have been explored, and future research direction has been indicated based on the 

findings. Thus, I strongly believe that this research is a novel work and has fulfilled the previous 

research gap on this topic. So, researchers in this field are expected to get benefit from this 

systematic review by understanding the overall idea of urban land use optimization, its current 

state, and future research scope.  
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Chapter 3 

IMPACT OF LAND USE AND LAND COVER CHANGES ON URBAN 

ECOSYSTEM SERVICE VALUE  

 

3.1. Introduction 

Ecosystem services (ES) can be defined as the conditions and processes through which natural 

ecosystems, and the species that make them up, sustain, and enrich human life [1]. Urban 

ecosystem services contribute directly or indirectly to human well-being by providing many 

functions, including food supply, water supply, waste treatment, regulating urban heat island 

effect, clear air, noise reduction, pollination, climate regulation, etc. [2]. However, due to rapid 

urbanization, urban ecosystem services are threatened, and there is the likelihood that the 

available urban ecosystem services may not withstand such pressure [3]. Urban ecosystem 

services are affected by many anthropogenic activities and natural events. Land use and land 

cover (LULC) changes (e.g., from forest and vegetation to built-up area), resulting from socio-

economic and physical development, is one of the important human activities which is 

responsible for dynamics in urban ecosystem services [4]. So, it was the greatest interest among 

the researchers to understand the impact of LULC change on urban ecosystem services. 

 

In literature, there exist several methods to evaluate terrestrial ecosystem services. These 

methods are broadly classified into four groups: (a) revealed preference approaches; (b) stated 

preference approaches; (c) cost-based approaches; and (d) the benefits transfer method (BTM) 

[5]. But the BTM, developed by Costanza et al. [6], is the most common method used globally 

to ecosystem service valuation. Costanza et al. [6] classified global ecosystems into 16 biomes. 

They further identified 17 functions that are derived from those 16 biomes. Using the benefits 

transfer method, they estimated global ecosystem service value (ESV) with an average of 

USD33 trillion (in 1995) per year. After their successful estimation of global ESV, attention 

towards ecosystem service valuation has been increased globally among scholars, 

academicians, and researchers. For example, Lin et al.  [7] examined the influence of LULC 

changes on ecosystem service in Chengdu city, China; Hein et al. [8] analyzed the spatial scale 

of ecosystem services and studied how stakeholders assign value to different ecosystem services 

based on the spatial scale. Tolessa et al. [9] monitored the impact of land use/land cover change 

on ecosystem services in the central highlands of Ethiopia.  
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Bangladesh is an agro-economy-based developing country with a high population density and 

one of the most vulnerable countries to climate change and disaster risk. Different studies 

showed that, in past decades, due to rapid urbanization, urban areas, like Dhaka city, have been 

experiencing remarkable LULC changes [10]. It is argued that unplanned changes in LULC 

will dismantle the urban ecosystem leading to environmental degradation, air and water 

pollution, urban heat island effect, urban disturbance, social and economic burden, hampering 

human well-being, and public health [11].  

 

In response to the above, some researchers studied the nexus between LULC change and ESV 

in Bangladesh. For example, Hoque et al. [12] studied the future impact of land use/land cover 

changes on ecosystem services in the lower Meghna river estuary of Bangladesh. Akber et al. 

[13] assessed the impact of land use change on ecosystem services (ES) of southwest coastal 

Bangladesh. Their results revealed that agricultural land decreased by 253,928 ha resulting loss 

of ESV US$ 1.41 billion during the period 1980-2016. The above studies and also other studies 

mainly focused on coastal areas of Bangladesh but not on the cities. Zinia and McShane [14] 

evaluated urban ecosystem services in Dhaka city based on the household survey, field-level 

observation, interviews, and discussion with experts and local people. They have mainly 

identified and mapped available urban ecosystems and conducted the inventory analysis. Their 

work did not consider the impact of LULC change on ESV. According to the literature, there is 

insufficient work evaluating the impact of LULC changes on urban ecosystem services is very 

limited locally and globally. Although there are some studies conducted in urban areas or cities 

globally, the LULC characteristics of those urban areas or cities are different from that of 

Bangladesh. For example, the study of Lin et al.  [7] examined the influence of LULC changes 

on ecosystem service in Chengdu city, where the agricultural land and built-up area occupied 

about 51.86% and 18.16% of the total land respectively in 2018. On the other hand, Dhaka city 

of Bangladesh occupied 8.08% and 51.85% by agricultural land and built-up area respectively 

in 2020. According to the literature, there is no previous study in Dhaka city analyzing the 

impact of LULC change on ecosystem services. Thus, this research is the first of its kind to 

assess the impact of LULC changes on ecosystem services using satellite images. In the view 

of above, this dissertation (1) to analyze the LULC change dynamics of Dhaka city of 

Bangladesh during the period from 1990 to 2020; (2) to estimate and map the total ESV over 

the study period; (3) to assess the value of individual ecosystem service functions; and (4) to 

assess the impact of LULC change on ESV through determining the elasticity of ESV in 

response to LULC change. 
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3.2. Materials and methods 

This study was conducted in Dhaka city of Bangladesh. A short description of Dhaka city was 

given in Section 1.4 of Chapter 1. ESV was calculated based on the LULC of the study area. 

So, firstly, I have classified the LULC of the study area into five categories namely, a) 

Agricultural land, b) Waterbody, c) Forest and Vegetation, d) Built-up area, and e) Bare land. I 

classified LULC using Landsat images. Then I calculated the ESV based on the five types of 

LULC. Considering the wider acceptability and applicability, I have used the benefits transfer 

method (BTM) to assess the ESV in the study area [15]. According to BTM, the assessment of 

ESV comprises three basic steps: a) assignment of LULC to equivalent biome, b) calculation 

of ESV and its change, and c) elasticity of ESV due to change of LULC. In addition to these 

steps, I have also conducted a sensitivity analysis to test the robustness and reliability of the 

ESV assessment. The following sections describe these steps.  

 

3.2.1. Land cover classification 

3.2.1.1. Datasets 

This study uses time-series datasets from Landsat-5, Landsat-7, and Landsat-8. Landsat satellite 

images for the years 1990, 1995, 2000, 2005, 2010, 2015, and 2020 were downloaded from US 

Geological Survey (USGS) official website (https://earthexplorer.usgs.gov/). Table 3.1 presents 

the detailed description of Landsat images used for this study.  

 

Table 3.1. Particulars of Landsat Images used in this study. 

Landsat Scene ID Acquisition Date Satellite Sensor Path/Row Resolution 

LT51370441990343BKT00 09/12/1990 Landsat 5 TM 137/44 30 

LT51370441995325BKT00 21/11/1995 Landsat 5 TM 137/44 30 

LE71370442000331SGS00 26/11/2000 Landsat 7 ETM+ 137/44 30 

LT51370442005320BKT01 16/11/2005 Landsat 5 TM 137/44 30 

LT51370442010318KHC00 14/11/2010 Landsat 5 TM 137/44 30 

LC81370442015316LGN02 12/11/2015 Landsat 8 OLI 137/44 30 

LC81370442020330LGN00 25/11/2020 Landsat 8 OLI 137/44 30 

TM = Thematic Mapper; ETM+ = Enhanced Thematic Mapper Plus; OLI = Operational Land Imager 

 

The downloaded images had a built-in projection system of the Universal Transverse Mercator 

(UTM) projection within Zone 46 North based on the World Geodetic System (WGS)—1984 

datum. Since the temporal variation might affect the spectral reflectance of the Earth's surface, 

similar dated images were downloaded to avoid such variation. I selected Landsat data for 

https://earthexplorer.usgs.gov/
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November in each year except 1990 because the cloud-free images were available in November. 

In addition, there was no rain during November, this ensures the actual presence of water 

bodies. If images were taken during the rainy season, some low land could have been identified 

as wetland/water bodies although those were not actual water bodies. Therefore, I had selected 

data for November. In 1990, there were no cloud-free images available for November, so in 

that case, I had taken images for December. 

 

3.2.1.2. Landsat Image Processing 

Landsat data product has a different level of processing. In this study, I downloaded Level-1 

precision and terrain corrected (L1TP) and cloud-free multispectral images. L1TP images are 

radiometrically calibrated and orthorectified using ground control points (GCPs) and digital 

elevation model (DEM) to correct for relief displacement. The highest quality Level-1 products 

are suitable for pixel-level time series analysis. L1TP is geometrically corrected; hence no 

further processing for geometric correction is required for Landsat Images [16]. The raw images 

contain Digital Number (DN) value for each pixel. However, these DN values do not reflect the 

actual earth surface characteristics due to atmospheric effects solar angle. The reflected or 

emitted electromagnetic radiation (EMR) from features is influenced by distortions due to the 

sensor, solar, atmospheric, and topographic effects. Thus, the satellite sensor does not receive 

the actual reflected signal from the earth's surface [17]. Therefore, pre-processing is required to 

minimize these effects. Most pre-processing focuses on radiometric and atmospheric correction 

to improve the accuracy of surface reflectance, emittance, and backscattering measurements. 

Many atmospheric models are available to correct the radiometric error, such as 6S (Second 

Simulation of the Satellite Signal in the Solar Spectrum) and MODTRAN (Moderate 

Resolution Atmospheric Radiance and Transmittance), Atmospheric Correction for Flat Terrain 

(ATCOR2), Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH), 

simple dark object subtraction (SDOS), dark object subtraction (DOS), and Cosine estimation 

of atmospheric transmittance (COST) [18]. In this study, I have applied COST model for 

radiometric correction of images because the COST model is entirely based on image 

characteristics and was developed to account for multiplicative effects of atmospheric scattering 

and absorption [17].  The COST model also performs well compared to other models [19] and 

is available in many image processing software. Three-step procedures were performed to 

convert DN values to surface reflectance through radiometric correction. These steps are a) 

conversion of DN values to spectral radiance at the sensor, b) conversion of spectral radiance 

to reflectance at the sensor, and c) atmospheric correction and conversion of sensor reflectance 
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to surface reflectance. I have applied COST model for radiometric correction using the radCor() 

function of RStoolbox in R software [20].  

 

3.2.1.3. Classification of Land Use and Land Cover (LULC) 

The surface reflectance value acquired in the earlier step was used to derive LULC maps. I used 

an unsupervised classification method to classify Landsat images into five broad LULC classes. 

These LULC classes are a) built-up area; b) vegetation; c) bare land; d) water body; e) 

agricultural land. The definition of these LULC classes has been presented in Table 3.2. These 

LULC categories were selected considering biome types used to calculate ecosystem value.  

 

Table 3.2. Description of Land cover types. 

Land Cover Type Description 

Built-up Area 
Urban area, residential, commercial, industrial areas, mixed-use, 

settlements, transport, and other man-made structures 

Water Body River, Lake, Pond, Canal, Low land, Wetland, etc. 

Vegetation Trees, mixed forest, natural vegetation, gardens, parks, playground, etc. 

Bare Land 
Open space, construction site, Fallow land, the land surface without 

vegetation, Sand, transitional areas, bare soil, etc. 

Agricultural Land Cropland and pasture, Orchards, Nurseries, and other agricultural lands. 

 

I have used the unsupervised classification method because of the unavailability of reliable 

reference data (known land cover type).  I classified historical datasets from the year 1990 to 

2020 with 5 years intervals. For supervised classification, a training dataset is required. For my 

case, the reference data (known land cover type) was available only for the year 2020. There 

was no pre-existing known land cover type for other years. So, it was not possible to develop a 

training dataset. For this reason, I used the unsupervised classification method. The 

unsupervised method has some advantages over the supervised classification method. This 

method is comparatively quick and easy to run and does not require extensive prior knowledge 

about the area. In the unsupervised method, classes are created completely based on spectral 

information of the images and, thus, are not subject to visual interpretation [21].  In this method, 

the interpreter has to define the number of classes, and the software automatically groups the 

pixels of similar spectral properties into the number of classes previously defined by the user 

[22]. One of the disadvantages of this method is that spectral reflectance does not always 

correspond to the informational category. This mostly happens to the pixels having values like 

two adjacent classes. This problem can be solved by determining the optimal number of classes 
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through an iterative process [23]. Different clustering algorithms are available to classify land 

cover using an unsupervised method. Popular clustering algorithms include Interactive Self-

Organization Data analysis (ISODATA), Clustering Large Applications (CLARA), Mean-Shift 

Clustering, Agglomerative Hierarchical Clustering (AHC), Random Forest, and k-Means 

clustering, etc. [24]–[27]. Amongst, K-means clustering is one of the most commonly used 

unsupervised clustering algorithms used to classify LULC. Considering its popularity, I have 

used a k-means clustering algorithm using R software [20] to classify processed Landsat images 

into five LULC classes. In K-means clustering, data are partitioned into a set of k groups or 

clusters where k represents the number of clusters pre-defined by the analyst. K-means 

clustering classifies data in such a way that data within the same cluster are as similar as 

possible, whereas data from the different clusters are as dissimilar as possible [28]. As 

mentioned earlier, determining the optimal number of clusters is a fundamental issue in k-means 

clustering. Because the performance and accuracy are associated with determining the number 

of clusters. An optimal number of clusters prevents misclassification of the dataset. There are 

several methods to determine the optimal number of classes. Among them, three methods are 

popular; these are elbow, silhouette, and gap statistic methods [29]. I have used the elbow 

method to determine the optimal number of clusters and identified that eight is the optimal 

number of classes for the dataset. But the required number of LULC classes is five. So, I have 

first applied k-means clustering with k=8, and then I have regrouped the class into five LULC 

classes. 'Salt-and-pepper' noise was observed in the classified images. Some misclassifications 

were identified in the classified images. Since Landsat images have low resolution, such 

misclassification and 'Salt-and-pepper' noises are common. Hence, some degree of post-

processing is required to eliminate 'Salt-and-pepper' and misclassification. To remove the 'Salt-

and-pepper' noise, I have applied a 3X3 majority filter in ArcGIS 10.8 software. The classified 

raster images were then vectorized to manually rectify the localized error due to 

misclassification. This output has been used to create the final version of LULC maps for the 

different periods. After removing the localized error, the vectorized images were converted to 

raster images again for accuracy assessment.  

 

Accuracy assessment was done using the Google Earth platform. Classified images were 

compared to corresponding land cover in Google Earth for accuracy assessment. It is 

recommended that about 50 random points for each land use class are required to assess the 

classification accuracy if the study area is less than 1 million acres and the land cover category 

is less than 12 classes. In this case, the size of the study area is 75569.77 acres, and the number 
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of LULC classes is five. The minimum sampling point is 250 for the assessment of classification 

accuracy [30]. I have generated 300 random sampling points using the stratified sampling 

technique in ArcGIS 10.8. Overall classification accuracies of the classified images for the year 

1990, 1995, 2000, 2005, 2010, 2015, and 2020 were 91.00%, 85.60%, 89.70%, 86.80%, 

85.80%, 88.00%, and 89.70% with kappa coefficients of 0.859, 0.758, 0.865, 0.795, 0.786, 

0.854, and 0.795.   

 

3.2.2. Assignment of land use and land cover (LULC) to equivalent biome 

According to BTM, the global ecosystems were classified into 16 biomes based on land use and 

land cover (LULC) types. The BTM also identified 17 ecosystem functions that can be derived 

from those 16 biomes. The biomes (n=16) and corresponding ecosystem functions (n=17) can 

be found in Costanza et al. [6].  A biome can be defined as the characteristics of the terrestrial 

ecosystem such as vegetation, forest, water body, etc [31]. To obtain the values of ecosystem 

services for each of the five LULC categories in Dhaka city, I compared the five categories of 

LULC with 16 biomes, then the most relevant biome for each category has been assigned as the 

proxy for that LULC type. LULC types, equivalent biome, and corresponding value coefficient 

have been presented in Table 3.3. 

 

Table 3.3. Biome equivalents for the five land use land cover  categories and the 

corresponding ecosystem service value coefficient (𝟏𝟗𝟗𝟒 𝐔𝐒 $ 𝒉𝒂−𝟏𝒚𝒓−𝟏). 

LULC Types Equivalent biome ESV coefficient (𝐔𝐒 $ 𝒉𝒂−𝟏𝒚𝒓−𝟏) 

Agricultural land Cropland 92 

Water body Wetland 14785 

Forest and Vegetation Tropical Forest 2007 

Built-up area Urban 0 

Bare land Desert 0 

       Source: Costanza et al. [6] 

 

3.2.3. Calculation of Ecosystem Services Values 

The total value of ESV of the study area has been calculated by multiplying land area with value 

coefficient according to the following Equation 3.1 [32].  

𝐸𝑆𝑉 = ∑(𝐴𝑘 ×  𝑉𝐶𝑘)                                                                  Eq 3.1 
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Where ESV is the total estimated value of ecosystem service, 𝐴𝑘 is the area of LULC in hectares 

and 𝑉𝐶𝑘 is the value coefficient (US $ ℎ𝑎−1𝑦𝑟−1) for each LULC category 'k' as presented in 

Table 3.3. The rate of change of ESV has been calculated according to Equation 3.2.   

𝐸𝑆𝑉𝑐𝑟 =
𝐸𝑆𝑉𝑗 − 𝐸𝑆𝑉𝑖

𝐸𝑆𝑉𝑖
 ×  

1

T
  ×   100% Eq 3.2 

where 𝐸𝑆𝑉𝑐𝑟 refers to the yearly ESV change rate for a single LULC type, 𝐸𝑆𝑉𝑖  and 𝐸𝑆𝑉𝑗 are 

the initial and final ecosystem service value, and T is the study period. The value of the 

ecosystem service function was also calculated using Equation 3.3 [33].  

𝑆𝑉𝑓 =  ∑(𝐴𝑘 ×  𝑉𝐶𝑓𝑘) Eq 3.3 

Where, 𝐸𝑆𝑉𝑓 is the estimated value of ecosystem service function f, 𝐴𝑘 is the area (ha) and  

𝑉𝐶𝑓𝑘 is the value coefficient of function f (US $ ℎ𝑎−1𝑦𝑟−1) for each LULC category 'k'. The 

value coefficient for individual function has been obtained from Costanza et al. [6]  

 

3.2.4. Calculating elasticity of ESV due to LULC changes 

Elasticity describes how well one variable responds to the changes in another variable. The 

elasticity of ESV to LULC changes measures the percentage change of ESV in response to the 

percentage change in LULC. The elasticity of ESV has been calculated using the following 

equations 3.4 and 3.5 [7].  

𝐸𝐸𝐿 =  |

𝐸𝑆𝑉𝑗 − 𝐸𝑆𝑉𝑖

𝐸𝑆𝑉𝑖
×

1
𝑇 × 100%

𝐿𝑇𝑃
| Eq 3.4 

𝐿𝑇𝑃 =  |
∑ △ 𝐿𝐶𝐴𝑖

𝑛
𝑛=1

∑ 𝐿𝐶𝐴𝑖
𝑛
𝑛=1

×
1

𝑇
× 100%| Eq 3.5 

In the above equations, EEL is the elasticity of total ESV to LULC changes, 𝐸𝑆𝑉𝑖 and 𝐸𝑆𝑉𝑗 are 

the initial and final ecosystem service value, and T is the study period. LTP is the percentage 

of land transition which implies the degree of LULC changes, △ 𝐿𝐶𝐴𝑖 is the changes of LULC 

category 𝑖 during the study period and 𝐿𝐶𝐴𝑖 is the area of lULC category of 𝑖.  
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3.2.5. Sensitivity Analysis 

In Section 3.2.1, I have made a similarity check of five LULC categories with 16 biomes, and 

the most similar biome has been assigned to the corresponding LULC category as the proxy. 

But the biomes used as the proxies are not of perfect matches of each LULC category; thus, 

there exist uncertainties in the coefficient values used to calculate ESV. Hence, sensitivity 

analysis is necessary to determine the level of dependence of total ESV due to a change in the 

coefficient value of a specific LULC type. Coefficient of Sensitivity (CS) is a measure to verify 

the effective representation of biomes and the accuracy of the corresponding value coefficient 

in various LULC categories. I have used the standard economic concept of elasticity to calculate 

CS as per the following Equation 3.6 [34]. 

𝐶𝑆 =  |
(𝐸𝑆𝑉𝑗 − 𝐸𝑆𝑉𝑖)/𝐸𝑆𝑉𝑖

(𝑉𝐶𝑗𝑘 − 𝑉𝐶𝑖𝑘)/𝑉𝐶𝑖𝑘
| Eq 3.6 

Where ESV and VC refer to estimated total ecosystem service value and value coefficient, 

respectively; i and j represent the initial and adjusted value, and k represents the specific LULC 

type. The value coefficient of each LULC category was adjusted by ±50% to calculate the 

adjusted ESV and CS. If CS is less than 1, then the estimated ESV is inelastic with respect to 

value coefficient, and if CS is greater than 1, the calculated ESV is considered to be elastic. If 

the estimated ESV with respect to value coefficient is inelastic, then the representation of 

proxies and associated estimated ESV are reliable [35].  

 

3.3. Results and discussion   

3.3.1. Land use land cover change 

Spatial distribution and trend of LULC changes of Dhaka city for the last three decades (1990-

2020) have been presented in Figure 3.1 and Figure 3.2. Figure 3.1 illustrates that, in 1990, the 

built-up area was spatially distributed along the southern part of Dhaka city, which extends 

towards the northwest direction over the past 30 years. Initially, agricultural land was 

distributed over the northern part of the city, but over time some portion of forest and vegetation 

area in south-east part was converted into agricultural land, later most parts of agricultural land 

were converted to the built-up area. In 1990, forest and vegetation were distributed in the central 

part of the city, but most parts of it were occupied by built-up area in the past 30 years.  



33 

 

 

Figure 3.1. Land use and Land cover change Map of Dhaka city for the years 1990, 1995, 2000, 

2005, 2010, 2015, and 2020. 

 

Figure 3.2 shows the trends of LULC changes of Dhaka city during the period from 1990 to 

2020. From this figure, two trends of LULC change are identifiable. Firstly, agricultural land, 

water bodies, and forest and vegetation show a gradual decrease over the last three decades; 

secondly, built-up area and bare land show a gradual increase over the period. These trends 

imply that a considerable portion of agricultural land, water bodies, and forest and vegetation 

were occupied by built-up areas and bare land in the study area in the past 30 years.  
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Figure 3.2. Figure showing trend of land use land cover change in Dhaka city  

 

My findings regarding LULC change dynamics is in close conformity with the findings of other 

studies: a) agricultural land, water bodies, and forest and vegetation show a gradual decrease; 

and built-up area and bare land show a gradual increase over the study period [36]; b) Initially, 

the proportion of water body/wetland was higher, and then it continues to decrease over time 

[37]; c) built-up area continues to increase over time and dominates all other LULC types [36]; 

and d) a considerable portion of agricultural land, water bodies, and forest and vegetation had 

been occupied by built-up area and bare land during the study period [38], [39].  

 

Table A1 of Appendix-A shows the distribution of different LULC types during the period 1990 

to 2020 in the study area. According to Table A1, in 1990, the dominant LULC type was water 

bodies (85.85 km2), and the lowest portion of land was remained as bare land (24.52 km2), 

whereas, in 2020, the highest amount was land was allocated to the built-up area, and the lowest 

amount of land was occupied by agricultural land. However, except 1990, the built-up area 

constituted the dominant LULC type up to 2020, having proportion of about 27.88%, 30.91%, 

38.09%, 43.38%, 46.57%m and 51.85% 1995, 2000, 2005, 2010, 2015, and 2020 respectively.  

 

Table 3.4 shows the annual rate of changes of different LULC types in different study periods. 

In Table 3.4, the "-" sign indicates the decrease and others indicate an increase in LULC 

changes. According to Table 3.4, it is observed that agricultural land, water bodies, forest and 

vegetation were annually decreased by 2.06%, 1.98%, and 2.05% respectively from the period 

1990 to 2020. On the other hand, built-up area and bare land were annually increased by 6.28% 

and 4.61%, respectively, during the period 1990 to 2020. It is also observed that the annual 
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decreasing rate of agricultural land use change (4.66%) was highest during the period 1990-

1995 and that of water bodies (6.49%) and forest and vegetation (5.65%) during the period in 

2015-2020. The annual increasing rate of built-up area change (11.01%) was highest during the 

period 1990-1995 and that of bare land (6.71%) during the period in 2015-2020.  

 

Table 3.4. Annual rate of change of LULC during 1990 to 2020. 

Land Cover Class 1990-

1995 

1995-

2000 

2000-

2005 

2005-

2010 

2010-

2015 

2015-

2020 

1990-

2020 

Agricultural Land -4.66 -3.52 -3.49 -2.88 -1.07 -1.92 -2.06 

Water bodies -2.61 -1.93 -0.54 -1.08 -3.34 -6.49 -1.98 

Forest and Vegetation -2.04 0.68 -3.29 -3.66 -3.10 -5.65 -2.05 

Built-Up Land 11.01 2.18 4.64 2.77 1.48 2.26 6.28 

Bare Land 2.96 3.12 -0.88 1.94 5.64 6.71 4.61 

 

Figures 3.1, 3.2, and Table 3.4 show the spatial distribution and trend of LULC changes but do 

not provide the idea of how a particular LULC type was redistributed over the period. To 

understand this redistribution mechanism, I have created a transition matrix using ArcGIS 10.8 

software, which has been presented in Table 3.5.   

 

Table 3.5. land use land cover transition matrix in Dhaka City during the period 1990-2020. 

 

 

 

 

 

 

 

 

 

This transition matrix shows how the different LULC types of the study area were redistributed 

during the period from 1990 to 2020. Table 3.5 shows that built-up area occupied 9.18% (28.07 

km2), 5.46% (16.70 km2), 15.58% (47.65 km2), and 5.39% (16.48 km2) area from agricultural 

land, water bodies, forest and vegetation, and bare land during the period from 1990 to 2020, 

whereas it lost only 1.71% from its own. It can also be noted that, except for water bodies, the 

LULC Type 

LULC allocation in 2020 (%) 

Agricultural 

Land 

Water 

bodies 

Forest and 

Vegetation 

Built-Up 

Land 

Bare 

Land 

Grand 

Total 

L
U

L
C

 a
ll

o
ca

ti
o
n
 i

n
 

1
9

9
0
 (

%
) 

Agricultural Land 4.23 2.54 1.79 9.18 3.38 21.15 

Water bodies 2.78 6.91 1.40 5.46 11.52 28.08 

Forest and 

Vegetation 

0.60 1.60 4.22 15.58 2.79 24.77 

Built-Up Land 0.05 0.07 1.32 16.27 0.29 17.98 

Bare Land 0.42 0.27 0.81 5.39 1.13 8.02 

Grand Total 8.08 11.43 9.52 51.85 19.11 100.00 
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major portion of different   LULC types was converted to the built-up area; a major portion of 

water bodies (11.52%) was converted to bare land.  Table 3.5 also implies that the forest and 

vegetation and water bodies were the highest contributors (15.58% and 11.52%, respectively) 

of built-up area and bare land increase. 

 

3.3.2. Variation in Ecosystem Services value 

3.3.2.1. Change in ecosystem service value 

I have estimated the ESV of Dhaka city based on Equation 3.1, ESV coefficient in Table 3.3, 

and area of different LULC types in Table A1 of Appendix-A. The result of the estimated ESV 

has been presented in Table 3.6 and Figure 3.3, and Figure 3.5. According to Table 3.6 and 

Figure 3.3, the total estimated ESV of Dhaka city were 142.72, 124.47, 114.18, 109.12, 101.67, 

84.84, and 57.72 million USD in the years 1990, 1995, 2000, 2005, 2010, 2015, and 2020 

respectively. Table 3.6 clearly shows that water body was the highest contributor to total ESV, 

followed by forest and vegetation, and agricultural land. On the other hand, built-up area and 

bare land have no contribution to ESV. According to Figure 3.3, the ESV trend of Dhaka city 

shows a declining change process. A gradual decrease in ESV was observed for forest and 

vegetation, and agricultural land over the study period, and a sharp decrease in ESV was 

observed during the period 1990-2000 and 2010-2020.  

 

Table 3.6. Individual ecosystem service value by land use land cover and year. 

LULC/Year Agricultural 

land 
Water body Forest and 

Vegetation 

Built-up 

area 
Bare land Total ESV 

1990 ESV 0.59 126.93 15.20 0.00 0.00 142.72 

% 0.42 88.93 10.65 0.00 0.00 100.00 

1995 ESV 0.46 110.37 13.65 0.00 0.00 124.47 

% 0.37 88.67 10.97 0.00 0.00 100.00 

2000 ESV 0.38 99.69 14.12 0.00 0.00 114.18 

% 0.33 87.31 12.36 0.00 0.00 100.00 

2005 ESV 0.31 97.02 11.79 0.00 0.00 109.12 

% 0.28 88.91 10.81 0.00 0.00 100.00 

2010 ESV 0.27 91.77 9.63 0.00 0.00 101.67 

% 0.26 90.26 9.48 0.00 0.00 100.00 

2015 ESV 0.25 76.45 8.14 0.00 0.00 84.84 

% 0.30 90.11 9.60 0.00 0.00 100.00 

2020 ESV 0.23 51.65 5.84 0.00 0.00 57.72 

% 0.39 89.49 10.12 0.00 0.00 100.00 
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Figure 3.3. The trend of total ecosystem service value in Dhaka city during 1990-2020. 

 

 

Figure 3.4: Population growth of Dhaka city during 1990-2020 [40] 

 

The change in the ESV was the direct impact of the change in LULC. While the decrease in 

forest and vegetation, agricultural land, and water bodies were responsible for the reduction of 

ESV, the water body was the main contributor among them due to its high-value coefficient. 

During the period from 1990 to 2020, the total estimated ESV of Dhaka city was decreased by 

59.55%, in which 52.74% ESV was decreased due to the reduction of water bodies. These 

findings are in line with the findings of other studies in the well-established literature [9], [41]. 

The value of ESV was reduced due to the expansion of built-up area and this happened at the 

expense of vegetation, agricultural land, and water body. However, the main reason for the 

expansion of the built-up area was the obvious result of the population increase in Dhaka city. 

Urban migration is the primary factor for population growth in Dhaka city. Figure 3.4 shows 

the trend of population growth of Dhaka city. This figure revealed that there were about 4.6 

million people in Dhaka city in 1990 and the population was tripled in 2020. The declining 

trend of ESV as shown in Figure 3.3 can be linked with the increasing trend of population 

growth shown in Figure 3.4. By comparing Figure 3.3 and Figure 3.4, it can be argued that the 

reduction of ESV was caused by the increasing trend of the population in Dhaka city. Due to 
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the increase in the population, it was required to provide shelter and other basic services for the 

increased population. Dhaka's population is growing daily as people move in from all parts of 

the country to take advantage of the city's amenities. According to government estimates, at 

least 1,418 individuals join Dhaka's population each day and the city's present population of 

nearly 15 million places it as the world's densely city. The rate of urbanization in Dhaka City 

is accelerating, resulting in a lot of concerns that jeopardize citizens' basic rights. Utility 

services such as shelter, power, water, and gas become insufficient to meet demand, while roads 

and transportation facilities deteriorate significantly. However, to meet the growing demand for 

basic services and urban facilities more built-up area is required. So, the land is being converted. 

As a result, the vegetation, agricultural land, and water body were transformed into the built-up 

area. Consequently, the ESV was declined tremendously. To understand the yearly changes of 

ESV, I calculated the rate of annual changes for ESVs according to Equation 3.2.  Table 3.7 

shows the annual rate of changes of ESV for different LULC types during the period 1990 to 

2020. The negative sign in the values represents the decrease in ESV. Table 3.7 shows the 

annual rate of ESV for agricultural land, water bodies, forest and vegetation only; ESV changes 

for the built-up area and bare land are not present because they derive no ESV. Table 3.7 

suggests that ESV derived from agricultural land, forest and vegetation, and water bodies were 

annually decreased by 2.06%, 2.05%, and 1.98%, respectively, from the period 1990 to 2020. 

However, the overall annual rate of change was -1.99% from 1990 to 2020. During this period, 

about 85 million USD of total ESV of Dhaka city was reduced. The highest decrease in total 

ESV was observed during the period 2015 to 2020, with an annual decreasing rate of about 

6.39%.  

 

Table 3.7. The annual rate of change (%) of ecosystem service value (1990-2020) 

Land Cover Class 
𝑬𝑺𝑽𝒄𝒓 

1990-1995 
1995-

2000 

2000-

2005 
2005-2010 

2010-

2015 

2015-

2020 

1990-

2020 

Agricultural Land -4.66 -3.52 -3.49 -2.88 -1.07 -1.92 -2.06 

Water bodies -2.61 -1.93 -0.54 -1.08 -3.34 -6.49 -1.98 

Forest and Vegetation -2.04 0.68 -3.29 -3.66 -3.10 -5.65 -2.05 

Built-up area 0 0 0 0 0 0 0 

Bare Land 0 0 0 0 0 0 0 

Total ESV change -2.56 -1.65 -0.89 -1.37 -3.31 -6.39 -1.99 

 

The spatial distribution of ESV of Dhaka city for the years 1990, 1995, 2000, 2005, 2010, 2015, 

and 2020 have been illustrated in Figure 3.5. This figure indicates that, in 1990, the value of 
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ESV was higher throughout the city except for the south-western part and part of the northern 

side. About 28.08% (85.85 km2) of the total area had ESV 14,785 USD/ha/year. The higher 

value of ESV was the result of the presence of water bodies and forest and vegetation 

throughout the cities. In 1995, the value of ESV was decreased around the central part and 

western part of the city due to the encroachment of the forest and vegetation land by built-up 

areas. In 2000, the ESV in the north-east part was slightly increased due to the conversion of 

agricultural land to forest and vegetation. 

 

 

Figure 3.5. Spatial distribution of ecosystem service value (US$/ha/year) for the year (a) 1990, 

(b) 1995, (c) 2000, (d) 2005, (e) 2010, (f) 2015, and (f) 2020. 
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The ESV, in 2005, was reduced in the northern part due to the conversion of forest and 

vegetation land to the built-up area. The ESV was considerably decreased along the eastern part 

in 2010 and 2015 because a large portion of water bodies and wetlands were converted to bare 

land. In 2020, the ESV was decreased throughout the city resulting from the conversion of 

wetlands and water bodies to bare land along the eastern side, forest and vegetation to bare land 

in the central part, and forest and vegetation to agricultural land. Only about 11.43% (34.94 

km2) area contains ESV 14,785 USD/ha/year in 2020.  

 

3.3.2.2. The estimated value of individual ecosystem service function 

I have estimated the value of 17 individual ecosystem functions based on Equation 3.3. The 

values of individual ecosystem functions have been presented in Table A2 of Appendix-A. 

These ecosystem functions are grouped into four broad categories: provisioning, regulating, 

supporting, and cultural. As shown in Figure 3.6, regulating service is the major contributor to 

total ESV in the study area, followed by provisioning, cultural and supporting service. The 

regulating service contributed about 56.43%, 56.34%, 55.91%, 56.42%, 56.85%, 56.80% and 

56.60% of the total ESV in the year 1990, 1995, 2000, 2005, 2010, 2015, and 2020 respectively. 

The contribution of regulating service is the highest because of the presence of a large amount 

of water body and its high-value coefficient. For example, two individual functions of the 

Waterbody have a higher value coefficient: waste treatment and disturbance regulation with a 

high-value coefficient as given in Costanza et al. [6]. In the case of provisioning service, it 

showed the highest contribution (27.42%) in 2020. Compared to regulating and provisioning 

services, the contribution of supporting service and cultural service to the total ESV is 6.79%, 

9.37%, respectively. Change in the value of individual ecosystem function was also calculated 

and has been presented in Table A3 of Appendix-A. It is evident from this table, ecosystem 

services functions, water supply, waste treatment, and disturbance regulation are three major 

contributors over the study period.  

 

Figure 3.6. Contribution of individual ecosystem service to total ecosystem service value. 
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Their importance is also supported by other studies. For example, a study by Hasan et al. [4], 

showed that water supply, waste treatment, soil formation, and biodiversity protection were the 

most valuable ecosystem services, affecting the total ESV Guangdong, Hong Kong, and Macao 

in South China during 1986-2017. 

 

3.3.3. Impact of LULC change on ESV 

To understand the impact of LULC changes on the total ESV and their relationship, I have 

calculated the elasticity of ESV in response to LULC Changes according to Equations 3.4 and 

3.5. The Figure 3.7 shows that the elasticity of ESV in response to LULC changes were 0.29, 

0.40, 0.15, 0.27, 0.65, 0.79, and 0.33 during the period, 1990-1995, 1995-2000, 2000-2005, 

2005-2010, 2010-2015, 2015-2020, 1990-2020 respectively. The elasticity implies that 1% 

transition of LULC would result in average 0.29%, 0.40%, 0.15%, 0.27%, 0.65%, 0.79%, and 

0.33% change total ESV during the study period respectively (Figure 3.7). The elasticity of 

ESV during the different periods over 1990 to 2020 shows a fluctuating trend. The elasticity of 

ESV was increased from 0.29 to 0.40 during the period 1990-2000; however, it was declined 

during the period 2000-2005. After that, an increasing trend in the elasticity of ESV is observed 

during the period 2005 to 2020. The increasing trend of elasticity implies that ESV is sensitive 

to LULC changes. The highest elasticity of ESV is observed during the period 2015 to 2020.  

 

 

Figure 3.7. The elasticity of ecosystem service value in response to land use land cover 

change. 

The impact and relationship between ESV and LULC are also understood in Figure 3.8. Figure 

3.8 shows that water bodies, forest and vegetation, and agriculture had a positive impact upon 

ESV on the other hand built-up area and bare land negatively affect ESV. As shown in Figure 

3.8, the trend between ESV and water bodies is more similar compared to others which imply 

that water bodies have a higher positive impact on ESV change compared to other LULC types. 



42 

 

The higher impact of the water body is also justified due to its higher coefficient value and large 

area. Built-up area and bare land have a negative impact upon ESV, which causes to decrease 

in the value of ESV. Although both of them have a negative impact, the built-up area is more 

responsible for reducing total ESV due to its larger area compared to bare land. 

 

Figure 3.8. Relationship between ecosystem service value and land use land cover change. 

 

3.3.4. Sensitivity analysis 

I have calculated the value of the coefficient of sensitivity (CS) based on Equation 3.6, 

considering ±50% adjustment in the original value coefficient proposed by Costanza et al. [6]. 

In my study, the value of CS is less than 1 as presented in Table 3.8, which confirms that 

estimation of total ESV is inelastic to value coefficient (Table 3.3, proposed by Costanza et al. 

[6]. The CS for waterbody is higher, about 0.9%, compared to agricultural land and forest and 

vegetation due to its high value of coefficient and large area. The lower value of CS of 

agricultural land and forest and vegetation implies that the adjustment in their value coefficient 

had very little impact on the estimation of ESV.  

Table 3.8. Percentage change in estimated total ecosystem service value and 
coefficients of sensitivity from an adjustment of ecosystem valuation coefficients. 

 Adjusted Value 

Coefficient  

1990 1995 2000 2005 2010 2015 2020 

C (%) CS C (%) CS C (%) CS C (%) CS C (%) CS C (%) CS C (%) CS 

Agricultural land 

±50% 
0.208 0.004 0.183 0.004 0.165 0.003 0.142 0.003 0.131 0.003 0.148 0.003 0.197 0.004 

Water body ±50% 44.466 0.889 44.334 0.887 43.654 0.873 44.454 0.889 45.132 0.903 45.054 0.901 44.743 0.895 

Forest and 

Vegetation ±50% 
5.325 0.107 5.483 0.110 6.181 0.124 5.404 0.108 4.738 0.095 4.798 0.096 5.060 0.101 

Built-up area 

±50% 
- - - - - - - - - - - - - - 

Bare Land ±50% - - - - - - - - - - - - - - 

C (%) = percentage change in total ESV due to adjusted value coefficient 
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Less than ±0.2% change is observed in total ESV due to ±50% change in the value coefficient 

for agricultural land, and about ±5% change is observed due to ±50% change in the value 

coefficient for forest and vegetation. On the other hand, the comparatively higher CS value of 

water bodies implies that change in the value coefficient has a greater impact upon the 

estimation of ESV, ±50% change in the value coefficient resulted in about ±44% change in 

the estimated ESV. However, the sensitivity analysis in this research showed that the estimated 

ESV using the value coefficient in Table 3.3 is robust despite the uncertainties in the value 

coefficient.   

 

3.4. Limitations and future scope of the study 

Following are the limitation and future scope of the study. 

• First, ESV has been calculated based on land cover derived from a medium-resolution 

Landsat satellite. High-resolution images could derive more accurate LULC types that, 

in turn, could derive a more accurate estimation of ESV.  

• Second, benefit transfer methods assume the spatial homogeneity of the ecosystem 

service value coefficient. But the urban built environment is much complex and 

heterogeneous; the same LULC may derive different ESV in different countries since 

the social, physical, and economic context is different. So the generalization of the value 

coefficient would inevitably cause to generate erroneous ESV [42].  

•  Testing the robustness and reliability of the ESV result using CS was criticized by many 

researchers because of the tendency for CS value to be often less than 1 even the value 

coefficient was adjusted by ±25% [43].  

• Fourth, for simplicity, I have assumed that the value coefficient of ESV remains 

constant with time. But, in reality, it is unlikely that the value coefficient would remain 

constant over time [44].  

 

3.5. Conclusion 

This dissertation showed how ESV changes over time due to the change of LULC. The study 

identified that built-up area is the most dominant LULC type during the whole period except in 

1990. The built-up area has been increased by 188.35% from 1990 to 2020, with an average 

annual growth rate is about 6.28%. The analysis of ESV shows that it has decreased by 59.55% 

(85 million USD) from 142.72 million USD in 1990 to 57.72 million USD in 2020 due to the 

development of the built-up area through conversion of agricultural land, water bodies, and 
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forest and vegetation land. The result on elasticity implies that a 1% transition in LULC would 

result in about 0.33% change in total ESV during the study period. However, the highest decline 

in total ESV (32.20%, 27.32 million USD) occurred during the period 1990 to 1995. The study 

identified that water bodies have a higher positive impact on ESV change compared to other 

LULC types. It has also been identified that water supply, waste treatment, and disturbance 

regulation are three major contributors to ESV in this study area. The valuation of urban 

ecosystem service has many significances in sustainable land use planning because it has a great 

impact on the human well-being of city people. So, it is important to explore how ecosystem 

services respond to LULC changes to facilitate decision-making towards urban sustainability. 

I strongly believe that the findings would help researchers in the next level of study in ESV in 

Bangladesh.  

 

This dissertation will also help policymakers and urban planners to devise appropriate land use 

decisions to ensure sustainable urban development of Dhaka city considering natural resources 

and the trade-off between urban development and ESV.  This can happen in many ways. Firstly, 

there is growing evidence of the beneficial effects of urban ecosystem services on urban quality 

of life [2], [45]–[47]. Regulation and cultural services, such as air purification, noise reduction, 

urban cooling, runoff mitigation, recreation, and contributions to mental and physical health, 

have been demonstrated to be particularly important in urban planning contexts at the same 

time the consideration these ecosystem services in urban planning will contribute to 

environmental sustainability. Ecosystem loss in cities may impose significant long-term 

economic costs and have a significant impact on the social, cultural, and insurance values 

associated with ecosystem services. Loss of green infrastructure can also result in reductions in 

resilience-related insurance values, exposing cities to shocks such as heatwaves, flooding 

events, storms, landslides, and even food crises [48]. This loss can be overcome by introducing 

urban ecosystem preservation into urban planning. The findings of this dissertation have special 

implications in the urban planning context of Bangladesh. Recently, Bangladesh Government 

took the initiative to prepare urban area plans for different cities in Bangladesh in accordance 

with the long term national development plan. However, the main focus of that plan is to 

develop physical infrastructure. So, if the urban ecosystem is integrated with urban planning it 

will help make livable cities and to achieve sustainable development goals. 
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Chapter 4 

MEASURING SOCIAL BENEFITS IN URBAN LAND USE 

OPTIMIZATION PROBLEM 

 

4.1. Introduction 

Different conflicting objectives are used in urban land use optimization problem. In Section 

2.4.2.1 of Chapter 2, I have identified several objectives which are frequently used in urban 

land use optimization problem. Based on systematic literature review in Chapter 2, I have 

identified that the maximization of social benefits is one of the important objectives in urban 

land use optimization problems. However, I have also identified that that there is no generalised 

method to calculate social benefit in urban land use allocation problem. Many researchers used 

a single variable-based measure to quantify benefits. For example, Zhang et al. [1] measured 

social benefit as a function of social security service value,  Yuan et al. [2] used spatial 

compactness of an area as a measure of the social benefit. But I argue that only a single indicator 

may not be the optimal measure of social benefit. This claim is also supported by some other 

studies. For example, Jenks and Jones [3] mentioned that although spatial compactness in the 

city has many social benefits but this compaction may lead to reduced living space, poorer 

access to green spaces, and less affordable housing. Thus, I argue that multiple indicators can 

be attributed to the measure of social benefit. So, some kind of composite index is required to 

measure social benefit. But I have identified that that there is no such established method to 

measure social benefit in land use allocation game. Against this background, this dissertation 

aimed to a) identify the appropriate indicators as a measure of social benefit, and b) propose a 

composite index to measure social benefit in urban land use allocation problem.  

 

4.2. Literature review  

Urban land use planning is becoming a critical issue in the face of rapid urbanization and 

sustainability challenges. This emphasized the inclusion of environmental, economic and social 

dimensions of sustainability in urban land use planning. A significant portion of the sustainable 

development literature now emphasizes the importance of considering social benefits in urban 

land use planning [4]. To reflect the urban social sustainability, many researchers incorporated 

social benefits in land use optimization problems and planning [5]. This composition and spatial 

pattern of land use affects the urban social benefits in many ways. In relation to the composition 

and spatial pattern of urban land uses, there are many indicators contributing to urban social 
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benefits. This section discusses different types of spatial indicators that are related to the 

measurement the urban social benefits. Based on the literature review, I identified several 

indicators that can be used to measure the social benefits of urban land use optimization. First, 

I summarized the relevant indicators/methods in Table 4.1, then I provided a critical discussion 

on the different indicators.  

 

Table 4.1. Indicators of social benefit measure in land use allocation. 

Indicators References 

Spatial compactness [6]–[13] 

Land use compatibility [9], [14]–[16] 

Accessibility [17]–[21] 
Land use mix [22]–[25] 
Evenness of population distribution [26]–[28] 
Urban green space [29]–[34] 

Land use suitability [35]–[39] 

Source: Prepared by authors based on literature review 

 

A significant number of studies [7], [8], [10]–[12] considered spatial compactness as an 

indicator of social benefit. Spatial compactness was used as an indicator of urban social benefits 

thinking that a compact city is more sustainable and livable [7]; can maximize the social well-

being of the people [40]; provide better accessibility to city facilities, and promote social equity 

education, health, and living [6]; offer higher level of personal satisfaction, social interaction, 

and perceived physical health benefits [8].  However, only this indicator cannot be sufficient 

for measuring social benefit because spatial compactness lead to reduced living space, poorer 

access to green spaces, and less affordable housing[3]. Land use compatibility is considered as 

the crucial factor in urban development planning. It refers the situation in which adjacent land 

uses can co-exist in neighboring plot without generating any negative effects to each other. 

Hence, it has been considered as other criteria of urban social benefit in relation to land use 

planning. Studies show that land use compatibility derives more social benefits to the urban 

people [41]. Researches also argued that land use compatibility has significance in social 

sustainability and social well-being through increased social interactions, good human-

environment interaction, a pleasant and healthier environment, and increasing livability [42]. 

Spatial accessibility has been widely used as a scientific tool for evaluating the distribution of 

urban public services related to social welfare [43], [44]. Many studies used spatial accessibility 

as a measure of social benefits [17], [18], [21] . It can be used to quantify disparities in access 

to urban services between different population groups or regions. However, the road network 
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data and urban services as point features were mainly used to measure spatial access to different 

urban facilities. Only the land use allocation is not enough to measure spatial accessibility. Land 

use mix is widely discussed subject of social sustainability and overall urban sustainability. It 

refers to the degree of diversity among the different land use types within an area. Land use 

mix has been considered as a measure of social benefit since it provides many benefits to the 

city. These includes short trip generation, easy access to facilities, reduce transport cost and 

travel length, reduce emission etc. It is an important component of walkability [45]. Mixed land 

use has significance in deriving social well-being and benefits from urban land use allocation. 

For example, mixed land uses promote walkability, shorten trip length, reduce emission, save 

energy and resources, ensure effective use of urban infrastructure and services, and increased 

social interactions[25]. Spatial distribution of population in the city is another criterion to 

measure social benefits that people gain from city. Studies suggest that spatial distribution of 

population within a city has strong relationship with health and the social well-being [46]. The 

population in city should be distributed in such a way that can maximize per capita utility from 

city. If the population distribution is not optimal or homogeneous, then it will generate spatial 

disparity in social benefits of the city people [47]. For example, if there are two green spaces 

of similar size and functions in a city but if these green spaces have different coverage area and 

serve different number of population then the per capita utility from the green spaces will be 

different which may create spatial disparity in terms social benefits and well-being. So, optimal 

population distribution is important to maximize per capita utility or social benefits within the 

city. Urban green space is another indictor to measure the well-being of urban population and 

was used in many studies related to well-being of city [29], [30], [33]. Urban green space 

provides many health benefits to the citizens. Urban green space is believed to contribute to 

citizen happiness by promoting physical and mental health [29], [30]. However, urban green 

space is more important in the study of environmental benefits compared to social benefits. 

Land use suitability is another important factor in the study of social benefits [35], [36]. It is 

defined as the degree of fitness of a certain type of land use to be allocated in a specific land 

parcel considering preferences, requirements, or predictors of some activities. However, the 

social benefits of land use suitability can also be achieved be land use compatibility. 

 

4.3. Materials and methods 

This study was conducted in Rajshahi city of Bangladesh. A short description of Rajshahi city 

has been given in Section 1.4 of Chapter 1. The main objectives of this study are to a) identify 

the appropriate indicators as a measure of social benefit, and b) propose a composite index to 
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measure social benefit in urban land use allocation problem.  This section describes the steps 

of methodology followed to fulfil the objectives. In this study, I have used two kinds of data: 

a) hypothetical data (Figure 4.1) and b) real-world data (Figure 4.2). These data include 

population data and land use data. Hypothetical data was used to develop social benefit index 

(SBI), and the proposed SBI was applied in the real-world data of Rajshahi City, Bangladesh. 

The dataset is in raster format in the size of 30*30 cell. The real-world dataset was collected 

from Rajshahi Development Authority (RDA), Bangladesh. ArcGIS 10.8 and TerrSet v19.0 

software were used to process and analyze the data. The following sections describes the step-

by-step methodology of this study. 

 

 

Figure 4.1. Hypothetical land use (left) and population (right) data used in this study. 

 

Figure 4.2. Spatial distribution of different land use types in this study area. 
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4.3.1. Selection of indicators 

In order to develop a composite index of social benefit, it necessary to select the appropriate 

indicators that reflect social benefits from land use allocation. To select the indicators, first, a 

literature review was conducted. Based on the literature review I identified several indicators, 

that can be used to quantify the social benefits. The initial list of indicators was presented in 

Table 4.1. However, all the indicators are not equally important. To select the most suitable 

indicators, the results of the literature review were then shared with a group of 15 professionals, 

comprising urban planner, architect, and environmental expert. The expectation was that the 

experts will come to a conclusion regarding the indicators of social benefits. In the next step, a 

semi-structure interview was done with those experts and final indicators were selected based 

on the literature review and expert opinions. Based on literature review and expert opinion I 

selected four indicators that can be used to measure social benefit in land use allocation and 

optimization problems. These four indicators are a) spatial compactness, b) land use 

compatibility, c) land use mix, and d) evenness of population distribution.   

 

4.3.2. Computation of indicators  

4.3.2.1. Spatial compactness  

Spatial compactness is a numerical quantity which represents the degree to which different land 

use types are compact in nature in terms of spatial distribution. Several measures of spatial 

compactness exist in literature. These includes (a) linear integer programming (IP)-neighbor 

method; (b) non-linear IP-neighbor method; (c) linear IP using buffer cells; (d) spatial 

autocorrelation; (5); minimization of shape index [48]. Among these methods non-linear IP-

neighbor method and minimization of shape index are the most popular and straightforward. 

However, computation of non-linear IP-neighbor method is based on Moore’s eight-cell 

neighborhood  method [49] and  shape index is based on patches of land parcel [50]. Comparing 

the suitability and simplicity this study used Moore’s eight-cell neighborhood method to 

compute the spatial compactness of urban land allocation. In this method spatial compactness 

is represented by the number of cells allocated for the same use in each cell’s eight neighboring 

cells (Equation 4.1) [51].  

𝑆𝑝𝑎𝑡𝑖𝑎𝑙 𝑐𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 = ∑ ∑ ∑ 𝑏𝑖𝑗𝑘

𝑀

𝑗=1

𝑁

𝑖=1

𝐾

𝑘=1

𝑥𝑖𝑗𝑘                                                    𝐸𝑞 4.1 

Where, 𝑏𝑖𝑗𝑘 = 𝑥𝑖−1 𝑗 𝑘 + 𝑥𝑖+1 𝑗 𝑘 + 𝑥𝑖 𝑗−1 𝑘 + 𝑥𝑖 𝑗+1 𝑘 + 𝑥𝑖−1 𝑗−1 𝑘 + 𝑥𝑖−1 𝑗+1 𝑘 + 𝑥𝑖+1 𝑗−1 𝑘 +

𝑥𝑖+1 𝑗+1 𝑘     
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In the above Equation 4.1, K is the number of land use types, and K = 5. N and M are the total 

number of rows and columns of the planning area, respectively, and N = M = 30.  When cell (i, 

j) is allocated for land use k,  𝑥𝑖𝑗𝑘 = 1 ; otherwise 𝑥𝑖𝑗𝑘 = 0. After calculating the spatial 

compactness, I have normalized the value of spatial compactness using min-max normalization 

method (JAIN & BHANDARE, 2013) to make the value in the range between 0 to 1. The higher 

value of compactness indicates that same land use types are closely grouped together, whereas 

lower value indicates that same land uses are dispersed. The higher value of spatial compactness 

means that the land distribution is more compact. On the other hand, lower value of spatial 

compactness indicates that the land use distribution is scattered. However, there exist difference 

in the representation in the value of compactness. I have presented compactness value on a scale 

from 0 to 1, while in other studies the compactness values have been represented on a scale 

from 0 to 8. However, the representation of compactness value on a scale from 0 to 1 is more 

suitable compared to the scale from 0 to 8. 

 

4.3.2.2. Land use compatibility 

The land use compatibility indices are generated from expert opinion or stakeholder response. 

Previous studies used the same approach to derive land use compatibility [51]. I have conducted 

a focused group discussion (FGD) with a group of 15 experts consisting of urban planner, 

landscape architect and environmental expert to obtain compatibility score among different land 

use types. However, compatibility score is likely to change from one expert to another. So, I 

have generated final compatibility values among different land uses using analytic hierarchy 

process (AHP) method [52]. Method of AHP has been described in Appendix-B. After 

generating the final compatibility among different land use types, I have computed 

compatibility for each raster cell. Compatibility value depends on the two adjacent land use 

types. And the total compatibility for each cell depends on the land use type of its neighboring 

cells. Based on the derived compatibility value, the compatibility for each cell of land use has 

been calculated using the Equation 4.2.  

𝐿𝑎𝑛𝑑 𝑢𝑠𝑒 𝑐𝑜𝑚𝑝𝑎𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 = ∑ ∑ 𝐶𝑜𝑚𝑝𝑎𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑘𝑖𝑘𝑗

𝑀

𝑗=1

𝑁

𝑖=1

                                   4.2 

Where, ki and kj represent the land use types of the vector i and its neighbor j and the 

compatibility between them is represented by 𝐶𝑜𝑚𝑝𝑎𝑡𝑖𝑏𝑖𝑙𝑖𝑡𝑦 𝑘𝑖𝑘𝑗. Also 

∀𝑘 = 1, … . . , 𝑘; 𝑖 = 1, … , 𝑁; 𝑎𝑛𝑑 𝑗 = 1, … . . , 𝑀 
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After calculating value of each cell, I have normalized the value of land use compatibility using 

min-max normalization method (JAIN & BHANDARE, 2013). The value of compatibility 

ranges from 0 to 1. The higher value indicates that the land uses are highly compatible and vice 

versa. Needless to say, that, land uses of same type are highly compatible. Which means that if 

same land use co-exists together in neighboring plot then the compatibility value is 1. 

 

4.3.2.3. Land use mix 

Land use mix is a measure which counts the percentage of two or more land use in a given area. 

There are different types of indices to measure the degree of land use mix in a given area. Most 

important of them includes Balance index (BAL), Activity-related complementarity (ARC), 

Herfindahl–Hirschman index (HHI), Dissimilarity index-I (DIS-I), Dissimilarity index-II 

(DISII), Mix degree index (MDI), and Entropy index (ENT) etc. [53]. Among the indices, ENT 

is most popular and widely used to measure intensity of land use mix.  ENT index is based on 

logarithmic measure and was proposed by  Shannon [54]. The Entropy Index measure the 

degree of mix among the land uses in a given area. The value of entropy index varies from 0 to 

1. The higher the value of entropy index, the higher is the level of land use mix.  I have 

calculated the land use mix using the following ENT Equation 4.3.  

𝐸𝑁𝑇 = −
[∑ 𝑝𝑖 ln(𝑝𝑖)𝑘

𝑖=1 ]

ln(𝑘)
                                                                    4.3 

Where 𝑝𝑖 is the proportion of land use category 𝑖  in a specific zone; 𝑘 is the number of land-

use types, and 𝑘 ≥ 2. Here Moore’s eight-cell neighborhood method (Weisstein, 2005) has 

been used to compute ENT index value for each cell. The value of land use entropy ranges from 

0 to 1. The higher value indicates that the land uses are highly mixed and is supposed to offer 

higher benefit to the city. 

 

4.3.2.4. Evenness of population distribution 

Evenness of population distribution means the extent to which the population density of a given 

area (here a cell is the smallest unit) is deviated with respect to its ideal population density. It 

indicates the degree of homogeneity in the population density. The evenness of the spatial 

distribution is measured using a variety of approaches. Alatalo evenness index, Menhinnick 

evenness index, Simpson's dominance index, Shannon-Wiener evenness index are some of 

important measures of evenness of distribution [25]. To reflect the evenness of distribution, all 

of these indexes used block or zone. One issue with these approaches is that they cannot be 

used in a single cell while taking into account the cell's attribute value. Rather, the value of 
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evenness is calculated using numerous cells forming a zone. In order to avoid this problem in 

the above-mentioned methods, in this study, I proposed another technique to measure the 

evenness of population distribution. This technique can be applied in a single cell. Evenness of 

population distribution has been calculated based on the following Equation 4.4.   

Evenness index = 1 − normalized (
|𝑖𝑑 − 𝑎𝑑|

𝑖𝑑
)                                        4.4 

Where, evenness index is the evenness of population distribution;  𝑖𝑑 is the ideal density and 

𝑎𝑑 is the actual density of a particular cell or grid. The term ‘ideal density’ means the standard 

density prescribed by city authority. In my study, average population density has been 

considered as ideal density.  

 

4.3.3. Calculation of social benefit index (SBI) 

Based on the values of all the four indicators, finally, I have developed the composite index for 

social benefit index. Different methods are used to construct composite index. In this study I 

have used weighted linear combination approach (WLC) to calculate the social benefit. 

According to the weighted sum method, all indicators are combined into one scalar function 

and specific non-negative weights are assigned to each indicator [55].  Weight for each indicator 

was derived based on the opinion of expert and using AHP method. Detail procedure of deriving 

weight of the indicators using AHP method has been discussed in the Appendix-B. Description 

of WLC method has been presented in Appendix-C. After calculation, I have classified the SBI 

value in five level. These levels are Very low (0.00-0.20), Low (0.20-0.40), Medium (0.40-

0.60), High (0.60-0.80), and Very High (08.0-1.00). In real world application in Section 4.4.3, 

I have classified SBI into these five categories.   

 

4.4. Result and discussion 

4.4.1. Output of the indicators 

Based on the methods described in Section 4.3, I computed the value of each indicator. Figure 

4.3(a) illustrates the cell wise value of spatial compactness for the hypothetical dataset. Figure 

4.3(a) suggests that in some location the value of spatial compactness is higher and in some 

location the value is lower. It is also evident from Figure 4.3(a) that compactness is higher in 

the location where there is higher number of same lands uses and compactness is lower in the 

places where the number of same land use types are low. Similar nature in the compactness 

values were also identified in some other studies [10]. Since, spatial compactness is believed to 

generate many social benefits [56], the area with higher spatial compactness generated higher 
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level of social benefits whereas the low level of social benefit can be derived in the area having 

low level of spatial compactness.  Compatibility values among different land use types were 

presented in Table 4.2. According to Table 4.2, the compatibility between commercial land use 

and industrial land use is the highest giving the compatibility value of 1. It is also noticed that 

the compatibility is the lowest between residential and industrial use. It is also practical that 

residential and industrial land should not co-exist in two neighboring plots. If there is industrial 

activity, then it will generate many problems including noise, air, and water pollution, traffic 

jam etc. [7] to the residential people. So, the compatibility between them is the lowest. It is also 

seen that the compatibility between residential land and green space is also higher (0.84). It is 

also desirable that there should be green space in the residential area because green space 

provide many health benefits to the urban people. For example, urban green space contributes 

to citizen happiness by promoting physical and mental health [57]. Therefore, the compatibility 

between residential and green space is higher. The compatibility of green space with education 

and health facilities are 0.46 and 0.436 which indicates that the compatibility between those 

land uses is medium. Similar approach was used in many other studies to derive land use 

compatibility value. For example, derived land use compatibility value based on AHP method. 

Their study showed that the compatibility between residential-industrial, residential-

commercial, green space-industry, and green space- commercial are 0.41, 0.95, 0.88, and 0.62 

respectively. There exist differences in the compatibility values their values compared to my 

findings. There are mainly two reasons behind this. First, the number of land types used to 

compute the value; second, the context of land use planning approach. For example, if in a city 

mixed used is promoted, the compatibility between residential and commercial land use will be 

higher and the compatibility between the same would be lower if mixed use is not promoted. 

Based on the compatibility value in Table 4.2, and Equation 4.2, I have computed the land use 

compatibility map for the dataset and has been presented in Figure 4.3(b).  

 

Table 4.2: Land use compatibility values. 

 

 

 

 

 

Note: In Table 4.2, Residential = R; Commercial = C; Industrial= I; Educational institute = E; 

Green Space = G; Health facilities = H; Source: Author’s calculation using AHP method 

Land use R C I G E H 

R 1 0.1 0.004 0.84 0.176 0.24 

C 0.1 1 1 0.204 0.196 0.056 

I 0.004 1 1 0.14 0.072 0.004 

G 0.84 0.204 0.14 1 0.46 0.436 

E 0.176 0.196 0.072 0.46 1 0.072 

H 0.24 0.056 0.004 0.436 0.072 1 
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Figure 4.3. Index value of four indicators derived from the hypothetical dataset. Spatial 

compactness at top-left; land use compatibility at top-right; land use entropy at bottom-left; and 

evenness at bottom-right. 

 

The land use entropy for the hypothetical dataset was presented in Figure 4.3(c). Figure 4.3(c) 

suggests that the land use pattern is characterized with moderate level of mix among different 

land use types. In the land use allocation, the maximum value for land use entropy is 0.53 and 

the minimum value is 0. By comparing with the land use allocation data in Figure 4.1 (left), it 

evident that the entropy value is lower in the location where concentration of same land use 

higher. On the other hand, the entropy value is higher where there is high level of land use mix. 

The value of land use entropy has significance with many social benefits in urban area. For 

example, a land use entropy value of 1 indicates high level of mix in land use and which is 

considered as most walkable for the neighborhood people; in contrast a value of 0 indicates that 

there is only a single land use category which is considered as least walkable condition in the 

neighborhood [45]. So, it is expected that there should be some degree of land use mix in urban 

land use allocation. And the degree of mixed should be determined by the urban planner, city 

authority and decision maker. The value of evenness in population distribution was presented 

in Figure 4.3(d). The value of evenness ranges from 0 to 1. The higher value indicates that the 

population is distributed harmoniously, and lower value indicates the lack of homogeneity in 
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population distribution. From Figure 4.3(d), it is observed that there is diversity in the 

distribution of population. In some portion, of the area the population is distributed evenly, and 

in some location the population distribution is not even. The distribution of population has great 

significance with accessibility and social benefit. It is assumed that the people will get 

maximum access to urban facilities if there is homogenous distribution of population 

distribution. The social benefits can be attributed to evenness value. In Figure 4.3(d), where the 

value of evenness is higher, the people of this area will get higher level of social benefit; in 

contrast, people will get lower level of social benefit where the evenness value is lower.  

 

4.4.2. Mapping social benefit in land use allocation 

Finally, based on the value of four indicators, the value of social benefit index was calculated 

using Equation C1 of Appendix-C and weights from Table 4.3. Table 4.3. shows that the weight 

of spatial compactness, land use compatibility, land use mix, and evenness of population 

distribution are 0.52, 0.24, 0.14, and 0.10. It is evident from Table 4.3 that spatial compactness 

is the most important criterion to social benefit in land use allocation, whereas evenness of 

population distribution has the lowest impact on social benefits. The findings of my study in 

terms of weight of the indicators is also supported by other studies. For example, Sahebgharani 

[11] derived weight of compactness, compatibility and suitability using AHP method and found 

that the values of weights are 0.717, 0.088, and 0.195 respectively. Their study indicates that 

spatial compactness has the highest importance in land use allocation decision. It can be also 

noted that there is difference in the weight value of spatial compactness. The reason behind this 

is that I have compared four indicators, on the other hand they compared three indicators. 

However, it is confirmed that spatial compactness is the most important indicators in land use 

allocation decision. The weight of land use compatibility was 0.24 for my case however, it was 

only 0.088 in Sahebgharani [11]. The main reason for this difference is that I did not consider 

land use suitability whereas Sahebgharani [11] considered suitability criteria. The land 

suitability was not considered in my research because it is similar to land use compatibility in 

the context of social benefits. K Cao et al. [58] used accessibility and compatibility criteria to 

optimize land use towards urban livability. But they used simple weights to the criteria without 

applying AHP method. In their study, double weight to accessibility was assigned compared 

with compatibility and then the weights were reversed to check the differences in the result. 

After calculating the weight of the indicators, I have computed the SBI for each cell using the 

Equation C1 of Appendix-C. The output of the SBI has been presented in Figure 4.4.   
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Table 4.3. Weight of different indicators. 

Indicators weight 

Land use compatibility 0.24 

Evenness of population 

distribution 0.10 

Land use mix 0.14 

Spatial compactness 0.52 

Source: Authors calculation using analytic 

hierarchy process 

 

 

Figure 4.4. Value of social benefit 

index for the hypothetical dataset. 

4.4.3. Real world application of SBI 

The proposed SBI was in real world field. The proposed SBI was applied in Rajshahi city of 

Bangladesh. The output of the SBI was presented in Figure 4.5. I classified the SBI index into 

five level. Table 4.4 represents the area under different SBI level.  The minimum and maximum 

SBI value in the study area ranges from 0.11 to 0.66. Figure 4.5 and Table 4.4 confirm that 

there is no value greater than 0.8 in the study area. Which indicates that there is no very high 

level of social benefit zone in the area. It is also noticed that only a negligible portion of area 

(2.73%) falls within high level of social benefit. About 97.27% of the land falls within very low 

to medium SBI in which 19.58%, 40.06%, and 37.63% of land falls within very low, low, and 

medium SBI value. The highest portion of land (40.36%) falls within the medium SBI zone.  

Table 4.4. Area under different social benefit index level in the study area. 

SBI Level Area (Sq.km) Percentage 

Very low 7.16 19.58 

Low 14.66 40.06 

Medium 13.77 37.63 

High 1.00 2.73 

Very High 0.00 0.00 

Total 36.59 100.00 

Sources: Author’s calculation based on proposed SBI index 

This lower value of SBI indicates that the land use allocation in the study area is not optimum. 

Rather, the city was developed in an unplanned way. It is also observed that most of the part in 

north-western area belongs to medium SBI while eastern side is characterized with very low 

and low SBI value. The indicative value of SBI is also supported by the present scenario in the 

study area. In the north-western part there are some civic facilities, green space, water bodies 

etc. Therefore, peoples tend to live in this area. In contrast, in the eastern side there are very 
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limited urban facilities. This is why the people in this area get low level of social benefit. The 

spatial distribution of SBI over the area implies that the land use plan in the city is not 

satisfactory. This requires urgent intervention for better land use planning in the study area. 

 

Figure 4.5. Level of social benefit in the study area using proposed social benefit index. 

Due to the unplanned development, the SBI value in this area is comparatively lower. Some 

reasons were also identified as the cause of unplanned development. Firstly, there is no proper 

land use plan in the city. The first master plan of the city was prepared in 2004 with a vision to 

guide the future development of the city which included four hierarchical stages namely, 

Strategic Plan, Structure Plan, Functional Master and Detailed Area Development Plans. This 

master plan was an indicative land development plan and there was no land use plan. And at 

the same time there was no proper regulation and monitoring of development. So, the city was 

developed haphazardly. Secondly, in addition to the absence of proper land use plan, a number 

of obstacles hampered the city's physical expansion and development in planned way. The city's 

linear growth has resulted in a dysfunctional shape that affects the entire urban system, 

particularly its land use and circulation patterns. It can be noted that the city has lately made a 

breakthrough in its northward growth across the railway line, but this has only served to 

highlight the railway as a severe impediment to interurban movement. In a nutshell, I can say 

the lower value of SBI is the result of improper land use plan in the city.  
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4.5. Conclusion 

This chapter quantified the social benefits associated with land use allocation by proposing a 

social benefit index (SBI). According to findings, spatial compactness is the most influential 

indicator of the SBI, while evenness of population distribution is the least influential indicator. 

The proposed index was developed based on hypothetical data and then the index was applied 

in real world data. It is expected that the proposed index will improve the quantification of 

social benefits in land use allocation because I used four variables to construct SBI whereas 

previous studies considered only a single indicator. For example, spatial compactness, land use 

compatibility, land use mix, social security was used separately to measure the social benefit. 

However, I contend that a single metric may not be the best way to assess social impact. For 

example, while urban spatial compactness has numerous social benefits, it can also result in 

reduced living space, less access to open spaces, less affordable housing, and worse health [3]. 

Spatial accessibility has been widely used as a scientific tool for evaluating the distribution of 

social welfare-related urban public services. However, road network data and urban services 

were primarily used to quantify spatial access to various urban facilities [21]. Measuring spatial 

accessibility solely through land use allocation is very difficult. Urban green space is another 

indicator of urban population well-being and was used in a number of studies examining city’s 

well-being. By promoting physical and mental health, urban green space is believed to 

contribute to citizen happiness. However, urban green space is more relevant in the study of 

environmental benefits. So, I selected the most suitable indicators to propose SBI. While, the 

proposed index is expected to be good measure of social benefit, there are also some limitations. 

According to the concept of indicators used, higher value of the individual indicators seems to 

derive higher social benefit. But what if, one indicator reaches at its highest value like 1? For 

example, spatial compactness and land use mix show some level of contradiction: spatial 

compactness enforces same land use type should be located nearer while mixed land use types 

expect the diversity of land use types within a zone. So, a balance is required to get the optimum 

value. However, this value can be decided based on the consultation of respective city authority. 

Generalization of land use compatibility in various city is also difficult because every city may 

have different philosophy regarding land use mix. For example, some cities may promote mixed 

use while other may not. In such case, the compatibility between two land uses will differ. 

These are the limitations in this study. I could not address these issues in this research. However, 

further research can be conducted to address these issues. Despite the limitations, I expect that 

the proposed index will be very helpful in land use optimization problem and land use planning 

in urban area.  
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Chapter 5 

MEASURING ENVIRONMENTAL BENEFITS IN URBAN LAND USE 

OPTIMIZATION PROBLEM 

 

5.1. Introduction 

Maximization of environmental benefits in urban land use planning is an important issue in the 

face of urban sustainability. Cities around the world are confronted with a variety of 

environmental challenges including air, water, and soil pollution, traffic and noise congestion, 

and poor housing conditions in the face of unsustainable urban development and climate 

change. Rapid urban growth has exacerbated environmental problems associated with 

unsustainable management of transport, housing, waste, energy, and land use. In recent times, 

the quality and benefits of the urban environment have become the focus of scientific research 

and a hot topic of researchers in related fields. For example, Javanbakht et al. [1] presented an 

approach to spatial-temporal mapping of urban air quality based on Fuzzy logic, analytical 

network process, remote sensing imagery, and field‐collected data. Hsueh and Lin [2] identified 

different dimensions of urban environmental benefits. Their study finds that health, 

sustainability, security, awareness, and convenience are the five most critical dimensions of 

urban environmental benefits. Mishra et al. [3] developed a novel tool to assess the urban 

environmental benefits of urban green and blue spaces. However, measurement of 

environmental benefits based on the structure and composition of urban land use and land cover 

is limited in the literature.  

 

Some instances of measuring environmental benefits are observed in urban land use 

optimization planning. For example, Yuan et al. [4] used carbon storage as the proxy for 

measuring environmental benefits assuming that carbon storage can contribute to maintaining 

air pollution. Spatial compactness as a measure of environmental benefits has been also used in 

many studies assuming that a compact city is more sustainable and liveable [5]; provide better 

accessibility to city facilities, promote public health, and living [6]; and can maximize the 

overall environmental benefits of the people [7]. Similarly, ecosystem service value (ESV) was 

also considered as a measure of environmental benefits [8]. In early studies, these variables, 

carbon storage, ESV, spatial compactness, were used separately to measure environmental 

benefits. However, I argue that a single variable may not be the best way to assess 

environmental benefits. Rather a set of multiple indicators can best describe the environmental 

benefits in an urban area. So, a composite index is needed to assess environmental benefits. 
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However, according to findings presented in Chapter 2, I found no generalized approach to 

assess environmental benefits in the land use allocation game. Against this background, this 

study aims to a) identify the appropriate indicators as a measure of environmental benefit, and 

b) propose a composite index to measure environmental benefit in urban land use allocation.  

 

5.2. Literature review 

Urban land use planning has a significant impact on urban environmental benefits. The 

composition and spatial pattern of urban land uses are diverse. This composition and spatial 

pattern of land use affect the urban environment in many ways. In relation to the composition 

and spatial pattern of urban land uses, there are many indicators contributing to urban 

environmental benefits. This section discusses the different types of indicators that can be used 

to measure environmental benefits from urban land use allocation.  

 

Spatial compactness has been used in many land use optimization problems since the compact 

city results in many environmental benefits. It was argued that there are numerous perceived 

advantages of compact cities over urban sprawl. These include lower car dependency, lower 

emissions, reduced energy consumption, improved public transportation, increased 

accessibility, intensive infrastructure, the regeneration of urban areas and urban vitality, the 

preservation of green space, etc. [9]. All these benefits are urban environmental benefits related 

to spatial compactness. While spatial compactness in the city has many environmental benefits, 

it can also lead to lower living space, less access to natural spaces, less affordable housing, and 

poorer health [10]. Traffic congestion in the city centre might result in increased emissions and 

noise pollution due to a higher level of spatial compactness [11]. Other researchers believe that 

the harmful impact of the compact city on health is more severe because of the high 

concentration of emissions in the inner city [12]. So, other variables should be considered in 

addition to spatial compactness when measuring environmental benefits in urban land 

allocation. Land surface temperature (LST) is a key indicator of the environment and climate 

in cities[13]. LST is one of the important factors controlling the urban environment. On the 

other hand, LST mostly depends upon the composition and dynamics of urban land cover. For 

example, the temperature of urban impervious surfaces is higher than that of vegetated and 

water-covered areas. Due to the change in urban land cover, conversion from vegetation and 

wetland to the built-up area, land surface temperature is increasing [14]. The increase in 

temperature is also deteriorating the urban environment. So, it's very important to consider LST 

in urban land allocation problems because. Recognizing this issue, many studies incorporated 



61 

 

LST in urban environmental analysis. For example, a study by Santamouris [15] showed that 

increased land surface temperatures have a significant impact on cooling energy use, heat-

related mortality and morbidity, urban environmental quality, local vulnerability, and thermal 

comfort. Xue et al. [16] considered temperature as one of the environmental factors to estimate 

the association between environment and mental health. Their study suggests that an increase 

in temperature is associated with higher probabilities of declined mental health. Urban 

ecosystem services contribute directly or indirectly to human well-being providing many 

functions, including food supply, water supply, waste treatment, regulation of the urban heat 

island effect, clean air, water filtration, noise reduction, pollination, climate regulation, etc. 

[17]. Most of these functions are strongly related to urban environmental benefits. A healthy 

ecosystem can also ensure urban environmental sustainability and contribute to achieving 

sustainable development. On the other hand, a vulnerable urban ecosystem will lead to 

environmental pollution, biodiversity decline, land degradation, extreme climatic events, 

developing urban heat island effect, threatening public health, human safety, and global 

ecological security [18]. Urban ecosystem services are strongly influenced by the composition 

of urban land use and land cover (LULC) and their Spatio-temporal dynamics. Considering the 

importance of ecosystem service to maintain the urban environment and its nexus with urban 

LULC, many researchers studied the impact of LULC change on urban ecosystem services 

value (ESV). For example, Lin et al. [18] examined the influence of LULC changes on 

ecosystem service in Chengdu city, China; Hein et al. [19] analyzed the spatial scale of 

ecosystem services and studied how stakeholders assign value to different ecosystem services 

based on the spatial scale. Climate change is wreaking havoc on our world, generating extreme 

weather events such as tropical storms, wildfires, severe droughts, and heatwaves, as well as 

significantly affecting food output and disrupting animal habitats. Because greenhouse gas 

emissions are the primary driver of global warming and thus climate change, carbon storage 

plays an important role to mitigate the effect of greenhouse gas emission and controlling the 

environment and climate [20]. Carbon storage is associated with controlling the environment 

in many ways. Carbon storage can be considered as the total carbon of the terrestrial ecosystem. 

This carbon storage is composed of vegetated carbon and soil organic carbon [21]. This 

vegetation can reduce the emission of different types of gaseous pollutants responsible for 

environmental pollution. For example, studies show that emission due to Sulphur dioxide 

(SO2), Particulate matter (PM) and nitrogen oxide (NOx), Ammonia (NH3) is significantly 

reduced by the presence of dense vegetation [22]. There exist a strong correlation between the 

degree of spatial congruence between carbon storage and environmental quality [23]. Carbon 
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storage is critical not only for today's communities and habitats, but also for future generations 

of people, plants, and animals. If enough carbon is sequestered and emissions are reduced, the 

greenhouse effect will be lessened in the future, resulting in fewer warm days and fewer 

droughts and other extreme weather events linked to climate change. Studies showed that land 

cover is an important factor contributing to the stock of carbon in the terrestrial ecosystem. For 

example, Nowak et al. [24] quantified carbon storage and sequestration by urban trees in the 

United States to assess how urban green araes contribute to climate change and the overall 

environment. They identified that the density of carbon storage densities was average 7.69 kg 

C/m2 in an urban green areas in selected US cities. Adelisardou et al. [22] assessed the 

spatiotemporal impacts of land use/cover change (LUCC) on the provision and value of carbon 

storage and sequestration in the Jiroft plain, Iran. Their study suggested that agriculture and 

urban expansion led to a considerable decrease in carbon storage, mainly due to rapid 

deforestation.  

 

5.3. Materials and methods 

This study was conducted in Rajshahi city of Bangladesh. A short description of Rajshahi city 

has been given in Section 1.4 of Chapter 1. The main objectives of this study are to a) identify 

the appropriate indicators as a measure of environmental benefit, and b) propose a composite 

index to measure environmental benefit in urban land use allocation problems.  This section 

describes the steps of the methodology followed to fulfil the objectives. 

 

5.3.1. Selection of indicators 

To develop a composite index of social benefit, it is necessary to select the appropriate 

indicators that reflect social benefits from land use allocation. To select the indicators, first, a 

literature review has been conducted. Based on the literature review, I have selected some 

indicators to create a composite index of environmental benefit, appropriate indicators that 

reflect environmental benefits from land use allocation must be identified. First, a literature 

review was undertaken to identify the indicators which can be used as a measure of 

environmental benefits from urban land use allocation. I identified several indicators, based on 

the literature review, that can be used to quantify the environmental benefit. The results of the 

literature review were then shared with a group of 15 professionals, including environmental 

experts, urban planners, and ecologists. The result of the literature review was shared with the 

experts with the hope that the experts would reach a consensus on the indicator's benefits. Based 

on the literature review and expert’s judgment, final indicators were selected. Based on the 
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literature review and expert opinion, I have identified four indicators that can be used to 

measure social benefit in land use optimization problems. Table 5.1 represents the summary of 

the indicators of social benefit measures in relation to land use planning.  

 

Table 5.1. Indicators of environmental benefit measure in land use allocation. 

Indicators References 

Spatial compactness [5], [6], [25], [26] 

Land surface temperature [27]–[30] 

Ecosystem service value [17], [18], [31], [32] 

Carbon storage [33]–[36] 

Source: Prepared by authors based on literature review and expert opinion 

 

5.3.2. Computing the value of indicators  

I identified four indicators as a measure of environmental benefits based on a literature review 

and expert opinion. These indicators are a) spatial compactness; b) ecosystem service value 

(ESV); c) land surface temperature (LST); and d) carbon storage. The method for computing 

those indicators has been described in the following sections. The methods of computing spatial 

compactness and ecosystem service value have been discussed in Chapter 3 and Chapter 4. The 

calculation procedure of LST has been described in Appendix-D. Here, I am going to discuss 

the methods of calculating carbon storage only.  

 

5.3.2.1. Calculation of carbon storage 

Carbon storage for different land types is determined by two factors: a) above-ground carbon 

storage, and b) below-ground carbon storage. Above-ground carbon storage depends upon the 

concentration of vegetation and below-ground carbon storage depends upon the density of soil 

organic carbon (SOC). Carbon storage from different land cover types has been calculated using 

the following Equation 5.1 [21].  

𝑇 = ∑ 𝑇𝑖
𝑛
𝑖=1 = 𝐴𝑖(𝑉𝑖 + 𝑆𝑖)                             Eq 5.1 

where T is total carbon storage of the terrestrial ecosystem in the study area, Ti is carbon storage 

of land use type i, Ai is the area of land use type i, and Vi and Si are carbon densities of vegetation 

and soil of land use type i, respectively. Densities of SOC have been collected from secondary 

sources and have been presented in Table 5.2. 
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Table 5.2: Density of soil organic carbon (%) in different land cover types 

Land cover type % SOC Source 

Agriculture 17.608 [37], [38] 

Vegetation 31.24 [37] 

Water 5.2 [39] 

Bare Land 11.36 [37] 

Built-up 9.8 [40] 

 

Since the density of above-ground carbon depends upon vegetation densities, different 

vegetation indexes are used to calculate above-ground carbon storage [41]. However, 

Situmorang et al. [42] identified a strong positive correlation between enhanced vegetation 

index (EVI) and above-ground carbon storage. Based on their findings, I have calculated above-

ground carbon storage using the following Equation 5.2. 

𝐴𝐺𝐶 = 151.7 ∗ 𝐸𝑉𝐼 − 39.76                              Eq 5.2 

Where, AGC is the above-ground carbon density, and EVI is the enhanced vegetation index. 

EVI has been calculated using the Landsat 8 images based on Equation 5.3 [43]. 

𝐸𝑉𝐼 = 2.5 ∗
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝐶1∗𝑅𝐸𝐷−𝐶2∗𝐵𝐿𝑈𝐸+𝐿
                          Eq 5.3 

Where NIR is the Near-Infrared Band, Red is the Red Band, Blue is the Blue Band C1 is the 

values as coefficients for atmospheric resistance, C2 is the values as coefficients for 

atmospheric resistance, and L is the value to adjust for canopy background. In general, values 

for C1, C2, and L are 6, 7, and 1 respectively [44]. 

 

5.3.2.2. Standardization of indicators values 

To develop a composite index, it is necessary to transform the variables into factors. The 

difference between variable and factor is that a variable is unscaled while a factor is scaled to a 

specific numeric range that is directly related to the expression of benefit or suitability [45]. For 

example, in the case of ESV, the higher value of ESV would result in higher environmental 

benefit whereas a lower value of ESV would result in lower environmental benefit. So, the 

highest value can be given a value of 1 and the lowest value of ESV can be assigned to 0. The 

values in between the highest and lowest values of ESV can be rescaled between 0 to 1. This 

transformation is known as standardization. Different methods are used for the standardization 

of variables. The most important methods include fuzzy, stepwise, max-min, and linear 

standardization [46]. However, the fuzzy membership function is a widely used method used 

in the standardization of variables in MCE. In this study, I have used a fuzzy membership 

function for the standardization of the four variables.  
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5.3.2.3. Constructing environmental benefits index (EBI) 

To develop a composite index, it is necessary to aggregate all the indicators. Different 

aggregation methods are available in the literature. Most of them include ordered weighted 

averaging (OWA), artificial neural network (ANN), logic scoring of preference (LSP), and 

weighted linear combination (WLC) [47]. In this study, I have used the ordered weighted 

averaging (OWA) method to construct the environmental benefits index [48]. I have used the 

OWA method (Equation 5.4) since OWA has the opportunity to adjust the level of risk and 

trade-off in the multicriteria decision-making process. A detailed description of OWA has been 

presented in Appendix-C. In this study, I have generated three alternative decision scenarios 

(high-risk decision, low-risk decision, and average-risk decision) using the ordered weight 

following the guidelines of Eastman [49]. After calculation of EBI value, I have classified the 

EBI value into five levels. These levels are Very low (0.00-0.20), Low (0.20-0.40), Medium 

(0.40-0.60), High (0.60-0.80), and Very High (08.0-1.00).  

𝑆𝑖 = ∑(
𝑢𝑗𝑣𝑗

∑ 𝑢𝑗𝑣𝑗
𝑛
𝑗=1

)𝑧𝑖 𝑗

𝑛

𝑗=1

                                                                        5.4 

Where 𝑆𝑖 is the suitability at ith location, n is the number of indicators, 𝑢𝑗  is the original weight 

factor of the criteria, 𝑣𝑗  is the ordered weight of the criteria such that 𝑣𝑗ɛ [0, 1] 𝑓𝑜𝑟 𝑗 =

1, 2, … , 𝑛, and ∑ 𝑣𝑗 = 1𝑛
𝑗=1 ,  𝑧𝑖𝑗 is the ordered value of criteria at ith location.    

 

5.4. Result and discussion 

5.4.1. Value of the indicators 

Based on the methods described in section 5.3.2, I computed the value of each indicator. The 

original and standardized values of indicators were given in Figure 5.1 and Figure 5.2 

respectively. Figure 5.2(a) illustrates the standardized value of spatial compactness. Figure 

5.1(a) indicates that in some locations the spatial compactness is higher, and, in some locations, 

the value is lower. It is also evident from those figures that the compactness is higher in the 

location where there is a higher number of the same land uses and the compactness is lower in 

the places where the number of same land-use types are low. Similar nature in the compactness 

values was also identified in some other studies [26]. Figure 5.1(a) shows the spatial distribution 

of carbon storage in the study area. The spatial distribution of EVI, vegetated carbon and SOC 

have been illustrated in Figure 5.3. The total carbon storage in Figure 5.1(b) is the sum of 

vegetated carbon and SOC in Figures 5.2 (b) and 5(c). According to Figure 5.1(b), the minimum 

and maximum carbon storage per cell is 0.4 tons/year and 8.33 tons/year.  
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Figure 5.1. Original values of four indicators for the study area: (a) Spatial compactness; (b) 

carbon storage; (c) land surface temperature; and (d) ecosystem service value. 
 

 

 

Figure 5.2. Standardized values of four indicators for the study area as derived using the Fuzzy 

membership function. a) Spatial compactness index; b) carbon storage index; c) land surface 

temperature index; and d) ecosystem service value index. 
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Figure 5.1(b) and Figure 5.2(b) show that the value of carbon storage is higher in the northern, 

southern, and eastern periphery of the study area whereas the carbon storage is lower in the 

central part of the city. The reason is that the central part mainly comprises the built-up area 

having low vegetation cover. On the other hand, the northern, southern, and eastern periphery 

are characterized by a higher level of vegetation, agricultural land, and water bodies that contain 

high levels of carbon. The findings are also supported by other studies where it is evident that 

vegetated land cover and agricultural land are associated with a high level of carbon storage 

and built-up area is characterized by a low level of carbon storage [36].  

 

 

Figure 5.3. Map showing (a) enhanced vegetation index, (b) vegetated carbon, and (c) soil 

organic carbon in the study area. 

 

The spatial distribution of land surface temperature has been illustrated in Figures 5.1(c) and 

5.2(c). Figure 5.1(c) implies that the highest and lowest LST in the study area is 37.33°C and 

25.64°C respectively. Urban land cover types play an important role to control LST and it 

affects human thermal comfort. Human thermal comfort (HTC) in urban areas informs city 

residents and planners about the negative effects on human health caused by excessive 

temperatures and a rise in LST [50]. Studies show that LST is associated with human thermal 

comfort. Higher LST reduces human thermal comfort and has an impact on the urban 

environment and ecosystem [51]. So, a higher value of LST indicates a lower level of 

environmental benefit whereas a lower level of LST indicates higher environmental benefits. A 

value of LST ranging between 21°C to 24°C is considered to be a thermal comfort zone for 

humans [52]. The findings suggest that the LST in all over the study area is higher than the 

human thermal comfort range. From Figure 5.1(c) and Figure 5.2(c), it is observed that the 

central part of the city is characterized by higher temperatures compared to the periphery. The 

reason behind this variation is that the central part of the city is composed of more built-up area, 

high population density, and transport activities whereas the periphery is characterized by a 

higher level of vegetation and agriculture. The study identifies that LST is higher in built-up 
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areas compared to that of vegetated land and agricultural land. The finding is also supported by 

other studies [53]. 

 

The result of ecosystem service value (ESV) has been illustrated in Figure 5.1(d). Figure 5.1(d) 

indicates that the maximum and minimum ESV in the study area are 1437 USD/year/cell and 0 

USD/year/cell in the study area. The higher value of ESV results in a higher level of 

environmental benefit whereas a lower value of ESV indicates a lower level of environmental 

benefit. The study finding shows that ESV in the periphery is higher and the ESV in the central 

city is close to 0. This means that environmental benefit is higher in the periphery compared to 

the central part of the city.  

 

5.4.2. Environmental benefit index (EBI) in the study area 

Finally, Equation 5.4 and the weight of indicators from Table 5.3 were used to determine the 

value of the environmental benefits index based on the value of four indicators. The AHP 

approach was used to calculate the weight for each indicator based on the expert's judgment. 

The procedure of the AHP method was described in Appendix-B. Table 5.3 shows that the 

weight of spatial compactness, land surface temperature (LST), carbon storage, and ecosystem 

service value (ESV) are, 0.1667, 0.4996, 0.0774, and 0.2562 respectively. The consistency ratio 

is 6%. As mentioned earlier, a consistency ratio of less than 10% is acceptable. So, the 

consistency ratio (6%) suggests that the weight determination using AHP is feasible. Table 5.3 

shows that LST is the most essential criterion in land use allocation for environmental benefit, 

whereas carbon storage has the least impact on environmental benefits. 

 

Table 5.3. Weight of different indicators 

Indicators weight 

Spatial compactness 0.1667 

Land surface temperature 0.4996 

Carbon storage 0.0776 

Ecosystem service value 0.2562 

Source: Authors calculation using AHP method 

By using Equation C2 of Appendix-C and weight from Table 5.3, I have calculated the EBI for 

each cell in the study area with high, low, and average risk decisions. The EBI's output is 

depicted in Figure 5.4. I have categorized the EBI index into five tiers, as described at the end 

of section 5.3.2.3. Table 5.3 shows the area under various EBI levels. Figure 5.4(a) shows the 

EBI values in the study area with the high-risk decision. According to Figure 5.4(a) and Table 
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5.3, there is no area with very high environmental benefits. Most of the area (48.31%) falls 

within low environmental benefit followed by very low environmental benefit (28.37%) and 

medium level environmental benefit (21.78%). Only 1.58% of land falls within the high-level 

environmental benefit. Figure 5.4(b) illustrates the EBI values with the average-risk decision. 

According to Figure 5.4(b) and Table 5.4, the study area's minimum and maximum EBI values 

range from 0.07 to 0.81. It is observed that, in an average-risk decision, no value greater than 

0.8 exists in the study area, except for the river in the city's southwestern portion. This shows 

that the study area does not have a very high level of environmental benefit zone. It's also worth 

noting that only a small percentage of the land (3.83 %) has a high level of environmental value. 

About 95.56 % of the land has a very low to medium EBI value, with 2.54 %, 64.55 %, and 

28.48 % of land having very low, low, and medium EBI values, respectively. The medium EBI 

zone encompasses the majority of the land (64.55 %). Figure 5.4(c) shows the EBI values in 

the study area with a low-risk decision. According to Figure 5.4(c) and Table 5.4, most of the 

area (50.88%) falls within medium environmental benefit followed by low environmental 

benefit (39.25%) and high-level environmental benefit (8.00%). The three scenarios of EBI 

have significance in the decision-making for the protection of environmentally sensitive are. In 

a low-risk decision, the EBI is higher compared to average-risk and high-risk decisions.  

 

 

Figure 5.4. Level of environmental benefit in the study area with a) high-risk decision, b) 

average-risk decision, and c) low-risk decision  
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The decision-maker will get more areas with high EBI in the low-risk scenario to make it easier 

for decision-making for the protection of the environmentally sensitive area.  

 

Table 5.4. The area under different environmental benefit index levels in the study area 

EBI Level High-risk decision Average-risk decision Low-risk decision 

Area (Sq.km) % Area (Sq.km) % Area (Sq.km) % 

Very low 13.64 28.37 1.219 2.54 0.16 0.34 

Low 23.22 48.31 31.024 64.55 18.86 39.25 

Medium 10.47 21.78 13.691 28.48 24.46 50.88 

High 0.74 1.54 1.843 3.83 3.85 8.00 

Very High 0 0 0.289 0.60 0.73 1.52 

Total 48.065 100 48.065 100.00 48.065 100.00 

Sources: Author’s calculation based on proposed environmental benefit index 

 

In general, the study area is characterized by lower EBI. This lower EBI value indicates that 

the study area's land use allocation is not optimal. Rather, the city grew haphazardly. It's also 

worth noting that the majority of the city's periphery is classified as medium EBI, whilst the 

western side is characterized by extremely low and low EBI levels. The indicative value of EBI 

is also supported by the present land cover scenario in the study area. It is worth noting that 

LST is the most significant contributor to EBI. The LST is also affected by the kind of land 

cover. LST is higher in urban areas and lowers in vegetated areas, water bodies, and agricultural 

areas. The EBI is higher in the periphery area because vegetated areas, aquatic bodies, and 

agricultural land predominate. The spatial distribution of EBI over the territory indicates that 

the city's land use plan is inappropriate. This necessitates immediate intervention in the study 

area to improve land use planning. 

 

While there are some examples of environmental indices, those indices hardly focused on the 

sole urban area. Although there are some examples of multi-variables environmental measures, 

those did not only consider spatial variables relating to land use allocation. For example, 

Environmental Performance Index (EPI) is a composite indicator of overall environmental 

sustainability development in a country. The index combines variables obtained from 

underlying sources to provide a composite picture of national environmental stewardship [54]. 

However, this index does not focus on urban scale environmental benefits. Even, there are some 

indicators associated with EPI which are not better understood in the context of land use 

allocation. For example, fisheries, sanitation and drinking water were considered in developing 

EPI which is not associated with urban land use allocation. Široka et al. [55] developed a port 
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environmental index (PEI) to measure the environmental quality in the seaport area. PEI was 

mainly concentrated on the pollution aspect of the environmental quality of the sea port. Zhou, 

Delmas and Kohli [56] developed a composite environmental index (CEI) to enable comparing 

environmental performance among cities. However, they only considered toxic related data to 

construct the CEI. Thus, the proposed index has the potential to improve the quantification of 

environmental benefits. 

 

5.5. Conclusion 

The chapter intends to quantify environmental benefits from land use allocation. To this end, 

this study identified the indicators which can be used to represent the environmental benefit in 

land use allocation. Based on the identified indicators, this study developed a composite index 

named as environmental benefits index (EBI). Using the order weighted averaging (OWA) 

technique, this study calculated EBI for the study area with low, high, and average risk 

decisions. According to the findings of the study, the land surface temperature is the most 

influential indicator of the EBI, and carbon storage has a low influence on EBI. The proposed 

index has been primarily based on land use and land cover data of the study area. Rajshahi city 

of Bangladesh was selected to develop and apply the proposed EBI. The result of the EBI in 

Rajshahi city suggests that the land use allocation in this city is not optimum. It is also noticed 

that, in an average-risk decision, only a negligible portion of the city (3.83%) falls within a high 

level of environmental benefit while about 95.56% of the land falls within very low to medium 

EBI, in which, the highest portion of land (64.55%) falls within the medium EBI zone. The 

proposed index is expected to offer improved quantification of environmental benefits. 

Because, in previous studies, only one indicator was used to measure environmental benefit 

have many limitations. In comparison to separately assessed environmental indicators, an 

environmental index provides several benefits. For example, it is more easily interpretable and 

facilitates communication with environmental managers and the broader community. 

Additionally, it encourages accountability and results in similar long-term evaluations of an 

environmental system. Another issue with a single variable measure of environmental benefits 

is that the single variable may have disadvantages that could be overlooked. Thus, it can be 

considered that the proposed index will be a better approach compared to the single indicator-

based approach to describe the environmental benefits in urban land use allocation.  

 



72 

 

Chapter 6 

SUSTAINABLE URBAN LAND USE OPTIMIZATION USING GIS-

BASED MULTI-CRITERIA DECISION MAKING (GIS-MCDM) 

APPROACH 

 

6.1. Introduction 

In this chapter, I have presented a GIS-based multi-criteria decision-making (GIS-MCDM) 

approach to optimize urban residential land use allocation. In Chapter 2, I have discussed that 

many studies were conducted to optimize urban land use allocation. However, those studies 

tried to optimize land use allocation mainly based on the spatial configuration of urban land use 

types in which urban sustainability was ignored. While there are some studies on sustainable 

land use optimization [1], [2], they did not consider all the three dimensions (social, economic, 

and environmental) of sustainability. It was also identified that public participation was also 

very negligible to optimize land use allocation, but only quantitative optimization is insufficient 

to meet the public agreement. This chapter aims to fill the fifth research gap on land use 

optimization which I listed in Section 1.5 of Chapter 1. 

 

To integrate public opinion decision-making, a multi-criteria decision-making (MCDM) 

approach was introduced in many disciplines. MCDM is a collection of techniques that aim to 

determine a preference order among alternative decision options, based on their performance 

in terms of multiple criteria [3]. Since its inception, MCDM was applied in many fields 

including land use planning. Land use decision is a spatial allocation problem in which a 

geographic information system (GIS) plays an important role in the spatial planning and 

management of land use planning. Combining MCDM procedures with GIS capabilities is 

becoming increasingly popular because of the GIS's capacity to handle enormous amounts of 

complicated geo-referred data from many sources at a variety of spatial, temporal, and spatial 

scales, resulting in a time-efficient analysis [4]. GIS-based multicriteria decision making (GIS-

MCDM) can be defined as a process of integrating and transforming geographic data (input 

map criteria) and value judgments (decision makers' preferences and uncertainties) into an 

overall assessment of the decision alternatives [5].  Due to its applicability to solve the complex 

spatial problem, GIS-MCDM was applied in many land use decision making. For example, 

Zhang et al. [6]  proposed a GIS-based multi-criteria decision analysis technique to resolve 

conflicts in urban land use allocation games. They developed a spatial conflict resolution 

strategy to help stakeholders and planners to formulate specific land use proposals through an 
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iterative modification process. Nguyen et al. [7] designed a GIS-based multi-criteria land 

suitability analysis that integrates a step-wise procedure combining recent advances in indicator 

selection, evaluation, and weighing – exploiting information from various data sources – with 

functional mathematical combination procedures. Mendas & Delali [8] integrated Multi-

Criteria Decision Analysis in GIS to develop land suitability for wheat cultivation in the region 

of Mleta in Algeria. Luan et al. [9] conducted a land-use suitability assessment for urban 

development using a GIS-based MCDM approach in Ili Valley, China. Romano et al. [4] 

integrated Geographical Information Systems (GIS) and Multi-Criteria Decision Analysis 

(MCDA) to evaluate the potential of a rural coastal area, located in northern Puglia (Southern 

Italy), to improve its sustainable development through the restoration of farmland. However, 

although, these studies incorporated stakeholder opinion to optimize land use allocation, still 

sustainability dimensions (social, economic, and environmental) were poorly addressed.  

 

Given above, this study aims to fill the gaps by presenting a GIS-based multi-criteria decision 

making (GIS-MCDM) approach to optimize residential land use allocation while considering 

three dimensions of sustainability (maximization of social, economic, and environmental 

benefits) and incorporating stakeholder opinion. The contribution of this chapter is two-fold: a) 

integration of sustainability factors to optimize residential land use allocation and b) use of my 

self-developed method to calculate social and environmental benefit which were presented in 

Chapter 4 and Chapter 5. In this study, I have applied my methods to quantify social and 

environmental benefits from land use allocation.  

 

The rest of the Chapter has been structured as follows. Section 6.2 describes the data used in 

this study and the methods followed for optimizing residential location based on selected factors 

and constraints. This section describes the methods to calculate, standardize, and aggregate the 

factors to derive combined land use suitability for residential development. Section 6.3 presents 

and discusses the findings of the study. Finally, this Chapter ends with section 6.4 which 

contains concluding remarks of this study. 

 

6.2. Materials and Methods 

This study has been conducted in the Rajshahi Metropolitan area of Bangladesh. A short 

description of the study area has been given in Section 1.4 of Chapter 1. In this study, I have 

used a variety of datasets. The primary data used in this study include Land use and land cover, 

road network and other physical features, Digital Elevation Model (DEM). These data were 
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sourced from Rajshahi Development Authority (RDA), Bangladesh. These data were in raster 

and ESRI shapefile format and were used to derive land suitability maps for different factors.  

All the data were processed using ArcGIS 10.8 software. 

 

In this study, I have used the GIS-based MCDM approach to optimize the location for new 

residential development. I have added sustainability dimensions in the process of land use 

optimization. The whole process of optimizing location for new residential development 

involves two major steps: a) evaluation of land suitability mapping of residential development 

using multi-criteria evaluation (MCE) and b) identification of optimal location for new 

residential development. The detailed methodology has been described in the following 

sections.  

 

6.2.1. Evaluation of land suitability 

In the MCDM approach, four major steps are performed for the evaluation of land suitability. 

These are a) calculation of criteria value, b) standardization of criteria, c) weighting of criteria, 

and d) weighted aggregation of criteria. A brief description of these steps is given below.  

 

6.2.1.1. Calculation of criteria value 

Criteria can be divided into two categories: factors and constraints. A factor is a criterion that 

either increases or detracts from a given alternative's suitability. Whereas constraints are used 

to limit the choices considered. An excellent example of a constraint would be the exclusion of 

areas designated as wildlife reserves from development. In this study, I have selected five 

physical factors, three sustainability factors, and two constraints for residential land suitability 

analysis. The physical factors and constraints were selected based on the local authority and 

stakeholders through focused group discussion (FGD) as well as existing regulations for new 

development. I have also added sustainability factors to address sustainability in land use 

optimization for new residential development. The list of factors and constraints has been listed 

in Table 6.1.  
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Table 6.1: List of factors and constraints used for residential land suitability 

Criteria Types Name 

Factors 

Physical factors 

Distance from the town centre 

Distance from main roads 

Distance from existing residential land 

Distance from brickfield 

Land elevation 

Sustainability factors 

Social benefit 

Environmental benefit 

Economic benefit 

Constraints 
Existing land use  

Existing water bodies 

 

Distance (Euclidian distance) from main roads, existing residential land, and brickfield was 

calculated using the “DISTANCE” operator of TerrSet v 19.0 software, and distance from town 

center was calculated using “COST” operator with “cost grow” algorithm available in the same 

software. Land elevation value was sourced from secondary sources as mentioned in Section 

6.2. Social and environmental benefits were calculated following my earlier developed method 

[10]. Economic benefit was calculated following the methodology developed by Gong et al. 

[11].  

 

6.2.1.2. Standardization of criteria value 

In this study, I have used the Fuzzy membership function (FMF) to standardize the criteria the 

fuzzy membership function is the most popular and convenient for this kind of study [12].  It is 

very important to determine the shape and type of membership functions and variable threshold 

values (effective range) before implementing fuzzy sets for standardizing criteria maps. In this 

study, I have followed the guidelines by Eastman [13] to determine the shape and type of fuzzy 

membership function in the standardization process of factors. There are many procedures of 

standardization but the simplest is linear scaling which can be expressed in Equation 6.1.  

𝑥𝑖 =
(𝑅𝑖 − 𝑅𝑚𝑖𝑛)

(𝑅𝑚𝑎𝑥 − 𝑅𝑚𝑖𝑛)
× 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑𝑟𝑎𝑛𝑔𝑒                                               6.1   

𝑤ℎ𝑒𝑟𝑒 = 𝑟𝑎𝑤 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑓𝑎𝑐𝑡𝑜𝑟            

The evaluation criteria with fuzzy membership function type, control points, and function shape 

used in this study have been presented in Table 6.2. 
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Table 6.2: The factors, fuzzy membership function (FMF), control points, and shape of the 

function used in this study. 

Factors FMF 
Control points 

Shape of function 
a b c d 

Distance from city centre Linear   0 1531 Monotonically decreasing 

Distance from main roads Linear   30 7648 Monotonically decreasing 

Distance from existing 

residential land 
Linear   30 3222 Monotonically decreasing 

Distance from brickfield Sigmoidal 500 3000   Monotonically increasing 

Land elevation Linear 12 22   Monotonically increasing 

Social benefit Linear   0.23 0.8 Monotonically decreasing 

Environmental benefit Linear   0.05 0.84 Monotonically decreasing 

Economic benefit Linear   0.08 1 Monotonically decreasing 

 

6.2.1.3. Weighting of criteria 

In the MCDM approach, the calculation of weights of different factors is very important. 

Different methods are used to derive weights including the AHP method [14], entropy method 

[15], Analytic Network Process [16], and Delphi method [17], etc. Among others, AHP is the 

most popular and used globally in the decision-making process. I have used the AHP method 

to determine the weights of the different factors. A basic description of the AHP procedure has 

been described in Appendix B.  

 

6.2.1.4. Weighted aggregation of criteria 

In the GIS-MCDM approach, there are three primary types of decision rules which are used to 

aggregate multiple criteria. These decision rules are a) Boolean overlay, b) Weighted Linear 

Combination (WLC), and c) ordered weighted averaging (OWA). Boolean overlay approach is 

either risk-taking or risk-averse without any trade-off among criteria. WLC enables criteria to 

make trade-offs between their qualities but does not offer full control of risk and trade-off. This 

problem can be solved by using the OWA approach that uses ordered weights to control the 

level of risk and trade-off [12]. Considering the flexibility, I have used the OWA method with 

different combinations of ordered weights to aggregate different criteria to generate alternative 

decisions with different levels of trade-off and risk [13]. A detailed description of the methods 

has been presented in Appendix-C.  

 

6.2.2. Optimized allocation of suitable land 

In this study, I have used the multi-objective land allocation (MOLA) module of Terrset v 19.0 

software to optimize residential land use allocation under different levels of risk and trade-off. 
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MOLA is considered a spatial optimization model that allocates appropriate uses to specific 

land units based on a variety of criteria, factors, and constraints [18]. In this problem, I have 

allocated 1000 hectares of land for new residential development. This area was decided based 

on consultation with the authority. It can be mentioned that I have used a total of eight factors 

and two constraints (Table 6.1) to optimize the residential land allocation. Out of these factors, 

five are physical criteria and three are sustainability criteria. In the traditional GIS-MCDM 

approach, only physical criteria were used to optimize land allocation. But in this study, I have 

added the sustainability criteria (social, economic, and environmental) to make sustainable land 

use allocation decisions.  To compare the result between the traditional approach and my 

approach (by adding sustainability criteria), I have optimized the residential land allocation 

both adding sustainability criteria and without adding sustainability criteria. Then the 

sustainability value (social, economic, and environmental benefits) was calculated for both 

scenarios. Then I have generated optimized land allocation adding sustainability criteria under 

different levels of risk and trade-off decisions. Finally, I have also calculated the values of 

sustainability in different decision scenario to compare which decision produce the highest 

sustainability benefits. The decision strategy that can maximize the sustainability benefit 

(social, economic, and environmental benefits) can be decided as the optimal solution for land 

use decisions. 

 

6.3. Result and discussion 

6.3.1. Criteria of residential land use decision 

In this study, I have used five physical factors, three sustainability factors, and two constraints 

to optimize residential land use decisions. The values of the factors have been presented in 

Figure 6.1. These physical factors are very common and were also used in many other studies 

for land use suitability and optimization problems [7], [19], [20]. However, the sustainability 

factors are not common to include in the land use optimization problem. Distance from the 

brickfield is the first factor. In the study area, there are six brickfields. The values of distance 

from brickfields have been presented in Figure 6.1(a) and the standardized value of the same 

has been presented in Figure 6.2(a). The standardized value illustrates the suitability scale of 

residential development considering individual criteria. Figure 6.1(a) indicates that the 

brickfields are mainly located at the periphery of the study area. In the suitability map [Figure 

6.1(a)], most of the area is suitable for residential development in terms of the first criteria. 

Within 500m there is no suitability value since according to existing regulation residential 

development within 500m of brickfield is prohibited. Suitability tends to increase beyond 500m 
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and continue to increase up to 3000m. After 3000m of distance, the suitability is the same since 

it is considered that there will be no negative impact on residential development beyond 3000m 

from the brickfield. In the case of distance from the main road [Figure 6.1(b) and Figure 6.2(b)], 

the suitability increase if the land is located near the main road. This strategy was also used in 

other studies like the study by Assefa et al. [20] From Figure 6.2(b) it is observed that the 

suitability of residential development is comparatively higher throughout the area since the 

main roads are evenly distributed all over the area. It can be noted that the suitability is very 

low in the lower part of the study area since there exists a river and there are no roads within 

the area. In the case of the city centre [Figure 6.2(d)], the suitability decrease from the city 

centre since the new development is preferred within proximity of the city centre. So, residential 

suitability is lower along the periphery in case of distance from the city centre. Land height is 

another criterion for the selection of residential development. As per existing regulation, 

residential development in land having a height less than 12m is prohibited since these are low 

land and these lands are at risk of flooding and waterlogging. So, the suitability increases with 

the increase of land height as evident in Figure 6.2(e). Although the land height was also used 

in many other studies for suitability analysis, the threshold value of land height is different 

because the land elevation is different in different places. Some studies also considered land 

slope for residential site suitability [21], but I did not consider slope since in my case most of 

the land is flat. The value of the social benefit and its standardized value have been presented 

in Figure 6.1(f) and Figure 6.2(f) respectively. According to Figure 6.2(f), the social benefit in 

the study area is average having the lowest and highest value are 0.23 and 0.8.  The suitability 

of residential development is higher where the social benefit value is lower. The logic is that if 

the new residential development takes place in the low benefit area, then the loss of social 

benefit will be minimized. The same is also true for economic benefits and environmental 

benefits. It is wise to select the land for residential development where the benefits of social, 

economic, and environmental values are lower so that the loss of these benefits can be 

minimized. In other words, in this way sustainability benefits can be maximized.  In addition 

to physical and sustainability factors, I have also used two constraints to limit the new 

residential development. These constraints have been presented in Figure 6.1(i) and Figure 

6.1(j). The constraints were determined according to the existing regulation. Existing regulation 

prohibits the development of the water body and only agricultural land is allowed for new 

development. 
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Figure 6.1: Values of factors and constraints used in the land use optimization problem 
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Figure 6.2: Residential land suitability scale (standardized value) for different factors 
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6.3.2. Weighted suitability of residential land 

After calculating the land suitability for individual factors, I have calculated the combined land 

suitability based on the weights assigned to different factors. The weights of different factors 

in Table 6.3 were calculated based on the AHP method as presented in Appendix B.  

Table 6.3: Weight of different factors 

Factors Weight 

Distance from brickfield 0.06 

Digital Elevation Model (DEM) 0.05 

Distance from main roads 0.16 

Distance from the town centre 0.10 

Distance from existing residential land 0.11 

Social benefit 0.27 

Economic benefit 0.04 

Environmental benefit 0.22 

 

Based on the weight of different factors I have generated weighted suitability of residential land 

using the OWA method. The land suitability was derived in varying levels of risk and trade-

off. In this study I have generated a suitability scale for six different land use decision strategies: 

a) average risk- a full trade-off, b) average risk-no trade-off, c) low risk no trade-off, d) low 

risk-some trade-off, e) high risk-no trade-off, and f) high risk-some trade-off following the 

guideline of Eastman [13]. The ordered weights have been presented in Table 6.4.  

 

Table 6.4: Ordered weights used in different strategies. 

Decision strategies Ordered weights 

Average Level of Risk - Full Tradeoff 0.125 0.125 0.125 0.125 0.125 0.125 0.125 0.125 

Low Risk and No Tradeoff 1 0 0 0 0 0 0 0 

High Risk and No Tradeoff 0 0 0 0 0 0 0 1 

Low Level of Risk - Some Tradeoff 0.4 0.3 0.12 0.07 0.05 0.03 0.02 0.01 

High Level of Risk - Some Tradeoff 0.01 0.02 0.03 0.05 0.07 0.12 0.3 0.4 

Average Level of Risk - No Tradeoff 0 0 0 0.5 0.5 0 0 0 

 

However, some studies followed different strategies to derive weighted suitability. For 

example, Masoudi et al. [22] separated environmental factors and applied a low level of risk 

and no trade-off reorder weight for environmental factors in which the first environmental 

factor was assigned weight 1 and for the rest factors weights 0 was applied. But in my study, I 

have generated six alternative decision strategies for the decision-makers. The suitability scale 

in different decision strategies has been presented in Figure 6.3. In the case of average risk- full 

trade-off decision [Figure 6.3(a)] the lowest and the highest suitability are 0.31 and 0.90 
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respectively. This scenario is the output of a simple weighted linear combination. This is the 

average situation of decision-making. In this scenario, most of the area is not highly suitable 

for residential land. In the case of the average risk-no trade-off decision [Figure 6.3(b)], the 

suitability increased since more weight was given to the higher value of each cell. Thus, it is 

observed that most of the land is highly suitable for residential development. In case of low 

risk, no trade-off decision [Figure 6.3(c)], the suitability was suddenly decreased. The reason 

is that in this strategy, the suitability was determined based on the lowest value of different 

factors. So, the suitability value was reduced. However, in the next scenario [Figure 6.3(d)], the 

suitability was increased since some extent of trade-off was allowed with the low-risk decision. 

In the case of high risk-no trade-off decision [Figure 6.3(e)], the suitability value was highly 

increased because in this case, the suitability was determined based on the highest value of the 

factors. So, the suitability value was increased drastically. If some degree of trade-off is allowed 

with high risk, then the suitability was decreased to some extent [Figure 6.3(f)].  

 

 

Figure 6.3: Weighted suitability of residential land under different decision strategies 
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6.3.3. The optimum location for residential development 

Based on the weighted suitability under different decision strategies, I have generated optimal 

locations for residential development. First, I have generated optimal location considering 

sustainability factors (social, economic, and environmental benefit) and without considering 

sustainability factors to understand to what extent sustainability benefit was derived in both 

situations. The result of optimal location has been presented in Figure 6.4. It is observed from 

Figure 6.4 that there is a difference in the allocation under the two scenarios. In the case of 

Figure 6.4(a) the shape of the land allocation is much more compact compared to the output in 

Figure 6.4 (b). In Figure 6.4(b), the right part of the allocated land is linearly scattered. To 

understand the impact of this allocation on sustainability benefits, I have calculated total 

sustainability benefits for both scenarios. It can be mentioned that the total sustainability value 

was calculated from Figure 6.1(f, g, and h). To calculate the total sustainability benefit, the 

restricted land was excluded. The value of sustainability benefits was presented in Table 6.5.  

 

Figure 6.4: Optimal location of residential land: a) considering sustainability and b) without 

considering sustainability 

Table 6.5: Sustainability benefits values of optimal land allocation 

Sustainability dimension 

Sustainability benefit value (unitless) 

Without considering 

sustainability  

Considering 

sustainability  

% Increase of 

benefit considering 

sustainability 

Social benefit 95370.08 100775.70 5.67 

Environmental benefit 62277.21 67616.00 8.57 

Economic benefit 20283.13 25553.56 25.98 

Total 177930.42 193945.26 9.00 
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In the traditional GIS-MCDM approach, sustainability benefits were hardly considered. From 

Table 6.5, it is observed that sustainability benefits were increased when sustainability factors 

were considered in the land use optimization process. Table 6.5 shows that Economic benefit 

was increased by 25.98% and overall sustainability benefit was increased by 9% compared to 

the traditional GIS-MCDM approach applied in many studies like Hajehforooshnia et al. [23], 

Mendas and Delali [8], and Masoudi et al. [22]. Although the study by Masoudi et al. [22] 

aimed to evaluate different land use suitability to achieve sustainable land use planning the 

study did not include social, economic, and environmental dimensions directly. Rather, that 

study considered some environmental factors (e.g., water resource, soil, cover, etc.) to address 

sustainability.  

 

The optimal residential development locations under different decision strategies have been 

presented in Figure 6.5. By different decision strategies, I mean a different level of risk and 

trade-off. It can be noted that two sets of weights were used in the OWA method to derive 

aggregated suitability. The first weights of factors were derived through AHP that cannot be 

changed. However, the second weight which is the known ordered weight can be varied to 

control the level of risk and trade-off. I have applied a different combination of ordered weights 

to control the level of risk as presented in Table 6.4. However, some studies used a different 

combination of ordered weights to control the level of risk and trade-off. For example, Masoudi 

et al. [22] applied a low level of risk and no trade-off reorder weight for environmental factors, 

so the first environmental factor was assigned weight 1 and for the rest factors weights 0 was 

applied. They used such order since they grouped environmental factors separately, but I did 

not divide factors into any group. In fact, in my case, no such social or environmental group is 

required because I have already calculated social and environmental values considering 

multiple indicators as described in Rahman and Szabó [10].   

 

Figure 6.5 illustrates the optimum locations of new residential development under different 

decision strategies. Figure 6.5 indicates that the optimum location of new residential 

development varies under different decision strategies. In the case of Figure 6.5(a, b, d, f), there 

are three parts of optimal location whereas in Figure 6.5(c), there are two optimal locations and 

in Figure 6.5(e), optimal location is concentrated in one location. These are the alternatives for 

new residential development. However, to aid the decision-maker, I have also computed the 

sustainability values of land allocation under different decision strategies. The sustainability 

values have been presented in Table 6.6.  
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Figure 6.5: Optimum location of new residential development under different decision strategies 

 

Table 6.6: Sustainability benefit values under different decision strategies 

ARFT= Average Level of Risk - Full Trade-off, ARNT= Average Level of Risk - No Trade-off, HRNT= 

High Risk and No Trade-off, HRST= High Level of Risk - Some Trade-off, LRNT= Low Risk and No 

Trade-off, LRST= Low Level of Risk - Some Trade-off 

 

Table 6.6 shows that the sustainability benefit values of optimum land allocation are different 

under different decision strategies. It is observed that the highest sustainability benefit value 

Sustainability dimension 
Sustainability values under different decision strategies (unitless) 

ARFT ARNT HRNT HRST LRNT LRST 

Social benefit 64970.11 65502.01 66184.19 63883.22 64851.03 65333.28 

Environmental benefit 21122.65 21331.75 21432.61 20814.49 21088.68 21256.21 

Economic benefit  184282.03 185542.07 188179.53 182448.89 184897.84 185908.95 

Total benefit 64970.11 65502.01 66184.19 63883.22 64851.03 65333.28 
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was derived from High Risk and No Tradeoff decision [Figure6.5(e)] followed by Low Level 

of Risk - Some Tradeoff [Figure 6.5(d)] and Average Level of Risk - No Tradeoff [Figure 

6.5(b)]. The lowest sustainability value was derived in the High Level of Risk - Some Tradeoff 

decision [Figure 6.5(f)]. In this study, I have optimized residential land use locations focusing 

on urban sustainability. I have also calculated the value of sustainability in a different scenario. 

Although some other studies considered sustainability in land use optimization but did not 

consider all three aspects of sustainability. For example, Cao et al. [1] and Yuan et al. [2] 

optimized sustainable land use allocation but only considered the social benefit of land use 

allocation. 

 

6.4. Conclusion 

This Chapter presents a GIS-based multi-criteria decision-making (GIS-MCDM) approach to 

optimize the location of new residential development. The traditional GIS-MCDM approach 

only considered physical factors to optimize urban land use allocation and sustainability 

dimensions (social, economic, and environmental benefits) were rarely addressed to optimize 

land use allocation. In this study, I have presented a GIS-MCDM approach to optimize 

residential land use allocation by addressing social, economic, and environmental factors. In 

this study, five physical factors, three sustainability factors, and two constraints were used to 

derive the optimal location of new residential development. Sustainability dimensions were 

included to meet the growing concern about urban sustainability. Using the OWA technique, 

this study generates alternative locations of residential locations. The study demonstrated that 

about 9.00% more sustainability benefits can be derived using my proposed approach. This 

proves that the proposed approach is much more efficient compared to the traditional approach. 

Using my proposed approach, I have generated six alternative decision scenarios of optimum 

location for new residential development (Figure 6.5). Among the alternative decision 

strategies, the “High Risk-No Tradeoff” [Figure 6.5(e), Table 6.6] decision strategy generated 

the highest sustainability benefit in my case. Although I have optimized residential location 

only, other land uses can also be sustainably optimized, simultaneously, using my proposed 

approach. In this study, I have incorporated sustainability factors within the GIS-MCDM 

approach. There are also other methods to optimize land use allocation, e.g Genetic Algorithm, 

Particle Swarm Optimization, NSGA-II, etc. Future studies can be conducted using those 

approaches to compare the performance of different methods.  
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Chapter 7 

Summary and New Scientific Results 

7.1. Summary 

The overall goal of this research is to optimize urban land use allocation using spatial data. To 

achieve this goal, firstly, I have investigated multi-objective urban land use optimization 

problems through a systematic literature review. By conducting a systematic literature review, 

I have identified several research gaps on the topic concerned. The research gaps have been 

presented in Section 2.5 of Chapter 2. Then, I have fulfilled some of the research gaps in my 

study. In this chapter, I have presented the new scientific results and related publications.  

 

7.2. Theses and New scientific results (NSR) 

7.2.1. Thesis 1: I have investigated multi-objective urban land use optimization problems 

through a systematic literature review. The followings are the new scientific results. 

 

• [NSR 1.1]: The most common objectives in urban land use optimization problems are 

maximization of spatial compactness (16.67%) followed by maximization of land use 

compatibility (13.69%), and maximization of land use suitability (11.90%). 

• [NSR 1.2]: Sustainability dimensions (social, economic, and environmental) were 

poorly addressed (3.63%) in urban land use optimization problems.  

• [NSR 1.3]: The social dimension of sustainability was not emphasized in urban land use 

optimization problems. Only 10% (n=3) of studies included social aspects of 

sustainability.  

• [NSR 1.4]: There is no generalized method to calculate social and environmental 

benefits in urban land use optimization problems. Different researchers used different 

single variable-based measures of social and environmental benefit.  

• [NSR 1.5]: Raster data is the most preferred data model (80%) over vector data (20%) 

in land use optimization.  

• [NSR 1.6]: Participatory approach in land use decision making is very negligible.  

 

Publications related to Thesis 1 

1. [Journal Paper-1] Rahman, M. M., & Szabó, G. (2021). Multi-objective urban land use 

optimization using spatial data: A systematic review. Sustainable Cities and Society. 2021, 

74, 103214. https://doi.org/10.1016/j.scs.2021.103214 
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2. [Conference Proceedings-1] Rahman, M. M., & Szabó, G. (2020). Exploring urban 

sustainability dimension through land use optimization. In: Molnár, Éva Vanda (ed.) The 

meeting of theory and practice in GIS XI.: Theory meets practice in GIS. Debrecen, 

Hungary: Debrecen University Press (2020). ISBN 978-963-318-886-6. pp. 217-222. 

3. [Conference Proceedings-2] Rahman, M. M. and Szabó, G.: NATIONAL SPATIAL 

DATA INFRASTRUCTURE (NSDI) OF BANGLADESH – DEVELOPMENT, 

PROGRESS AND WAY FORWARD, ISPRS Ann. Photogramm. Remote Sens. Spatial Inf. 

Sci., V-4-2020, 131–138, https://doi.org/10.5194/isprs-annals-V-4-2020-131-2020, 2020. 

 

7.2.2. Thesis 2: I have analysed the impact of land use and land cover (LULC) changes 

on urban ecosystem service value (ESV) of Dhaka city, Bangladesh between the period 

1990-2020. The followings are the new scientific results. 

 

• [NSR 2.1]: Built-up area is the dominating land cover which was increased by 188.35% 

from 1990 to 2020, with an average annual growth rate is about 6.28%. 

• [NSR 2.2]: ESV was decreased by 59.55% (85 million USD) from 142.72 million USD 

in 1990 to 57.72 million USD in 2020 with an average annual decreasing rate is about 

1.99%.  

• [NSR 2.3]: The major reason for decreasing ESV was the development of the built-up 

area through conversion of agricultural land, water bodies, forests, and vegetation land. 

• [NSR 2.4]: The water body and regulating service were the highest contributing factors 

to the total ESV. 

• [NSR 2.5]: The result on the elasticity of ESV in relation to LULC implies that about 

1% transition in LULC would result in about 0.33% change in total ESV during the 

study period.  

 

Publications related to Thesis 2 

1. [Journal Paper-2] Rahman, M.M.; Szabó, G. Impact of land use and land cover changes 

on urban ecosystem service value in Dhaka, Bangladesh. Land 2021, 10 (8), 793. 

https://doi.org/10.3390/land10080793 

2. [Conference Proceedings-3] Rahman, M. M., & Szabó, G. (2021). Comparing K-Means 

Clustering and Random Forest technique to classify urban land cover. In: Molnár, Éva 

Vanda (ed.) The meeting of theory and practice in GIS XI.: Theory meets practice in GIS. 

https://doi.org/10.3390/land10080793
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Debrecen, Hungary: Debrecen University Press (2021). ISBN 978-963-318-977-1.  pp. 217-

222. 

 

7.2.3. Thesis 3: I have developed a composite index, social benefit index (SBI), to measure 

social benefit in urban land use optimization problems. The followings are the new scientific 

results. 

 

• [NSR 3.1]: Four variables, namely, spatial compactness, land use compatibility, land 

use mix, and evenness of population distribution collectively can be used to measure 

social benefit in urban land use allocation. 

• [NSR 3.2]: The industrial and commercial land uses are highly compatible 

(compatibility =1) whereas residential-industry and industry-health facilities have the 

lowest compatibility (compatibility = 0.004). 

• [NSR 3.3]: The spatial compactness (0.52) is the most influential criterion to the SBI, 

and the least influential criterion is the evenness of population distribution (0.10). 

• [NSR 3.4]: The highest portion of land (40.36%) in the study area falls within the 

medium SBI zone. 

• [NSR 3.5]: SBI is a better approach compared to other single-variable-based measures 

of social benefit. 

 

Publications related to Thesis 3 

1. [Journal Paper-3] Rahman, M.M.; Szabó, G. A Geospatial Approach to Measure Social 

Benefits in Urban Land Use Optimization Problem. Land 2021, 10 (12), 1398. 

https://doi.org/10.3390/land10121398 

 

7.2.4. Thesis 4: I have developed a novel composite index, the environmental benefits 

index (EBI), to measure environmental benefit in urban land use optimization problems. 

The followings are the new scientific results. 

 

• [NSR 4.1]: Four variables, namely, spatial compactness, ecosystem service value 

(ESV), land surface temperature (LST), and carbon storage collectively used to measure 

environmental benefit in urban land use allocation. 

https://doi.org/10.3390/land10121398
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• [NSR 4.2]: The land surface temperature (LST) is the most influential indicator (0.4996) 

of the EBI, and carbon storage (0.0776) has a low influence on EBI. 

•  [NSR 4.3]: In an average-risk decision, most of the study area (64.55%) falls within the 

low environmental benefit zone followed by the medium environmental benefit 

(28.48%) zone.  

• [NSR 4.4]: EBI is a better approach compared to other single-variable-based measures 

of environmental benefit. 

 

Publications related to Thesis 4 

1. [Journal Paper-4] Rahman, M.M.; Szabó, G. A Novel Composite Index to Measure 

Environmental Benefits in Urban Land Use Optimization Problem. ISPRS Int. J. Geo-

Inf. 2022, Paper accepted. 

 

Thesis 5: I have presented a GIS-based multi-criteria decision-making (GIS-MCDM) 

approach to optimize urban residential land use allocation. The followings are the new 

scientific results. 

 

• [NSR 5.1]: Sustainability factors (social, economic, and environmental) were added to 

traditional factors to optimize urban residential land allocation.  

• [NSR 5.2]: Sustainability benefit of residential land allocation was calculated. The result 

demonstrated that about 9.00% more sustainability benefits can be derived using my 

proposed approach compared to the traditional approach.  

•  [NSR 5.3]: Optimum location of residential land was derived under different decision 

strategies. The “High Risk-No Tradeoff” decision strategy generated the highest 

sustainability benefit in my case. 

 

Publications related to Thesis 5 

2. [Journal Paper-4] Rahman, M.M.; Szabó, G. Sustainable urban land use optimization 

using GIS-based multi-criteria decision making (GIS-MCDM) 

approach. Land. 2022, Paper submitted 
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Appendix-A 

Calculation of Ecosystem service value 

 

Table A1. Area and proportion of different LULC types. 

Land Cover 

Class/Year 

Agricultural 

Land 

Water 

bodies 

Forest and 

Vegetation 

Built-Up 

Land 

Bare Land 

1990 Area 64.66 85.85 75.74 54.96 24.52 

% 21.15 28.08 24.77 17.98 8.02 

1995 Area 49.59 74.65 68.01 85.21 28.15 

% 16.23 24.43 22.25 27.88 9.21 

2000 Area 40.85 67.43 70.33 94.48 32.54 

% 13.37 22.06 23.01 30.91 10.65 

2005 Area 33.72 65.62 58.77 116.43 31.11 

% 11.03 21.47 19.23 38.09 10.18 

2010 Area 28.86 62.07 48.00 132.58 34.12 

% 9.44 20.31 15.71 43.38 11.16 

2015 Area 27.32 51.71 40.56 142.39 43.74 

% 8.94 16.91 13.27 46.57 14.31 

2020 Area 24.70 34.94 29.11 158.49 58.42 

% 8.08 11.43 9.52 51.85 19.11 

 

Table A2. Estimated individual ecosystem service function during the period 1990 to 2020. 

Individual ESV function 
1990 1995 2000 2005 2010 2015 2020 

ESVf % ESVf % ESVf % ESVf % ESVf % ESVf % ESVf % 

P
ro

v
is

io
n

in
g
 Food production 2.79 1.95 2.4 1.93 2.17 1.9 2.05 1.88 1.9 1.87 1.6 1.89 1.12 1.94 

Water supply 32.7 22.9 28.4 22.8 25.7 22.5 25 22.9 23.6 23.2 19.7 23.2 13.3 23 

Raw material 3.3 2.31 2.93 2.36 2.93 2.57 2.55 2.33 2.17 2.13 1.83 2.15 1.29 2.23 

Genetic resources 0.31 0.22 0.28 0.22 0.29 0.25 0.24 0.22 0.2 0.19 0.17 0.2 0.12 0.21 

R
eg

u
la

ti
n

g
 

Water regulation 0.17 0.12 0.15 0.12 0.14 0.13 0.13 0.12 0.12 0.12 0.1 0.12 0.07 0.12 

Waste treatment 36.5 25.6 31.8 25.5 28.8 25.2 27.9 25.6 26.3 25.9 22 25.9 14.8 25.7 

Erosion control 1.86 1.3 1.67 1.34 1.72 1.51 1.44 1.32 1.18 1.16 0.99 1.17 0.71 1.24 

Climate regulation 1.69 1.18 1.52 1.22 1.57 1.37 1.31 1.2 1.07 1.05 0.9 1.07 0.65 1.12 

Biological control 0.16 0.11 0.12 0.1 0.1 0.09 0.08 0.07 0.07 0.07 0.07 0.08 0.06 0.1 

Gas regulation 1.14 0.8 0.99 0.8 0.9 0.79 0.87 0.8 0.83 0.81 0.69 0.81 0.46 0.8 

Disturbance 

regulation 

39 27.3 33.9 27.2 30.6 26.8 29.8 27.3 28.2 27.7 23.5 27.7 15.9 27.5 

S
u

p
p

o
rt

in
g
 Nutrient cycling 6.98 4.89 6.27 5.04 6.48 5.68 5.42 4.97 4.43 4.35 3.74 4.41 2.68 4.65 

Pollination 0.09 0.06 0.07 0.06 0.06 0.05 0.05 0.04 0.04 0.04 0.04 0.05 0.03 0.06 

Soil formation 0.08 0.05 0.07 0.05 0.07 0.06 0.06 0.05 0.05 0.05 0.04 0.05 0.03 0.05 

Habitat/refugia 2.61 1.83 2.27 1.82 2.05 1.8 1.99 1.83 1.89 1.86 1.57 1.85 1.06 1.84 

C
u

lt
u

ra
l 

Recreation 5.78 4.05 5.05 4.05 4.66 4.08 4.42 4.05 4.1 4.03 3.42 4.03 2.33 4.04 

Cultural 7.58 5.31 6.59 5.29 5.95 5.21 5.79 5.31 5.48 5.39 4.56 5.38 3.08 5.34 

Total 142.72 100 124.47 100 114.18 100 109.12 100 102.67 100 84.84 100 57.72 100 
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Table A3. Change in the value (million USD) of individual ecosystem service 
function during the period 1990 to 2020. 

1995-2000

C % C % C % C % C % C % C %

Food production -0.39 -14.08 -0.22 -9.37 -0.12 -5.61 -0.15 -7.39 -0.30 -15.66 -0.48 -29.99 -1.67 -59.81

Water suppy -4.26 -13.04 -2.74 -9.65 -0.70 -2.71 -1.36 -5.43 -3.94 -16.69 -6.38 -32.43 -19.38 -59.31

Raw material -0.36 -10.99 0.00 -0.12 -0.38 -13.09 -0.38 -14.80 -0.34 -15.86 -0.54 -29.50 -2.01 -60.94

Genetic resources -0.03 -10.20 0.01 3.42 -0.05 -16.44 -0.04 -18.32 -0.03 -15.50 -0.05 -28.24 -0.19 -61.57

Water regulation -0.02 -12.30 -0.01 -6.18 -0.01 -6.73 -0.01 -8.82 -0.02 -16.41 -0.03 -31.43 -0.10 -59.89

Waste treatment -4.75 -13.00 -3.00 -9.43 -0.86 -2.97 -1.58 -5.65 -4.39 -16.67 -7.10 -32.37 -21.67 -59.34

Erosion control -0.19 -10.20 0.06 3.42 -0.28 -16.44 -0.26 -18.32 -0.18 -15.50 -0.28 -28.24 -1.14 -61.57

Climate regulation -0.17 -10.20 0.05 3.42 -0.26 -16.44 -0.24 -18.32 -0.17 -15.50 -0.26 -28.24 -1.04 -61.57

Biological control -0.04 -23.31 -0.02 -17.62 -0.02 -17.46 -0.01 -14.42 0.00 -5.33 -0.01 -9.61 -0.10 -61.81

Gas regulation -0.15 -13.05 -0.10 -9.67 -0.02 -2.68 -0.05 -5.41 -0.14 -16.69 -0.22 -32.43 -0.68 -59.30

Disturbance 

regulation
-5.09 -13.04 -3.28 -9.66 -0.83 -2.70 -1.62 -5.42 -4.71 -16.69 -7.62 -32.43 -23.13 -59.31

Nutrient cycling -0.71 -10.20 0.21 3.42 -1.07 -16.44 -0.99 -18.32 -0.69 -15.50 -1.06 -28.24 -4.30 -61.57

Pollination -0.02 -23.31 -0.01 -17.62 -0.01 -17.46 -0.01 -14.42 0.00 -5.33 0.00 -9.61 -0.06 -61.81

Soil formation -0.01 -10.20 0.00 3.42 -0.01 -16.44 -0.01 -18.32 -0.01 -15.50 -0.01 -28.24 -0.05 -61.57

Habitat/refugia -0.34 -13.05 -0.22 -9.67 -0.05 -2.68 -0.11 -5.41 -0.31 -16.69 -0.51 -32.43 -1.55 -59.30

Recreation -0.73 -12.63 -0.39 -7.70 -0.23 -5.01 -0.32 -7.33 -0.68 -16.54 -1.09 -31.88 -3.44 -59.64

Cultural -0.99 -13.04 -0.64 -9.65 -0.16 -2.71 -0.31 -5.44 -0.91 -16.69 -1.48 -32.43 -4.49 -59.31

P
ro

v
is

io
n

in
g

R
eg

u
la

ti
n

g
S

u
p

p
o

rt
in

g
C

u
lt
u

ra
l

1990-1995
Ecosystem Service 

function

2000-2005 2005-2010 2010-2015 2015-2020 1990-2020
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Appendix-B 

Analytic hierarchy process (AHP) 

 

In multi-criteria decision-making, the analytical hierarchy process (AHP) is a mathematical tool 

for designing complex decision factors in a hierarchical problem structure [1]. In the AHP 

method, a pairwise comparison is made among the criteria and each criterion is assigned a 

numerical value on a scale between 1 to 9 based on judgments of the experts. This value 

represents the priority of one criterion over another criterion in the concerned pair [2]. A 

focused group discussion (FGD) was conducted to get the intensity of the importance of the 

different indicators. It may be noted that the entire FGD group members were considered as 

one individual. So, the consensus data from FGD was used to rate the intensity of importance 

of each indicator. Table B1 shows the value of this scale, corresponding definition, and 

explanation proposed by T. L. Saaty [1]. 

 

Table B1. The fundamental scale of numbers used in the AHP method. 

Intensity of 

Importance 
Definition Explanation 

1 Equal importance Two activities contribute equally to the objective 

3 
Moderate importance of 

one over another 

Experience and judgment slightly favor one 

activity over another 

5 
Essential or strong 

importance 

Experience and judgment strongly favor one 

activity over another 

7 Very strong importance 
Activity is strongly favored, and its dominance 

demonstrated in practice 

9 Extreme importance 
The evidence favoring one activity over another is 

of tile highest possible order of affirmation 

2, 4, 6, 8 
Intermediate values 

between the two 

adjacent judgments 

When compromise is needed 

Source: How to Make a Decision: The Analytic Hierarchy Process [1] 

 

After getting the intensity values for every indicator based on expert judgment, a pairwise 

matrix is developed. Then, the weight values of factors can be obtained by computing the 

primary eigenvector of the pairwise comparison square reciprocal matrix and then normalizing 

the sum of the components to unity as Equation B1 [3]:  
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∑ 𝑊𝑖 = 1                                                                                          𝐵1

𝑛

𝑖=1

 

Table B2 shows how the pairwise comparison matrix, for four indicators, works and how the 

weights are assigned to each indicator. 

 

Table B2. Pairwise comparison matrix of four indicators. 

Indicator Ind 1 Ind 2 Ind 3 Ind 4 Eigenvector Weight 

Ind 1 W11 W12 W13 W14 |𝑊1| β1 

Ind 2 1/ W12 W22 W23 W24 |𝑊2| β2 

Ind 3 1/ W13 1/ W23 W33 W34 |𝑊3| β3 

Ind 4 1/ W14 1/ W24 1/ W34 W44 |𝑊4| β4 

Total ∑ 𝑊1234
1  ∑ 𝑊1234

2  ∑ 𝑊1234
3  ∑ 𝑊1234

4  
 

1 

Source: adapted from Nguyen & Bleys [3] 

 

In the Table B2, Ind 1, Ind 2, Ind 3, and Ind 4 represent four indicators; W1, W2, W3, and W4 

represent eigenvector of four indicators; and β1, β2, β3, and β4 present weight of each indicator. 

In the Table B2: 

 

∑ 𝑊1234
1 = W11 +

1

W12
+

1

W13
+

1

W14
                                                    𝐵2 

 

|𝑊1| =
W11

∑ 𝑊1234
1 +

W12

∑ 𝑊1234
2 +

W13

∑ 𝑊1234
3 +

W14

∑ 𝑊1234
4                                            𝐵3 

|𝑊2| =
1/ W12

∑ 𝑊1234
1 +

W22

∑ 𝑊1234
2 +

W23

∑ 𝑊1234
3 +

W24

∑ 𝑊1234
4                                             𝐵4 

 

|𝑊3| =
1/ W13

∑ 𝑊1234
1 +

1/ W23

∑ 𝑊1234
2 +

W33

∑ 𝑊1234
3 +

W34

∑ 𝑊1234
4                                                 𝐵5 

 

|𝑊4| =
1/ W14

∑ 𝑊1234
1 +

1/ W24

∑ 𝑊1234
2 +

1/ W34

∑ 𝑊1234
3 +

W44

∑ 𝑊1234
4                                              𝐵6 

 

β1 =
|𝑊1|

4
,  β2 =

|𝑊2|

4
,  β3 =

|𝑊3|

4
,  β4 =

|𝑊4|

4
                                                    𝐵7 
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However, decision-makers may make incoherent (subjective) assessments, in which case the 

aforementioned consistency requirement is not always met. As a result, it was critical to verify 

the matrix's accuracy after getting the weight values. As a result, Saaty [1] proposed the 

consistency check for the AHP procedure. Consistency is quantified using a consistency ratio. 

The consistency ratio (CR) is calculated using Equation B8. 

 

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
                                                                                             𝐵8 

 

Where, CI and RI represent consistency index and random index respectively, in which   

 

𝐶𝐼 =
𝜆𝑚𝑎𝑥 − 𝑛

𝑛 − 1
                                                                                     𝐵9 

 

Where, 𝜆𝑚𝑎𝑥 is the largest or principal eigenvalue of the matrix, n is the order of the matrix. 

The RI is the average of the resulting consistency index depending on the order n. 

If CR <0.1, the pairwise comparison matrix is considered to be consistent, and the weight valu

es produced can be used. If CR>0.1, the matrix is judged incoherently and must be corrected 

by changing the element values [1]. 
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Appendix-C 

Weighted aggregation of criteria in GIS-based multi-criteria decision-

making (GIS-MCDM) 
 

The concept of decision rules or evaluation algorithms is central to GIS-MCDM. A decision 

rule is a process through which criteria are chosen and combined to arrive at a particular 

evaluation, as well as how evaluations are compared and acted upon. Typically, decision rules 

include techniques for integrating criteria into a single composite index and an explanation of 

how alternatives will be compared using this composite index [1]. In GIS, there are three 

primary types of decision (or combination) rules: Boolean overlay, Weighted Linear 

Combination (WLC), and ordered weighted averaging (OWA.  

 

Boolean overlay reduces all criteria to logical declarations of suitability and then combined 

them using one or more logical operators such as intersection (AND) and union (OR). Boolean 

evaluation is a very severe form of decision-making. When paired with a logical AND (the 

intersection operator), a location must satisfy all criteria to be included in the decision set. If 

even one requirement is not met, the site is eliminated. This technique is fundamentally risk-

averse, and it chooses places using the most conservative strategy possible—a location is 

chosen only if all criteria are met. On the other hand, when a logical OR (union) is utilized, the 

converse is true—a location is included in the decision set even if only one criterion passes the 

test [2]. Thus, this is a gambling technique that entails (supposedly) high risk and does not 

produce decisions with an intermediate level of risk (Figure C1). Boolean overlay results in the 

selection of appropriate sites and rejection of others without knowing their suitability level. All 

criteria have equal weight in the final composite suitability map, and a component with a high 

weight cannot compensate for a minor factor (trade-off) when determining a site's suitability 

[3]. These limitations can be solved by introducing weight to the factors and combining them 

to find the composite suitability of different levels.  
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Figure C1: Decision strategy triangle within the continuum of risk and trade-off dimension  [4] 

 

WLC involves standardizing continuous criteria (factors) to a common numeric range and then 

combining them using a weighted average. WLC enables criteria to make trade-offs between 

their qualities. Very poor quality might be offset by several extremely excellent qualities. This 

operator is neither AND nor OR—it is in between these two extremes. It is neither risk-averse 

nor risk-taking. It is proved that vector methods to MCDM are dominated by Boolean strategies, 

whereas raster systems are dominated by WLC solutions [5]. WLC is defined by complete 

trade-off and average risk, which is precisely halfway between AND and OR operations, i.e., 

neither excessive risk aversion nor extreme risk-taking (Figure C1). WLC can be expressed by 

Equation C1.  

𝑆𝑗 = ∑ 𝑤𝑖

𝑛

𝑖=1

𝑥𝑖                                                                                        𝐶1 

Where, 𝑆𝑗 is the composite suitability (of the jth pixel or area); wi =weight of factor i; xi = 

criterion score of factors i; n = total number of factors. The weight of factor (wi) can be 

determined using Analytic Network Process (AHP) method as described in Appendix-B. 

 

However, none is superior—they merely offer two opposed perspectives on the decision-

making process—what can be called a choice strategy. The WLC approach is not always 

appropriate for territorial analysis due to the inherent risk of concealing a limiting factor 

between the high values of other criteria. Thus, the decision-maker has limited control over 

Boolean and WLC methods to decide the level of risk and trade-off in decision making.  To 

avoid this problem, an Ordered Weighted Average (OWA) was proposed by Yager [6]. The 
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third method, OWA, is identical to the WLC procedure, except that OWA requires additional 

weights, referred to as order weights, and calculates the factor weights' combination. This 

method provides a comprehensive range of decision methods along the two fundamental 

dimensions of the degree of trade-off and degree of risk associated with the solution [2] (Figure 

C1). OWA can be expressed by Equation C2. 

𝑆𝑖 = ∑(
𝑢𝑗𝑣𝑗

∑ 𝑢𝑗𝑣𝑗
𝑛
𝑗=1

)𝑧𝑖 𝑗

𝑛

𝑗=1

                                                                         𝐶2 

Where 𝑆𝑖 is the suitability at ith location, n is the number of indicators, 𝑢𝑗  is the original weight 

factor of the criteria, 𝑣𝑗  is the ordered weight of the criteria such that 𝑣𝑗ɛ [0, 1] 𝑓𝑜𝑟 𝑗 =

1, 2, … , 𝑛, and ∑ 𝑣𝑗 = 1𝑛
𝑗=1 ,  𝑧𝑖𝑗 is the ordered value of criteria at ith location.    

 

In the case of OWA, two sets of weights are used. The first weight (𝑢𝑗) of the criteria can be 

determined using Analytic Network Process (AHP) method as described in Appendix-B. The 

second weight which is known as ordered weight was assigned on the ordered criteria either 

based on increasing order or decreasing order depending on the level of acceptable risk and 

type of criteria. In this study, we have used OWA with different combinations of ordered 

weights to generate alternatives with different levels of trade-off and risk following the 

guidelines of Eastman [4]. The combination of ordered weights has been presented in Table C1. 

 

Table C1: Ordered weights used in different strategies. 

Decision strategies Ordered weights 

Average Level of Risk - Full Tradeoff 0.125 0.125 0.125 0.125 0.125 0.125 0.125 0.125 

Low Risk and No Tradeoff 1 0 0 0 0 0 0 0 

High Risk and No Tradeoff 0 0 0 0 0 0 0 1 

Low Level of Risk - Some Tradeoff 0.4 0.3 0.12 0.07 0.05 0.03 0.02 0.01 

High Level of Risk - Some Tradeoff 0.01 0.02 0.03 0.05 0.07 0.12 0.3 0.4 

Average Level of Risk - No Tradeoff 0 0 0 0.5 0.5 0 0 0 
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Appendix-D 

Method of calculating land surface temperature (LST) 
 

 

In this study, we have used the TIRS band 10 of the Landsat image to derive LST in the study 

area. Particulars of Landsat image has been given in Table D1.  

Table D1. Particulars of Landsat images used in this study. 

OLI = Operational Land Imager, TIRS= Thermal Infrared Sensor 

 

Six step procedure was followed to derive LST [1]. The steps are described below. 

 

Conversion of DN to top of atmospheric spectral radiance: Firstly, the DN values of the 

image were converted to top of atmospheric (TOA) spectral radiance using Equation D1. 

𝐿𝜆 = 𝑀𝐿 ∗ 𝑄𝑐𝑎𝑙 + 𝐴𝐿                                 D1 

Lλ = TOA spectral radiance (Watts/ (m2 * srad * μm)), ML =Band-specific multiplicative 

rescaling factor from the metadata, AL=Band-specific additive rescaling factor from the 

metadata, and Qcal = Quantized and calibrated standard product pixel values [2].    

   

Conversion of Radiance to At-Sensor Temperature: Second, TOA spectral radiance was 

converted to at-sensor temperature. The at-sensor temperature is also known as brightness 

temperature (BT). The BT was derived from TOA spectral radiance using Equation D2. 

𝐵𝑇 =
𝐾2

ln(
𝐾1
𝐿𝜆

+1)
− 273.15                              D2 

Lλ =TOA spectral radiance (Watts/( m2 * srad * μm)), K1   =Band-specific thermal conversion 

constant from the metadata, K2  =Band-specific thermal conversion constant from the metadata 

[2]. The original Equation of deriving BT was revised by adding -273.15 in order to get the 

result in Celsius [3]. 

Landsat Scene ID Acquisition Date Satellite Sensor Path/Row 

LC81380432021115LGN00 25/04/2021 Landsat 8 OLI/TIRS 138/43 
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Calculation Normal Difference Vegetation Index (NDVI): NDVI is important to derive LST 

because this NDVI would be used to calculate the proportion of vegetation. The NDVI of the 

study area was calculated using Equation D3. 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 (𝑏𝑎𝑛𝑑 5)−𝑅 (𝑏𝑎𝑛𝑑 4)

𝑁𝐼𝑅 (𝑏𝑎𝑛𝑑 5)+𝑅 (𝑏𝑎𝑛𝑑 4)
                             D3 

 

where NIR represents the near-infrared band (Band 5) and 𝑅 represents the red band (Band 4). 

The value of NDVI ranges from -1 to +1; the higher value of NDVI refers to healthy and dense 

vegetation and lower NDVI values represent sparse vegetation. 

 

Calculation of Proportion of Vegetation: The proportion of the vegetation (PV) was 

calculated using Equation E4 [4]. The minimum and maximum values were used to calculate 

PV.  

 

𝑃𝑣 = (
𝑁𝐷𝑉𝐼−𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
)2                              D4 

 

Calculation of Land Surface Emissivity (LSE): LSE is important to estimate LST. In the next 

step, LSE was calculated using Equation D5 [5]. 

𝐿𝑆𝐸 = 0.004 ∗ 𝑃𝑣 + 0.986                              D5 

Calculation of LST: In the final step, LST was derived from the value of BT and LSE using 

Equation D6 [1].  

𝐿𝑆𝑇 =
𝐵𝑇

{1+[(𝜆∗𝐵𝑇
𝜌⁄ ) ln(𝐿𝑆𝐸)]}

                                 D6 

𝜆 is the wavelength of emitted radiance. The average value of the limiting wavelength (𝜆 

=10.895) [6] was used in the above equation. The value of 𝜌 was calculated using Equation D7. 

𝜌 = ℎ
𝑐

𝜎
= 1.438𝑋10−2𝑚 𝐾        D7 

where 𝜎 is the Boltzmann constant (1.38 × 10−23 J/K), ℎ is Planck’s constant (6.626 × 10−34 

J s), and 𝑐 is the velocity of light (2.998 × 108 m/s) [7] 
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