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ABSTRACT 

 This study determined the change of land use/land cover over time within the watershed 

boundary of Keenjhar Lake through the usage of remote sensing thematic classification methods, 

and, assessed if the changes occurring related to statements made in other studies about wetland 

and biodiversity decline. The three thematic classification methods utilized and compared in this 

study were the supervised, unsupervised, and hybrid classifications. Due to its higher overall 

accuracy, the supervised classification method was chosen to classify the March 07, 2020 

Landsat 8 image and for post classifications from 1997 to 2002, 2002 to 2008, and 2002 to 2020. 

The results of this study did not support the hypotheses that there was a decline in wetland 

percent cover over time and that the hybrid classification was more accurate in comparison to 

other algorithms. The results did support the hypothesis that there was an increase in 

urban/agricultural land over time. The utilization of remote sensing in this study to assess land 

use/land cover did not indicate there was a decline in wetland size due to the 1998-2002 drought 

and other more recent droughts. For future studies, finer spatial resolution imagery is needed to 

further break down the land use/land cover classes and to determine minor changes that were not 

recognized in this study. 
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INTRODUCTION 

 

In Pakistan, the overall quality of freshwater resources has become an increasing concern 

with the rise in water pollution and the impact this pollution has on human health. The rapidly 

growing population and continuing growth in industrialization are stressors that are negatively 

impacting the water resources in Pakistan (Bhutto et al. 2019). In Pakistan, only 20% of the 

population has access to safe drinking water and the other 80% are left vulnerable without access 

(Saleem et al. 2018). These contaminated water resources are attributed with 40% of deaths and 

30% of diseases in Pakistan (Allawalla et al.2007). The threat that poor water quality poses 

makes it pertinent to seek to understand how the land use/land cover is changing over time 

around waterbodies in Pakistan.  

The change in land use/land cover within a watershed boundary can negatively impact 

water resources by introducing point and nonpoint sources of pollution into the waterbody. The 

Sindh province, like many of the provinces of Pakistan, is facing water quality issues. The total 

population of Sindh is about 30.44 million people, making it the second most populated province 

in Pakistan (Bhutto et al. 2019). One of the major cities in Pakistan is Karachi, the capital of 

Sindh, and it is a major economic hub and the most populated city in the country. Keenjhar Lake 

is a major source of water for the city of Karachi and the city of Thatta (Khan et al. 2017). It is 

estimated that around 95% of Karachi’s water supply is provided by Keenjhar Lake 

(International Union for Conservation of Nature 2013). This is a significant percentage of the 

city’s water supply, making Keenjhar Lake important in sustaining the City of Karachi’s 

population.  



 

2 

 

On November 23, 1976, Pakistan entered the Ramsar Convention, and the goal of this 

convention is to protect wetlands that are of importance for biodiversity (Ramsar 2014). There 

are 19 Ramsar sites in Pakistan; 10 sites are located in the Sindh province. One of those sites is 

Keenjhar Lake, also known as Kalri Lake, located in the Thatta District of the Sindh Province 

(Figure 1). Beyond just being important for wildlife such as fowl, it is critical for the livelihood 

of locals. There are an estimated 50 villages that are located around the lake with a population 

totaling about 35,000 to 40,000 individuals who are dependent upon the local ecosystem and 

fishing in Keenjhar Lake for their livelihood (Khan et al. 2012). A few of these villages are 

roughly shown in a sketch map (Figure 2). Eutrophication has become an increasing issue due to 

the introduction of industrial discharge into Keenjhar Lake (Khan et al. 2012). Land use/land 

cover can play a significant role in runoff that can cause a rise in eutrophication. There have not 

been any previous studies that have solely studied and mapped the land use/land cover within the 

watershed boundary of Keenjhar Lake. This makes this study significant because this wetland 

supplies the majority of Karachi’s water supply, it supports a diverse range of wildlife, many of 

which are threatened, and it supports a unique cultural community. Keenjhar Lake represents 

how wetlands are very unique, diverse areas that require further study to understand how land 

use/land cover is changing within their watershed boundaries. 
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Figure 1. Map of Pakistan highlighting the location of Keenjhar Lake. 
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Figure 2. Edited sketch map to show the locations of some of the villages surrounding Keenjhar 

Lake (Lashari et al. 2012). 

Remote sensing through the usage of satellite imagery provides the ability to assess large 

areas unlike in situ measurements and is very cost effective (Giardino et al. 2010). It allows us to 

assess and classify land use/land cover type and change for large areas and locate possible 

locations of origin for point and non-point sources of water pollutants. This approach guides the 

direction of management for the waterbody and assists in the development of water policies in 

that country. There is a gap in the literature where the application of remote sensing has yet to be 

applied to classify land use/land cover and determine its change over time for Keenjhar Lake. 
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Remote sensing could prove beneficial to local governing offices in Pakistan in assessing the 

land use/land cover change surrounding Keenjhar Lake. By locating areas commonly known for 

non-point and point sources of pollution from land use/land cover maps, the governing offices 

will be able to better combat the impact they have on the water quality of Keenjhar Lake. 

 

Purpose of Study 

The purpose of this research is to utilize Landsat imagery to determine land use/land 

cover change over time and whether hybrid classification is better suited for the thematic 

classification of the land use/land cover within the watershed boundary of Keenjhar Lake. 

Previous studies found that hybrid land use/land cover classification was better suited for the 

semi-arid northern region of India when compared to supervised and unsupervised classifications 

(Kumar et al. 2013). This study will determine if this is the case with the semi-arid regions of 

Pakistan. In this study, the predominant land use/land cover types will be determined and will aid 

local agencies in locating possible locations of point and non-point pollution sources. This study 

will guide the process on how to classify land use/land cover change for other Ramsar sites in 

semi-arid regions of the Sindh province.  
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Hypotheses: 

1. My first hypothesis is that the hybrid classification will be better suited for 

classifying land use/land cover because it better accounts for heterogenous land 

use/land cover. This method classifies land use/land cover classes utilizing the 

method that best classifies it and then overlays all the results together. Studies of 

semi-arid regions of northern India that border with the Sindh province of 

Pakistan found this to be the more accurate classification type and these two 

regions have very similar heterogenous land use/land cover types. 

2. My second hypothesis is that there will be an increase over time in urban and 

agricultural lands surrounding Keenjhar Lake as there is an increase in carbon 

dioxide (CO2) emissions and gross domestic product (GDP) over time shown in 

Figure 3 and Figure 4. These two land use types are common sources of pollution 

and if they have increased over time, they may have played an influential role as 

to why there has been a decline in biodiversity. These land use cover types are 

significant in the development of the economy of a country and contribute 

significantly to the emission of CO2 especially in Pakistan (Rehman et al. 2019). 

3. My third hypothesis is that there will be a decline in wetland size due to the 

occurrence of the 1998-2002 drought, recent droughts, and the rise in population. 

The 1998-2002 drought hit the Sindh region and in particular the Thatta area 

where Keenjhar Lake is located severely (Reliefweb 2011). This 1998-2002 

drought occurred due to the La Niña causing abnormally high temperatures and 

abnormal rains (Figure 5 and Figure 6) (Reliefweb 2011). There was also a 

drought occurring in 2019 and significantly impacting the Sindh region even 



 

7 

 

causing some families to leave their land (Shaikh and Tunio 2019). Pakistan’s 

population has also significantly grown by over 81 million people from 1998 to 

2019 (Figure 7). The significant droughts and population growth may be a driver 

of wetland loss over time for Keenjhar Lake. A decline in wetland size could be 

part of the answer to why the biodiversity of this wetland has declined as shown 

by Ilyas (2019), Khan et al. (2017), and Khan et al. (2012). 

 

The results will be used to determine which classification method is more accurate for 

classifying land use/land cover within the watershed boundary of Keenjhar Lake. The accuracy 

of this study will be determined through accuracy assessments and Kappa coefficients. There 

will also be a post classification change detection analysis conducted to determine the land 

use/land cover change that is occurring within Keenjhar Lake’s watershed boundary. These 

results will allow future researchers and local agencies to monitor land use/land cover change 

over time, and to determine possible origin locations for pollutants that may be impacting 

Keenjhar Lake’s water quality and local biodiversity. These results can also allow for better 

protection of the water supply of the area, local wildlife, and the livelihood of the local villages. 

This study could prove to be highly beneficial to the future of Pakistan’s water resources in the 

face of increasing industrial/urban development and a growing population. Ultimately, 

preserving these local water resources ensures that small communities are not torn apart due to 

poor water quality, which is a global issue that many countries are facing. 
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Figure 3. Line graph displaying yearly carbon dioxide (CO2) emissions for Pakistan in metric 

tons per capita for 1960-2016. (World Bank Group 2020). 

 

 

Figure 4. Line graph displaying yearly gross domestic product (GDP) growth for Pakistan in 

(USD $) for 1960-2019 (World Bank Group 2020). 
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Figure 5. Line graph of Pakistan’s yearly average rainfall in millimeters from 1901-2016. The 

yearly average rainfall was found by taking the monthly averages and taking the average of the 

sum for that year (World Bank Group 2020). 

 

Figure 6. Line graph of Pakistan’s yearly average temperature in Celsius from 1901-2016. The 

yearly average temperature was found by taking the monthly averages and taking the average of 

the sum for that year (World Bank Group 2020). 
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Figure 7. Line graph of Pakistan’s population growth from 1960-2019 (World Bank Group 

2020). 
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OBJECTIVES 

The following objectives have been set to fulfill the purpose of this thesis: 

• Compare hybrid classification against supervised and unsupervised classification 

methods for mapping land use/land cover types within the watershed boundary of 

Keenjhar Lake using Landsat 5 imagery and determine which has the greatest accuracy 

for the dates: March 24, 1997 and March 22, 2002. 

• Observe the temporal land use/land cover change over time within the watershed 

boundary of Keenjhar Lake for the time window of March 24, 1997 to March 22, 2002.  

• Assess the major land use/land cover classes, and which class changed the most over time 

around the lake and consider the possible influence land cover change may have on 

Keenjhar Lake’s water quality and local biodiversity from a qualitative standpoint. 

• Assess whether there is an increase in urban/agricultural land over time for Keenjhar 

Lake as there is an increase in GDP ($) and CO2
 emissions for Pakistan overall. 

• Assess whether there is a decline between 1997 to 2002 in wetland size for Keenjhar 

Lake that corresponds to the occurrence of the 1998-2002 drought. 

• Use the more accurate classification method on the Landsat 4-5 image for November 01, 

2008 and conduct a post classification with it and the Landsat 4-5 image from 2002. 

• Assess if there was a decline between 2002 to 2008 in wetland size and changes in land 

use/land cover classes that correspond to after the 1998-2002 drought. 
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• Use the more accurate classification method on the Landsat 8 image for the date March 

07, 2020 and conduct a post classification with it and the Landsat 4-5 image from 2002.  

• Assess if there was a decline between 2002 to 2020 in wetland size and corresponding 

changes in land use/land cover classes after the 1998-2002 drought. 
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BACKGROUND 

Point Sources and Nonpoint Source Pollution 

To understand how water quality is influenced, one must understand what sources of 

pollution are feeding into the waterbody. There are two types of pollution sources: point and 

non-point sources. Point sources are well-defined sources of pollution coming from locations 

such as pipes dumping waste into a waterbody (Boyd 2015). “Common point sources of 

pollution are industrial operations and municipal wastewater treatment plants” (Boyd 2015). 

Unlike non-point sources, point sources are easier to control due to having clear identifiable 

locations of origin. Point sources are discharged from a “pipe, ditch, ship, or factory smokestack” 

(National Oceanic and Atmospheric Administration 2020). These examples are point sources 

because they all have clear, distinct locations of origin. 

Non-point sources of pollution consist of runoff from a broad area, and these areas 

consist of land use types such as urban areas or farmland (Boyd 2015). Non-point sources are not 

confined to one specific source and cannot be regulated like point sources. In Pakistan, “surface 

water quality is dropping rapidly due to the addition of raw municipal and industrial effluents 

and agriculture runoff into water resources” (Daud et al. 2017). The raw municipal waste for 

Keenjhar Lake would be the waste dumping from 15 local villages (Ilyas 2015). This would be a 

non-point source for the area due to the lack of a clear dumpsite because it involves multiple 

villages. Industrial effluents, also referred to as industrial wastewater, are an example of a point 

source and have a significant impact on Keenjhar Lake. In Pakistan, there is an issue of effluents 

with high concentrations of arsenic being discharged into water bodies (Daud et al. 2017). In 
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major cities of the Sindh province, an estimated “16% percent of people are exposed to more 

than 50 ppm of arsenic” (Daud et al. 2017). Dental fluorosis diseases are common in the Sindh 

province, which results from the high levels of fluoride found in the water (Daud et al. 2017). 

Dental fluorosis is when there is an enamel change caused by exposure to high levels of fluoride 

when the teeth are forming underneath the gums (Centers For Disease Control and Prevention 

2020). 

A vast majority of pollution entering Keenjhar Lake is from the Kalri Bhagar feeder 

which is the major feeder for Keenjhar Lake and enters the lake from the northeastern corner and 

it is an artificial canal (Khan et al. 2012). The Kalri Bhagar feeder was constructed from 1950-

1955, and this feeder causes industrial effluents to flow into Keenjhar Lake from the industrial 

areas at Kotri and Nooriabad (Phul et al.2010). There is also the issue of torrential rains and the 

monsoon season causing flooding, which increases contamination of Keenjhar Lake from an 

increase in agricultural runoff (Phul et al. 2010). In Keenjhar Lake, some heavy metals were 

found to exceed permissible limits that are set by the World Health Organization (WHO) (Shafiq 

et al. 2011). In Shafiq et al. (2011), they found that arsenic, cadmium, and iron exceeded WHO 

limits in 12.5% of samples from the lake. In another study of Keenjhar Lake, cadmium also was 

found to surpass the WHO permissible limits (Farooq et al. 2013). In another study, zinc, 

chromium, copper, iron, and manganese were within WHO limits, but nickel and cadmium were 

not within the limits for Keenjhar lake (Lashari et al. 2012). Researchers have recommended for 

Keenjhar Lake that “domestic waste containing trace metals should not be discharged directly or 

indirectly into [the] aquatic environment to minimize metal toxicity” (Lashari et al. 2012). 

Exposure to cadmium at high levels in industrial settings or highly populated environments can 

cause bone demineralization and renal dysfunction (Bernard 2008). Also, low-level cadmium 

https://www.cdc.gov/fluoridation/faqs/dental_fluorosis/index.htm
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exposure due to the presence of cadmium in industrialized areas is found to be negative for 

human health (Bernard 2008). Understanding the impact of point and non-point sources feeding 

into Keenjhar Lake is essential because this lake supplies 80% of the water supply to the city of 

Karachi (Phul et al. 2010). This waterbody is a critical source of water to the largest city in 

Pakistan and the impact of cadmium and other trace heavy metals from non-point and point-

sources makes it critical to understand the land use/land cover change occurring around Keenjhar 

Lake. It is also pertinent to the future of the environment and biodiversity of the Keenjhar Lake 

area to recognize the impact of non-point and point source pollution. 

 

Environmental Degradation of Keenjhar Lake 

In 1976, Pakistan joined the Ramsar Convention and the goal of this convention is to 

preserve and promote sustainable usage of wetland resources (Khan and Arshad 2014). The 

wetlands of Pakistan have a wide range of biodiversity inhabiting them, but they have faced the 

pressures of Pakistan’s growing population and industry. There is a significant amount of 

communities that still rely on wetlands for their livelihood in Pakistan, but with the mounting 

pressure on wetlands, this has made their future possibly unstable (Khan and Arshad 2014). The 

threat to the wetlands presents not only a threat to biodiversity but a threat to small communities 

that have relied on the wetlands for generations. This can cause an increase in the displacement 

of communities as they may have to leave the area to find new sources of livelihood. This results 

in the breakdown and loss of culture from the displacement and decline of these fisherman 

communities throughout Pakistan.  

Keenjhar Lake is just one of many places in the world facing the possible breakdown of 

their local way of life. Originally, the fishermen of Keenjhar Lake said their catches used to be 
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so large they were able to sell to Karachi and parts of the Punjab province (Ilyas 2015). Due to 

the decline of the fish population in Keenjhar Lake, families are now having to fish in other parts 

of Pakistan to feed and support themselves (Ilyas 2015). These fishermen practice a distinctive 

type of fishing with the usage of a floating pitcher (Figure 8 and Figure 9) that is unique to 

Keenjhar Lake. The fishermen and their families do not have extensive educations or skills 

besides fishing, and without adequate fishing catches from Keenjhar Lake, they could face 

having to migrate away (Ilyas 2015). The migration of these fishermen away from Keenjhar 

Lake causes a loss of unique traditions native to the area. In Pakistan, the issue of pollution is not 

an issue that fishermen at Keenjhar Lake face alone, this is a countrywide crisis that fishermen 

are facing at other lakes, such as Manchar Lake (Moti 2019). Thus, the issue of water pollution 

and the study of the impact of land use/land cover is important for not just Keenjhar Lake, but all 

of Pakistan.  

 

Figure 8. A fisherman setting up his net using the traditional floating pitcher unique to Keenjhar 

(Avax News 2015). 
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Figure 9. A fisherman removing his catch from a net while floating on the traditional floating 

pitcher unique to the communities of Keenjhar Lake (Avax News 2015). 

There have been issues with the lack of official response to the degradation of Keenjhar 

Lake. There have been instances of human bodies and animal carcasses found in Keenjhar Lake 

(Ilyas 2015). The human bodies found in the lake result primarily from drownings that occur 

during the monsoon season. After the monsoon season, there is an increase in lead and phenol 

levels in Keenjhar Lake (Khan et al. 2012). There is also the issue of human waste being dumped 

into the lake. “The lake also serves a waste dumping ground for at least 15 villages with a 

population of about 1,500 people” (Ilyas 2015). This demonstrates a critical need for proper 

sanitation within local communities to protect water quality and reduce pollution. Another issue 

for Keenjhar Lake is that at some points it receives 15,000 visitors a week that come for boating 

and to visit a shrine in the center of the lake that is symbolic in Sindhi poetry (Memon 2002). 
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This results in the introduction of more non-point source pollution from the tourists who visit 

this area. 

The biodiversity of wetlands in Pakistan is great and diverse but has faced the impact of 

environmental pollution as the country’s population and industry have grown. One of the 

important species to inhabit these wetlands is the South Asian river dolphin (Figure 10). The 

Indus river dolphin, locally known as bhulans, is a subspecies of South Asian river dolphin that 

lives exclusively in Pakistan (National Oceanic and Atmospheric Administration 2020). In 2011, 

a survey of the Indus River indicated there were only 1,450 Indus river dolphins remaining 

(National Oceanic and Atmospheric Administration 2020). The major threats to the Indus river 

dolphin are “entanglement, habitat degradation, noise, chemical containments, and vessel 

strikes” (National Oceanic and Atmospheric Administration 2020). The pollutants coming from 

agricultural and industrial areas are a threat to the water quality of wetlands and the ability of 

Indus river dolphins to survive. The Indus River is the main water supply for Keenjhar Lake 

making the plight of the Indus river dolphin significant when considering how land use/land 

cover is contaminating Keenjhar Lake’s water.  

The Keenjhar Lake area also is an important roosting, wintering, and breeding site for 

migratory fowl (Khan et al. 2012). Studies have recorded up to 121 bird species of water birds, 

birds of prey, passerines, and game birds for the area surrounding Keenjhar Lake (Khan et al. 

2012). This is a significant amount of biodiversity that is facing stress from the threat of habitat 

loss due to industrial waste and runoff. There are twelve key species of fowl for Keenjhar Lake: 

Cotton Teal (Nettapus coromandelianus), Night Heron (Nycticorax nycticorax), Purple Moorhen 

(Porphyrio porphyrio), Pheasant-tailed Jacana (Hydrophasianus chirurgus), Marsh Harrier 

(Circus aeruginosus), Greater Flamingo (Phoenicopterus roseus), White Pelican (Pelecanus 
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roseus), Dalmatian Pelican (Pelecanus crispus), Grey Partridge (Francolinus pondicerianus), 

Pallas’s Fishing Eagle (Haliaeetus leucorhyphus), Black-bellied Tern (Sterna acuticauda), and 

Ferruginous Duck (Aythya nyroca) (Khan et al. 2012). Several species of birds are considered 

threatened or rare for Keenjhar Lake like the Ferruginous Duck, Black-bellied Tern, Dalmatian 

Pelican, White Ibis, and Cotton Teal (Khan et al. 2012). Pollution counteracts the goal of 

preserving the populations of threatened species of fowl that inhabit Keenjhar Lake. These fowl 

represent the importance of understanding how land use/land cover change around Keenjhar 

Lake could be playing an influential factor in the loss of species.  

Fowl and the Indus River dolphin alone are not the only biological life dependent upon 

Keenjhar Lake and other wetlands in Pakistan. There are several species of reptiles, amphibians, 

fishes, mammals, and flora that are impacted by the environmental pollution of Keenjhar Lake. 

Species like the Smooth-coated Otter and Fishing Cat are key species that inhabit Keenjhar Lake 

and are currently considered to be threatened species (Khan et al. 2012). Keenjhar Lake has a 

diverse range of biodiversity that inhabits it, and the surrounding land use/land cover is 

impacting the environment they require to grow and thrive. 
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Figure 10. The endangered Indus river dolphin. (World Wildlife Foundation 2017). 

Environmental pollution poses a significant threat to the future of Keenjhar Lake and all 

of the wetlands in Pakistan. By understanding the land use/land cover changes that are occurring, 

it can aid in identifying the locations of origin of point sources and non-point sources. By 

identifying the areas where point and non-point sources are occurring, it will allow agencies in 

Pakistan to limit sources of pollution which could be key in protecting biodiversity and 

decreasing the degradation of Pakistan’s wetlands. The preservation of wetlands like Keenjhar 

Lake presents the opportunity for eco-tourism, which can support protecting local species along 

with supporting locals who live in the surrounding areas. 
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Application of Supervised and Unsupervised Classification for Land Use/Land Cover 

Land use/land cover maps are extremely useful in understanding surrounding land 

use/land cover. Land use refers to how the land is being utilized; an example is agricultural land 

usage (Jensen 2016). Land cover is the type of landscape present such as water or forest cover 

(Jensen 2016). “A land cover map is constructed by partitioning a geographic area of interest into 

a finite set of map units and assigning a land cover class label to each unit” (Hasmadi et al. 

2009). There are two major approaches to creating land use/land cover maps: supervised and 

unsupervised classifications. As previously discussed in the point and non-point sources section, 

land use/land cover affects what pollutants are released into the water. “Environmental issues 

also relate more to natural borders than administrative ones” (Perko et al. 2019). This makes it 

significant to understand the impact that the natural borders have on water quality because of the 

runoff or releasing of effluents occurring within those boundaries. Determining which 

classification method is most accurate in classifying land use/land cover change over time is 

necessary to understand changes in water quality. This requires the analysis of classifications and 

how they have been utilized in other studies to accomplish the same goal.  

Supervised classification requires the usage of training sites, making it different from 

unsupervised classification. These training sites are areas that are representative of the 

information classes the user seeks to classify (Al-Tamimi and Al-Bakri 2005). Training sites are 

locations that are identified as that land use/land cover type and utilized to train the algorithm as 

it goes through the iterations to identify that land use/land cover type. One study comparing the 

supervised and unsupervised classifications for the northern highlands of Jordan found the 

unsupervised classification method more accurate than the supervised classification (Al-Tamimi 

and Al-Bakri 2005). They concluded that they needed more training sites to better encompass the 
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classes and to conduct more ground surveying of the area (Al-Tamimi and Al-Bakri 2005). This 

demonstrates the necessity of ensuring training sites are representative of the classes and 

homogenous because they are training the algorithm in a supervised classification method. 

However, another study conducted in Malaysia showed that the accuracy was higher for 

supervised classification versus unsupervised classification (Hasmadi et al. 2009). It ultimately 

depends on the location of the study site along with the accuracy of the user when selecting 

training sites for the supervised classification.  

Unsupervised classification requires no prior knowledge of the area because it does not 

utilize training sites. The lack of training sites is more time and cost effective since it does not 

require the need for field work to assess the site (Mohammady et al. 2015). Unsupervised 

classification seeks to identify homogenous clusters and organize the data into classes (Duda and 

MCanty 2002). The two primary clustering algorithms used for unsupervised classification of 

land use/land cover are the K-means and the Iterative Self-Organizing Data Analysis Techniques 

(ISODATA). “ISODATA computes class means consistently circulated in the data space before 

iteratively clusters the continuing pixels utilizing least distance approaches. Every iteration 

recalculates means as well as reclassifies pixels through respect to the new means…” (Abbas et 

al. 2016). One has to specify the number of iterations that the algorithm will run through in the 

data space in ERDAS Imagine. The K-means and ISODATA algorithms are iterative, but the K-

means lacks the merging and splitting of clusters element that the ISODATA algorithm includes 

(Abbas et al. 2016). The number of clusters remains the same throughout each iteration in the 

data space when using the K-means algorithm (Abbas et al. 2016). 

The commonality both classifications share is the usage of error matrices and Kappa 

coefficients for assessing the accuracy of the classification (Hasmadi et al. 2009). The goal of 
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accuracy assessments is to assess how well pixels were placed into the correct land use/land 

cover classes (Rwanga and Ndambuki 2017). “An error matrix is a square array of numbers set 

out in rows and columns which express the number of sample units (i.e., pixels, clusters of 

pixels, or polygons) assigned to a particular category relative to the actual category as verified on 

the ground” (Congalton 1991). The error matrix allows the user to calculate the overall accuracy, 

omission errors, and commission errors of the classification result (Congalton 1991). The 

omission error is frequently referred to as the producer’s accuracy and the commission error is 

referred to as the user’s accuracy (Congalton 1991). Errors of commission occur when a pixel is 

assigned to the wrong class, while an omission error is when a pixel is excluded from its proper 

class (Congalton and Green 2019). The omission and commission errors provide a more detailed 

account of the inaccuracy of the classification for each individual class (Berlanga-Robles and 

Ruiz-Luna 2002).  

Cohen developed a Kappa coefficient of agreement for nominal scales that determines the 

agreement between nominal (also known as categorical) variables (Cohen 1960). The Kappa 

analysis is a multivariate technique that was introduced into remote sensing in 1981 (Congalton 

1981). Congalton (1983) was also the first to publish an article in a remote sensing journal 

utilizing the Kappa analysis (Congalton and Green 1983). The application of the Kappa analysis 

was promoted especially by individuals such as Congalton, Monserud, and Leemans (Pontius Jr. 

and Millones 2011). The Kappa coefficient (Khat) is a measure of agreement that measures the 

agreement between the classification and reference data (Congalton et al. 1983). “Cohen 

suggested the Kappa result be interpreted as follows: values ≤ 0 as indicating no agreement and 

0.01–0.20 as none to slight, 0.21–0.40 as fair, 0.41– 0.60 as moderate, 0.61–0.80 as substantial, 

and 0.81–1.00 as almost perfect agreement” (McHugh 2015). The value of 0 is when there is no 
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agreement between the classification map and the reference data, while the value of 1.00 means 

that there is perfect agreement between them (McHugh 2015). The output of the Kappa result 

can be presented as a percentage and it represents the percentage of agreement between the 

classification and reference data. The percentage of disagreement between the classification and 

reference data is calculated by 1.00 – Khat. There is disagreement regarding the benefits and 

accuracy of the Kappa analysis amongst those in the remote sensing field. Some scholars 

recommend the standard Kappa analysis and any variants no longer be utilized because they 

believe them to be complicated and difficult to interpret (Pontius Jr. and Millones 2011). While 

others, like Congalton who popularized the usage of the Kappa coefficient, believe it to be a 

standard component of accuracy assessments (Congalton and Green 2019). Not every movement 

or technique is adopted by specialists in that subject, and only time will tell if more individuals 

adopt this approach to assessing the accuracy of land use/land cover classifications (Jensen 

2016). 

These measures are critical in determining the level of accuracy of the land use/land 

cover classification output. As previously discussed, each area is different from the other, 

meaning that each area will vary in whether supervised or unsupervised classification is more 

accurate than the other algorithm. The level of accuracy displayed will also vary with each study 

area and on the input data from the user such as training sites for the supervised classification or 

the parameters of the unsupervised classification. The outcome of the accuracy assessment also 

depends on the proper identification of random pixels used in the assessment as reference data. 

Misidentification of the random pixels can impact the result of one’s accuracy assessment. To 

protect the accuracy of the classification, it requires the researcher’s attention to limit error in 

order to lower the introduction of user or equipment error. 
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Application of Hybrid Classification for Land Use/Land Cover in Semi-Arid Regions 

 

 Another form of land use/land cover classification is the hybrid classification, which is 

developed to classify land use/land cover when the accuracy is lower when utilizing supervised 

and unsupervised classification. Hybrid classification allows the researcher to address the 

complex variability of a study area’s land cover. “Hybrid classifiers are particularly valuable in 

the analyses where there is complex variability in the spectral response patterns for individual 

cover types present” (Kumar et al. 2013). Hybrid classification is well suited for arid regions 

because they have complex heterogeneous land cover types. “The varied spatial frequency of the 

landscape is a particular problem for mapping arid and semi-arid land cover. Major problems 

include the variety of spatial patterns, highly fragmented features and variable vegetation cover 

in arid landscapes” (Barkhordari and Vardanian 2012). These problems require a combination of 

methods versus just using one method to classify the land cover. This makes hybrid classification 

the better suited classification for arid regions because it can be created to address specific 

complex variabilities of a location. 

 A study of a nearby semi-arid region of northern India found that the hybrid 

classification type was more appropriate than supervised classification of land use/land cover. 

The study found that supervised classification, or maximum likelihood, did not produce accurate 

results due to spectral confusion (Kumar et al. 2013). The inaccurate results were due to 

confusion primarily in “categories like built up and bare rocks, open scrub and harvested land, 

water bodies and shadow of hills etc.” (Kumar et al. 2013). They approached this issue by 

conducting instead a hybrid classification to produce a more accurate result. This region of India 

is similar to the Sindh region of Pakistan because they are both located in semi-arid climates and 

share the Thar Desert.  
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 Another study conducted in the northern Negev desert fringe of Israel concluded that 

hybrid classification was better than supervised classification (Rozenstein and Karnieli 2011). It 

was found that hybrid and unsupervised classifications were better suited for classifying 

heterogeneous complex study areas (Rozenstein and Karnieli 2011). This study in the Negev 

found that unsupervised and hybrid classifications were similar in the accuracy they produced. 

The study in northern India had found that hybrid classification was also better because “the 

process of classification should produce better classifications with higher accuracies in problem 

areas i.e., spatially heterogeneous and with a similar spectral response” (Kumar, Singh, and Rani 

2013). Hybrid classification allows for the combination of aspects from both supervised and 

unsupervised classification to more accurately classify these heterogeneous areas. 

 A study conducted about the Morva-Hadaf watershed in Gujarat, India concluded that for 

two different years there was an increase in accuracy when utilizing a hybrid classification in 

comparison to a supervised tassel cap classification (Thakkar et Al. 2016). The hybrid 

classification “improved the classification accuracy by 8.13 and 7.81% for the years 1997 and 

2011” (Thakkar et Al. 2016). It was determined in this study that the hybrid classification that 

was implemented can effectively separate spectrally similar land use/land cover classes (Thakkar 

et Al. 2016). The application of a hybrid classification for Keenjhar Lake is a viable option to 

classify the heterogeneous mixed land cover since there could be some confusion due to similar 

spectral responses between land use/land cover types. It has been successful in semi-arid regions 

of India and other locations making it a viable option in classifying land use/land cover for 

Keenjhar Lake. Therefore, hybrid classification is predicted to perform better than supervised 

classification for the Keenjhar Lake region of Pakistan. 
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METHODOLOGY 

Study Area 

Keenjhar Lake, also referred to as Kalri Lake, is the second largest freshwater lake in 

Pakistan (Figure 11). It is located at 24° 57' 09.0"N and 68° 02' 08.9"E and is around 113km 

from the city of Karachi and 19km from the city of Thatta. The lake is a man-made lake that was 

formed from the combining of two lakes in the 1930s after the construction of the Chiliya Bangla 

Dam and the creation of 12km of bunds on the east side of the lake (Khan et al. 2012). The lake 

comprises an area of over 13,500 hectares and is 24km long and 6km wide (Rao, Azmi, and 

Rahman 2019). Keenjhar Lake is fed by the Indus River through the Kalri Bhagar Feeder (Khan 

et al 2012). Small streams from the west and north also feed into the lake (Khan et al. 2017). The 

lake’s outlet is the Jam branch canal in the southeast portion of the lake (Khan et al. 2017). The 

Kotri and Nooriabad urban and industrial areas frequently dump sewage, sand, and industrial 

discharge that then feeds into the lake through the Kalri Bhagar Feeder (Khan et al. 2012). Other 

forms of pollution originate from nearby logging and agricultural runoff. The logging of the area 

consists of the locals’ usage of a patch of mangrove trees for animal fodder, along with the 

pressure of logging of the Hilaya Forest on the eastern bank of Keenjhar Lake (Khan et al. 2012). 

The runoff from agricultural fields contains chemical fertilizers causing water pollution and 

habitat destruction because of nutrient-induced eutrophication (Khan et al. 2012). 

The lake has a sandstone and limestone bedrock and is surrounded by seepage lagoons 

and marshes that are connected to semi-desert areas (Farooq et al. 2013, Islam et al. 2019). The 

climate of the Sindh province is semi-arid, and Keenjhar Lake has dry monsoonal temperatures 
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consisting of hot summers and moderately low winters (Khan et al. 2017). The summer monsoon 

season is from June to September; “easterly systems/depressions form in the Arabian Sea and the 

Bay of Bengal, that produces rainfall over Pakistan” (Muslehuddin et al. 2005). The air 

temperature during pre-monsoon ranges from 31C to 36C, and post-monsoon season ranges 

from 18C to 24C (Khan et al. 2017). The rainfall during the monsoon season on average is 

175mm (Khan et al. 2017). The water temperature for the pre-monsoon season ranges from 28C 

to 33C, and the post-monsoon season ranges from 16C to 20C (Khan et al. 2017).  
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Figure 11. Map of Study Area: Keenjhar Lake, also known as Kalri Lake, and its close 

proximity to the City of Thatta. 
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Process Methodology 

The following steps were set to fulfill the purpose of this thesis: 

• Selected two different Landsat 5 images to determine the change of land use/land cover 

for the land surrounding Keenjhar Lake before and after the 1998-2002 drought. 

• Rectified imagery for any geometric and radiometric distortion before performing 

classifications. 

• Created land use/land cover maps through supervised classification of satellite imagery to 

demonstrate the land use/land cover change over time. 

• Created land use/land cover maps through unsupervised classification of satellite imagery 

to demonstrate the land use/land cover change over time. 

• Created land use/land cover maps through hybrid classification of satellite imagery to 

demonstrate the land use/land cover change over time. 

• Conducted accuracy assessments and Kappa coefficients for the different classifications 

to determine the accuracy of the calculation and which classification was better for 

classifying the land use/land cover surrounding Keenjhar Lake. 

• Concluded after assessing the accuracy results for the two different dates whether 

supervised, unsupervised, or hybrid demonstrated the greatest accuracy. 

• Conducted post classification change detection analysis on the most accurate 

classification method to determine the change over time occurring between 1997 to 2002. 

• Determined the predominant land use/land cover type that is surrounding Keenjhar Lake 

and related this to the decline in water quality and biodiversity occurring. 
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• Use the more accurate classification on Landsat 4-5 image from November 01, 2008 and 

conduct a post classification to determine if the wetland continued to decline after the end 

of the 1998-2002 drought or recovered using the 2002 and 2008 Landsat images. 

• Use the more accurate classification on Landsat 8 image from March 07, 2020 and 

conduct a post classification to determine if the wetland continued to decline after the end 

of the 1998-2002 drought or recovered using the 2002 and 2020 Landsat images. 

 

Processing and Analysis of Remote Sensing Data 

The remotely sensed data utilized in this study was the Landsat 4-5 TM C1 Level-1 for 

the dates of March 24, 1997, March 22, 2002, and November 01, 2008 and Landsat 8 OLI/TIRS 

C1 Level-1 of Keenjhar Lake for the date of March 07, 2020. These images were downloaded 

from USGS Earth Explorer. This allowed for comparing the accuracy of supervised, 

unsupervised, and hybrid classifications before and after the 1998-2002 drought. By testing 

which classification is better for two different years of data, it assisted in determining if one 

method is consistently more accurate than the other. These dates were chosen using a code 

written in Google Earth Engine that filtered to a less than 5% cloud cover and allowed for easy 

selection of dates for this study. These dates were also chosen because they come from a similar 

time of year allowing for better cross comparison between the two images. The only image that 

was not from the same time of year was the 2008 Landsat 4-5 image. This image was chosen due 

to there being limited imagery from this period that was not impacted by cloud cover or 

radiometric errors such as line dropouts. After conducting this analysis, the more accurate 

method of thematic classification was applied to the 2008 Landsat 4-5 image and the 2020 

Landsat 8 image, and a post classification conducted for each image and the 2002 Landsat 5 
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image. These are both adequate time frame windows to see if there was a continued decline in 

the wetland after the 1998-2002 drought or if there was a recovery. The 2002 to 2008-time frame 

window allows for seeing more immediate recovery/or decline, and 2002 to 2020 presents the 

long-term health of Keenjhar Lake, Pakistan. There were several other drought periods after the 

1998-2002 drought such as the 2019 drought, which is why the year 2020 was chosen to 

compare with 2002. The year 2020 will provide the more recent status of the wetland and its 

current state. The Landsat 7 ETM+ C1 Level-1 imagery was not chosen because when loading 

the newer imagery on USGS Earth Explorer, there was a stripping error across the majority of 

recent imagery of Keenjhar Lake. Initially, a 5-year time window from 1997 to 2002 was 

analyzed in this study to determine the change that occurred before the drought to the end of the 

drought. The 6-year post drought time period was chosen to determine the more immediate 

change from 2002 to 2008. After which, the 18-year time window from 2002 to 2020 was 

analyzed to see the long-term change that occurred after the 1998-2002 drought.  

The Landsat 4-5 image recorded on November 01, 2008 is from a different season than 

the March imagery which is a known limitation. In this study, this difference of season will be 

disregarded due to the lack of imagery with fewer radiometric errors from years shortly after 

2002. It must be understood that this imagery introduces a layer of complexity through 

seasonality differences that will not be assessed and accounted for in this study. Future studies 

should take into consideration the possible changes in land use/land cover types throughout 

different seasons. This study, though, will accept that this is a limitation, but still utilize this 

image for the study. The monsoon season occurs during the summertime in the months between 

July to September, which could be the reason why, Figure 19, which is the clipped image from 

2008 appears greener because of vegetation growth. “In Pakistan sowing of wheat takes place in 



 

33 

 

October to December and harvesting during the month of March to May. In Sindh the crop 

sowing period is November-December and harvesting period is March-April” (Kazi et al. 2016-

17). These periods of time must be kept in mind when assessing the imagery because the 

seasonality of growing and monsoon seasons may play a significant role in the land use/land 

cover classification results. In this study, these aspects will not be taken into account, but 

researchers should keep this in mind when assessing the results of this study. 

The Landsat 4-5 TM C1 Level-1 data availability is from Landsat 4 TM: July 1982 to 

December 1993 and Landsat 5 TM: March 1984 to May 2012. The spatial resolution for these 

data products is 30 meters. The Landsat 8 OLI/TIRS C1 Level-1 imagery has a spatial resolution 

of 30 meters for its OLI multispectral bands and a spatial resolution of 15 meters for its OLI 

panchromatic bands (United States Geological Survey 2020). The map projection for this 

satellite is the Universal Transverse Mercator (UTM) projection (United States Geological 

Survey 2020). It has 16-bit pixel values, 12-meter circular error, and 90% confidence global 

accuracy for OLI bands (United States Geological Survey 2020). The file format of the data 

products for both Landsat 5 TM C1 Level-1 and 8 OLI/TIRS C1 Level-1 is in the GeoTIFF 

format. 
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Figure 12. Landsat 4-5 TM C1 Level-1 of Keenjhar Lake for the date of March 24, 1997. 
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Figure 13. Landsat 4-5 TM C1 Level-1 of Keenjhar Lake for the date of March 22, 2002. 
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Figure 14. Landsat 4-5 TM C1 Level-1 of Keenjhar Lake for the date of November 01, 2008. 
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Figure 15. Landsat 8 OLI/TIRS C1 Level-1 of Keenjhar Lake for the date of March 07, 2020. 
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Due to the limitations on travel during the coronavirus pandemic, I used high resolution 

imagery to perform the ground truthing of land cover types for the classifications. Ground 

truthing provided me verified locations of land use/land cover types. To extract the watershed 

boundary, I wrote a code in Google Earth Engine and utilized the NASA Shuttle Radar 

Topography Mission (SRTM) Digital Elevation 30-meter resolution to extract the watershed 

boundary of Keenjhar Lake. In person ground truthing may have produced a different result, but 

that will require future studies to verify. I utilized the World Wildlife Fund (WWF) 

HydroSHEDS Basins Level 6 dataset to visualize the basin that Keenjhar Lake is located in. The 

WWF basin datasets are scale dependent and the modifiable adjustable areal unit problem was 

considered when assessing the watershed boundary. This watershed boundary was roughly 

estimated from the elevation data within the basin boundary, and this could be different when 

performed by other researchers on various scales. The watershed boundary that was determined 

in this study is located below in Figure 16. The map in Figure 16 provides a hill shaded elevation 

map within the watershed boundary of Keenjhar Lake with the blue representing the water of the 

lake. The water dataset utilized in Figure 16 is the Joint Research Centre (JRC) Surface Water 

Mapping Layers, v1.2. The watershed boundary was used to subset the Landsat images, so that 

only land use/land cover within the boundary would be classified. The land within this boundary 

is significant because the land that drains into the lake is what contributes to the point and non-

point sources feeding into the lake. Below are Figures 17, 18, 19, and 20 are the Landsat imagery 

after being clipped to the watershed boundary. 
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Figure 16. Hill shaded elevation map of Keenjhar Lake, Pakistan created on Google Earth 

Engine, showing the elevation and surface water within the watershed boundary. 
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Figure 17. Landsat 4-5 March 24, 1997 image clipped to the watershed boundary that was 

estimated using the Google Earth Engine code. 
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Figure 18. Landsat 4-5 March 22, 2002 image clipped to the watershed boundary that was 

estimated using the Google Earth Engine code. 
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Figure 19. Landsat 4-5 November 01, 2008 image clipped to the watershed boundary that was 

estimated using the Google Earth Engine code. 
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Figure 20. Landsat 8 March 07, 2020 image clipped to the watershed boundary that was 

estimated using the Google Earth Engine code. 
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The software that was used to process the imagery was ERDAS Imagine. The imagery 

was geometrically corrected through image to image rectification by utilizing 6 tie points 

between the Sentinel 2B image and for each of the Landsat images being analyzed. These tie 

points were easily identifiable locations and chosen from 20 tie points for having the lowest root-

mean-square (RMS) error. Sentinel 2B was chosen because the imagery has a 15-meter spatial 

resolution, which is a better resolution than the 30-meter spatial resolution of the Landsat 5 and 8 

imagery. The Sentinel 2B images were from December 04, 2020 and had a less than 5% cloud 

cover. Before performing the geometric rectification, the two Sentinel 2B images had to be 

mosaicked together because Keenjhar Lake was split between two images. The Sentinel 2B 

images that were downloaded from USGS Earth Explorer include the tile numbers of T42RUN 

and T42RVN. The better spatial resolution of the Sentinel 2B images allowed for geometric 

correction of the Landsat images that were studied in this thesis. There are two types of 

geometric distortion observer/acquisition system or observed that occur and require the 

implementation of geometric correction (Dave et al. 2015). Ground control points (GCPs) and tie 

points are used to rectify the raw images and transform them from an arbitrary coordinate system 

to a map projection. Imagery rectification was necessary to properly measure the area size of 

land use/land cover classes. The number of tie points or ground control points that were used was 

6 GCPs to perform the geometric correction of the imagery. 

Having 20 tie points, or GCPs, allowed for the selection of 6 points with the lowest RMS 

error and helped with keeping the RMS error within an acceptable range when calculating the 

coefficients for geometric rectification. The RMS errors were kept as close to zero as possible for 

the GCPs shown in Tables 1, 2, 3, and 4. Table 1 shows the RMS errors for the 1997 GCPs has 

the only one that was above 1.00. There were some issues with selecting GCPs with low RMS 
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errors not many good locations to use. The method for geometric correction that was used is the 

1st order polynomial method, which uses GCPs and does not require knowledge of the sensor or 

how the image was captured. The minimum recommended amount of GCPs for this method is 6, 

which is why I selected the best 6 of the 20 GCPs to be plotted. By having more than 6 points, it 

allowed for choosing the best possible points to be utilized in this study. The 1st order 

polynomial method was used since straight lines can become distorted in a higher order method, 

which could have had an impact on the shape of the lake. After conducting the geometric 

rectification of the images, a nearest neighbor resampling method was used to calculate the 

output image’s pixel values. 

 

Table 1. GCPs and their RMS error for geometric correction of the Landsat 4-5 March 24, 1997 

image. 

Point ID X Input Y Input X 

Reference 

Y 

Reference 

X 

Residual 

Y 

Residual 

RMS 

Error 

GCP #1 407800.3 2765502 407787.3 2765499 1.045 -1.2 1.591 

GCP #2 373923.1 2741939 373908.6 2741958 0.422 0.364 0.557 

GCP #3 399691 2764018 399668.6 2764024 -1.311 1.473 1.972 

GCP #4 311223 2791443 311053 2791535 -0.081 -0.619 0.624 

GCP #5 309917.4 2739075 309832.3 2739149 0.099 0.545 0.554 

GCP #6 376059.3 2692226 376128.6 2692222 -0.173 -0.563 0.589 
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Table 2. GCPs and their RMS error for geometric correction of the Landsat 4-5 March 22, 2002 

image. 

Point ID X Input Y Input X 

Reference 

Y 

Reference 

X 

Residual 

Y 

Residual 

RMS 

Error 

GCP #1 398335.6 2747530 398326.4 2747537 0.777 -0.162 0.793 

GCP #2 415173.7 2771812 415155.9 2771795 0.39 -0.223 0.449 

GCP #3 410140.5 2765255 410093.1 2765274 -0.817 -0.054 0.818 

GCP #4 385405 2746569 384624.2 2747294 -0.18 -0.259 0.315 

GCP #5 401585.4 2767375 400908.5 2767978 0.535 0.034 0.536 

GCP #6 399736.4 2755723 399453.7 2755974 -0.705 0.663 0.968 

 

 

Table 3. GCPs and their RMS error for geometric correction of the Landsat 4-5 November 01, 

2008 image. 

Point ID X Input Y Input X 

Reference 

Y 

Reference 

X 

Residual 

Y 

Residual 

RMS 

Error 

GCP #1 402030.3 2754961.9 402032.9 2754964.9 0.029 -0.021 0.036 

GCP #2 400769.3 2763818.7 400774.9 2763798.2 0.154 -0.020 0.156 

GCP #3 407005.1 2764267.1 406952.6 2764659.8 -0.384 0.089 0.394 

GCP #4 410915.9 2766532.5 410825.7 2767197.6 0.112 -0.057 0.125 

GCP #5 405149.5 2755185.3 405123.6 2755394.9 0.245 0.010 0.245 

GCP #6 399831.6 2749529.9 399859.6 2749351.7 -0.157 -0.001 0.157 
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Table 4. GCPs and their RMS error for geometric correction of the Landsat 8 March 07, 2020 

image. 

Point ID X Input Y Input X 

Reference 

Y 

Reference 

X 

Residual 

Y 

Residual 

RMS 

Error 

GCP #1 401080.6 2752619 401070.1 2752618 0.051 -0.034 0.061 

GCP #2 398345 2747528 398333.8 2747528 0.177 -0.525 0.554 

GCP #3 414978.1 2771603 415011.2 2771655 -0.011 -0.402 0.402 

GCP #4 402991.5 2764433 402935 2764368 0.259 0.206 0.331 

GCP #5 399566.8 2756904 399515.1 2756848 -0.397 0.09 0.407 

GCP #6 406930.5 2755825 406965.4 2755885 -0.079 0.665 0.67 

 

For this study, radiometric normalization was not required since the change detection 

analysis was conducted post classification. As previously mentioned, the images were chosen 

because they have fewer radiometric errors present. There are two forms of radiometric error: 

environmental error and sensor error. A form of environmental error is atmospheric attenuation, 

which is corrected by a form of atmospheric correction that minimizes the atmospheric effects 

within an image. Some sensor errors that can occur that require correction are random bad pixels, 

line/column dropouts, line start or stop problems, partial line/column dropouts, and line or 

column stripping (Jensen 2016). The images used in this study did not require atmospheric 

correction since they were individually analyzed with their own training data set during the 

thematic classification of land use/land cover. By performing the classification this way, it 

eliminated the need for atmospheric correction leaving the only requirement is that the images 

were geometrically corrected with the same map projection.  
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Creating Land Use/Land Cover Maps Using Supervised Classification 

Land use/land cover maps were created for the Landsat 4-5 imagery for the dates March 

24, 1997 and March 22, 2002 using supervised classification of Landsat imagery in the ERDAS 

Imagine software. These maps were used to better understand how accurate supervised 

classification is for classifying land use/land cover surrounding Keenjhar Lake. In a supervised 

classification, the user defines specific training sites that correspond to the land classes that are 

being mapped. The identification of appropriate training sites was performed by studying the 

imagery and comparing it with Google Earth imagery. The number of training sites used for each 

class was determined when conducting the classification. The classes that were mapped in the 

land use/land cover classification was a modified version of the United State Geological Survey 

(USGS) land use classification system. The classes were level 1 land use/land cover classes from 

the USGS land use classification system since not all classes are present in this semi-arid area of 

Pakistan. Many land cover types were also hard to identify even with the usage of Sentinel 2 

imagery for reference. In (Kumar et al. 2013) study, in northern India, they used the following 

land use/land cover classes: crop, fallow, sand, settlement, gully, waterbody, dense forest, open 

forest, degraded forest, land without scrub, scrubland, stony waste, and river sand. While 

(Thakkar et al. 2016) used for their study site in India the land use/land cover classes: waterbody, 

agricultural land, settlement/built-up land, other vegetation, forest/dense vegetation, scrub 

forest/land with scrub, and river sand (Thakkar et al. 2016). For this study, the classes varied 

from these studies because Keenjhar Lake is a wetland located in a semi-arid region. The classes 

that were mapped in the land use/land cover maps included: waterbody, urban, agricultural land, 

vegetation, wetland, bare soil, and barren land. The inclusion of wetland areas was important 

because this study area is a protected wetland. The classifying of bare soil and barren land was 
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chosen because bare soil would separately account for fields in a fallow period. This is necessary 

because fields in fallow are a land use versus barren land which is land cover. Fields in fallow 

are significant when considering drought periods because they indicate a decline in agriculture 

because of drought. The separation of these two classes can be plagued by spectral confusion 

because of the similar spectral reflectance of these land use/land cover types, but this possible 

issue has been accepted. The necessity and significance between the differences of these land 

use/land cover types are of greater importance than the possible risk of misclassification their 

separation may bring. 
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Table 5. Descriptions of the land use/land cover classes to be classified in this study are based 

upon the USGS land use classification system (Anderson et al. 1976). 

 
Classes: Class Description: 

Waterbody The waterbody class encompassed all open water 

of Keenjhar Lake including the Noori Jam 

Tamachi shrine in the center of the lake. It also 

included the feeder and exit channels for the lake 

Urban Urban included modern residential 

neighborhoods, villages, industrial/commercial 

areas, and roads. Roads include all impervious 

surfaces. 

Agricultural Land Agricultural land included all land used for the 

production of food or used as pastures. Excluding 

all fields in fallow because they would be 

classified as bare soil. 

Vegetation Includes all forested land and rangeland. 

Commonly found trees are mangrove trees of the 

species Avicina marina that are found nearby the 

lake (Khan et al. 2012). Rangeland is land cover 

that is predominantly grasses and short 

herbaceous shrubs 

Wetland Non-forested wetlands included shallow marsh 

areas surrounding Keenjhar Lake such as any 

shallow areas dominated by plant life such as 

aquatic grasses and flora. Common aquatic flora 

is Typha angustata and Tamarix spp. (Khan et al. 

2012). Whereas present invasive species of flora 

are Eichhornia crassipes, Salvinia molesta, and 

Pista stratiotes (Khan et al. 2012, Khan et al. 

2017). 

Barren land Bare exposed rock included all “bedrock 

exposure, desert pavement, scarps, talus, slides, 

volcanic material, rock glaciers, and other 

accumulations of rock without vegetative cover, 

with the exception of such rock exposures 

occurring in tundra regions” (Anderson et al. 

1976). Barren areas lack the ability to fully 

support life (Anderson et al. 1976). This also 

included gravel areas because some areas can be a 

natural rocky gravel formation. These areas are 

typically lighter in color. Also includes sand areas 

included the shoreline/coastline surrounding 

Keenjhar Lake. It also included sandy areas away 

from the lake’s coastline. 

Bare Soil Areas that are bare exposed soil, sediment, and 

fields in fallow. Most of these areas appear darker 

than barren land within the imagery. 
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An accuracy assessment was performed to determine the overall classification accuracy 

and Kappa coefficient of agreement. The accuracy assessment and Kappa coefficient of 

agreement were conducted through ERDAS Imagine. The accuracy assessment was conducted 

by using 30 random pixels that then were assessed to determine what the land actually was and 

the corresponding code for that class. These random pixels were randomly selected for the land 

use/land cover types through the accuracy assessment tool in ERDAS Imagine. I tried to make 

sure each class had at least one pixel included in the accuracy assessment, but there was not an 

equal amount of reference pixels selected for each class. The number of pixels for each class was 

selected randomly and the pixels were, in general, were randomly selected by the accuracy 

assessment tool in ERDAS Imagine. The confusion/error matrix was constructed to describe the 

accuracy of the classification and the units used for the matrix were pixels. This allowed for 

calculating the producer and user accuracy for each land use/land cover class. The Kappa 

coefficient of agreement “is a measure of agreement or accuracy between the remote sensing-

derived classification map and the reference data by a) the major diagonal, and b) the chance 

agreement, which is indicated by the row and column totals” (Jensen 2016). Despite the possible 

limitations that some see in the Kappa Analysis, it was still used to understand the agreement 

between the classification and random reference points. These statistics allowed for determining 

the overall accuracy of the classification conducted. By conducting this assessment, it 

demonstrated how accurate supervised classification was in determining the land use/land cover 

surrounding Keenjhar Lake. 

The final product of this process was two supervised classification land use/land cover 

maps for the Landsat 5 imagery for the dates March 24, 1997 and March 22, 2002 to present the 

land use/land cover types surrounding Keenjhar Lake. The maps and accuracy statistics were 
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compared to the unsupervised classification results. By comparing the accuracy assessment 

results for the supervised and unsupervised classifications, it allowed us to determine which 

classification was more accurate for classifying land use/land cover surrounding Keenjhar Lake. 

By conducting this process on two images of Keenjhar Lake, it allowed for a better comparison 

of the two classification methods and gave more support to the decision on which classification 

method was more accurate for classifying land use/land cover surrounding Keenjhar Lake. 

 

Creating Land Use/Land Cover Maps Using Unsupervised Classification 

Unsupervised classification land use/land cover maps were created in ERDAS Imagine 

for the Landsat 5 imagery for the dates March 24, 1997 and March 22, 2002 that were used for 

the supervised classification maps. Unsupervised classification does not require the usage of 

training sites for its algorithm, unlike the supervised classification. The unsupervised 

classification was conducted on the Landsat 5 imagery for the dates March 24, 1997 and March 

22, 2002 using the Iterative Self-Organizing Data Analysis Technique (ISODATA) method. This 

technique requires very little input by the user compared to the supervised classification method. 

The number of classes that were specified for the method is 55 classes. The minimum size (%) 

for the cluster was set to 1% due to it being the commonly set value (Jensen 2016). The number 

of iterations was set to 35 iterations for the classification. The number of iterations specified by 

the user is the number of times the ISODATA algorithm classifies and recalculates cluster mean 

vectors. The skip factors were set to 1, 1 for the X and Y factors so that all pixels are processed 

during the unsupervised classification. The convergence threshold was set at 95%, which means 

that once 95% of the pixels remain in the same classes between iterations then the process will 

end within ERDAS Imagine. The maximum standard deviation used was 4.5, which means any 
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cluster exceeding a standard deviation of 4.5 will be broken into two clusters. The value of 4.5 

was chosen because values between 4.5 and 7 are common choices for the maximum standard 

deviation for the ISODATA method (Jensen 2016). For the minimum distance, the default of 3.0 

was used for the ISODATA method. Then, the unsupervised classification was loaded, and the 

55 classes were recoded to the desired 7 classes: waterbody, urban, agricultural land, vegetation, 

bare soil, wetland, and barren land. This was done by editing the attribute table by changing the 

names and colors of the 55 classes to the name of the desired twelve classes and the appropriate 

color chosen for that class. Then the recode tool in the thematic toolset in ERDAS Imagine was 

used to recode the classes.  

An accuracy assessment was also performed to determine the overall classification 

accuracy and Kappa coefficient of agreement. The accuracy assessment and Kappa coefficient of 

agreement were conducted through ERDAS Imagine. The accuracy assessment was conducted 

by using 30 random points that were then assessed to determine what class the land actually is 

and the corresponding code for that class. The confusion/error matrix was constructed to describe 

the accuracy of the classification and the units used for the matrix were pixels. This allowed for 

calculating producer and user accuracy for each land use/land cover class. The Kappa coefficient 

of agreement “is a measure of agreement or accuracy between the remote sensing—derived 

classification map and the reference data by a) the major diagonal, and b) the chance agreement, 

which is indicated by the row and column totals” (Jensen 2016). Despite the possible limitations 

that some see in the Kappa Analysis, it was still utilized to understand the agreement between the 

classification and random reference points because it is still standard in this field and provides 

insight into the classification accuracy. These statistics allowed for the determination of the 

overall accuracy of the classification conducted. By conducting this assessment, it demonstrated 
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how accurate unsupervised classification is in determining the land use/land cover surrounding 

Keenjhar Lake. 

The final product of this process was two unsupervised classification land use/land cover 

maps for the Landsat 5 imagery for the dates March 24, 1997 and March 22, 2002 to present the 

land use/land cover for the land surrounding Keenjhar Lake. The maps and accuracy statistics 

were compared to the supervised classification results. By comparing the accuracy assessment 

results for the supervised and unsupervised classifications it allowed for one to determine which 

classification was more accurate for classifying land surrounding Keenjhar Lake. By conducting 

this process on two images of Keenjhar Lake, it allowed for a better cross comparison of the two 

classification methods and gave more support to the decision on which classification method was 

more accurate for classifying land use/land cover surrounding Keenjhar Lake. 

 

Creating Land Use/Land Cover Maps Using Hybrid Classification 

 Upon completing the supervised and unsupervised classification, a form of hybrid 

classification was performed on the Landsat 5 imagery for the dates: March 24, 1997 and March 

22, 2002. This hybrid classification was conducted to analyze if Keenjhar Lake requires a hybrid 

classifier approach, like semi-arid regions of northern India have required, due to heterogeneous 

land cover. After completing the supervised and unsupervised classification their accuracy 

assessments were assessed to see where spectral confusion between land use/land cover types 

was occurring. In one study of northern India, it was found that settlements were misclassified as 

agricultural lands because of gravel and dirt roads in the settlements (Kumar et al. 2013). To 

avoid confusion between land use/land cover classes a combination of supervised and 

unsupervised classifications was used and then overlaid with each other like a study conducted in 
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northern India (Kumar et al. 2013). The classes identified to have a higher misclassification were 

classified using supervised classification. The classes that did not have a high misclassification 

present in the accuracy assessments were classified using the unsupervised ISODATA algorithm. 

The classes classified using supervised classification were masked when performing the 

unsupervised classification. After classifying the images, they were overlaid with each other and 

then had an accuracy assessment conducted to establish if accuracy significantly improved when 

utilizing a hybrid approach. For this study, the images will be classified, and they will be 

discussed in the hybrid results/discussion section, which land use/land cover classes were 

selected to be supervised and unsupervised and overlain together to form the hybrid 

classification result. 

The accuracy assessment of the hybrid method results was performed using the overall 

classification accuracy and the Kappa coefficient of agreement. The accuracy assessment and 

Kappa coefficient of agreement were conducted through ERDAS Imagine. The steps used to 

conduct these two assessments were the same process as conducted for the supervised and 

unsupervised classifications. Kumar et al. (2013) found that their accuracy assessment concluded 

a 90% accuracy for the semi-arid of Rajasthan northern India when using the hybrid 

classification approach (Kumar et al. 2013). By conducting this study on a semi-arid site in 

Pakistan, it assisted in determining if the hybrid classification was better suited for both semi-

arid/arid locations for both India and Pakistan. 

The final product of this process was two hybrid classification land use/land cover maps 

for the Landsat 5 imagery for the dates March 24, 1997 and March 22, 2002 to show the land 

use/land cover for the land surrounding Keenjhar Lake. The maps and accuracy statistics were 

compared to the unsupervised and supervised classification results. By comparing the accuracy 
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assessment results for the different classifications, it allowed for one to determine which 

classification was more accurate for classifying land surrounding Keenjhar Lake. By conducting 

this process on two images of Keenjhar Lake, it allowed for better comparison of the two 

classification methods and gave more support to the decision on which classification method was 

more accurate for classifying land use/land cover surrounding Keenjhar Lake. By conducting the 

hybrid classification, it assisted in the determination if it is the better classification method for 

semi-arid regions of Pakistan like it was for semi-arid regions of India.  

 

Post Classification Change Detection Analysis 

In order to determine the land use/land cover change that was occurring over time around 

Keenjhar Lake, a form of change detection analysis was applied to the Landsat 5 imagery for the 

dates: March 24, 1997 and March 22, 2002 after they were classified. “Timely and accurate 

change detection of Earth's surface features provides the foundation for better understanding 

relationships and interactions between human and natural phenomena to better manage and use 

resources” (Lu et al. 2004). It allowed for understanding how over time land use/land cover 

changes could be impacting water quality Keenjhar Lake and the area’s biodiversity through 

seeing the areas negative and positive change is occurring. The form of change detection analysis 

that was utilized was the post classification method using image to image difference after having 

conducted the supervised, unsupervised, and hybrid classifications because only the most 

accurate classification method was chosen to have a post classification performed on its images. 

“Post-classification change detection technique is implemented for change detection, which 

requires the comparison of independently produced classified images” (Mohamed and El-Raey 

2019). Post classification change detection of the most accurate classification images was 
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conducted in ERDAS Imagine. Only the most accurate thematic classification method had a post 

classification performed on it because of it having the most accurate results making it the best 

display of the change over time for the Keenjhar Lake area. 

The post classification was conducted using the image to image difference tool under the 

post classification tab in ERDAS Imagine. This tool produced a difference and highlight change 

of 5% maps. The difference map utilized a grayscale where lighter shades are increase 

differences and darker shades are decrease differences. The highlight change map used green as 

areas with a 5% increase of some land cover and red as areas with a 5% decrease of some land 

cover type. These maps allow one to see where significant change is occurring over time, and 

also where areas are significantly losing more of a land type than gaining. By assessing the 

changes that have occurred over time, it allowed for interpreting if the land use/land cover 

changes relate to the decline in water quality and the degradation of Keenjhar Lake from the 

qualitative approach. 

 

Classifying and Post-Classification for November 01, 2008 

 After completing and determining the supervised classification was more accurate when 

classifying the 1997 and 2002 Landsat 4-5 image, I applied this to the Landsat 4-5 November 01, 

2008 image. This image was chosen because there was limited imagery not faced with 

radiometric distortions.  I then conducted the accuracy assessment consisting of the overall 

classification accuracy and the Kappa coefficient of agreement. All the image processing was 

conducted within ERDAS Imagine and followed the same steps as the previous supervised 

classification. After performing the supervised classification, a post classification was performed 

between the Landsat 4-5 March 22, 2002 and November 11, 2008 images to show the change 
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over this 6-year time frame window. This was conducted to determine if there was a recovery 

period after the 1998-2002 drought. The post-classification was performed the same as the post-

classification performed for the Landsat 5 TM C1 Level-1 for the date of March 24, 1997 and the 

Landsat 5 TM C1 Level-1 for the date of March 22, 2002. The post classification was conducted 

using the image to image difference tool under the post classification tab in ERDAS Imagine. 

This tool produced image difference and 5% highlight change maps that were reported in this 

study. The image difference map utilized a grayscale where lighter shades are increase 

differences and darker shades are decrease differences. The highlight change map used green as 

areas with a 5% increase of some land cover and red as areas with a 5% decrease of some land 

cover type. These maps allow one to see where significant change is occurring over time, and 

also where areas are significantly losing more of a land type than gaining. By assessing the 

changes that have occurred over time, it allowed for interpreting if the land use/land cover 

changes relate to the decline in water quality and the degradation of Keenjhar Lake. This 

assessment will be entirely qualitative by assessing changes and just making note of land 

use/land cover classes that could be influential in local pollution. By conducting post 

classifications for short term and long-term time frames, it allows for researchers to see the 

change occur immediately after and then the more current state of the wetland health of Keenjhar 

Lake. 
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Classifying and Post-Classification for March 07, 2020 

 Upon completing and determining one of the classifications was the more accurate form 

of classification, it was then applied to the Landsat 8 OLI/TIRS C1 Level-1 for the date of March 

07, 2020. I then conducted the accuracy assessment consisting of the overall classification 

accuracy and the Kappa coefficient of agreement. This was all performed within ERDAS 

Imagine and followed the same steps as for the previous classification for the other imagery. 

After which a post-classification was performed between this image and the Landsat 5 TM C1 

Level-1 for the date of March 22, 2002. This was performed to determine if there was a recovery 

after the 1998-2002 drought or did the drought cause long term damage that was exacerbated by 

other droughts after 2002 in Pakistan. The post-classification was performed the same as the 

post-classification performed for the Landsat 5 TM C1 Level-1 for the date of March 24, 1997 

and the Landsat 5 TM C1 Level-1 for the date of March 22, 2002.  The post classification was 

conducted using the image to image difference tool under the post classification tab in ERDAS 

Imagine. This tool produced image difference and 5% highlight change maps that were reported 

in this study. The image difference map utilized a grayscale where lighter shades are increase 

differences and darker shades are decrease differences. The highlight change map used green as 

areas with a 5% increase of some land cover and red as areas with a 5% decrease of some land 

cover type. These maps allow one to see where significant change is occurring over time, and 

also where areas are significantly losing more of a land type than gaining. By assessing the 

changes that have occurred over time, it allowed for interpreting if the land use/land cover 

changes relate to the decline in water quality and the degradation of Keenjhar Lake. This 

assessment was done qualitatively by determining if the predominant land use/land cover classes 

present are possible contributors of pollution.  
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Table 6. Timetable. 

 

Timetable 
Tasks: Complete By: 

Complete Remote Sensing I Fall Semester 2019 

Compile Literature for Literature Review March 2020 

Complete Remote Sensing II Spring Semester 2020 

Complete Proposal Summer 2020 

Defend Proposal Summer 2020 

Compile Satellite Imagery Summer 2020 

Collect Ground Control Points Fall 2020 

Processing of Imagery: Geometric 

Correction, Radiometric Correction, 

Thematic Classifications, and Post 

Classification Change Detection Analysis 

Fall 2020 

Perform Accuracy Assessment after 

Processing Data 

Fall/Winter 2020 

Create Necessary Maps and Figures Summer 2020/Fall 2020/ 

Winter 2020 

Write Up Results of Completed Research Fall/ Winter 2020 

Present and Defend Thesis Spring 2021 
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RESULTS/DISCUSSION 

Supervised Classification  

 The supervised classification result for the March 24, 1997 Landsat 4-5 image is shown 

below as Figure 21. The result for the overall classification accuracy of the supervised 

classification for March 24, 1997 (Table 7), was 76.67%, which is a moderate to strong 

classification result. The Kappa coefficient was 0.6688 for the March 24, 1997 Landsat 4-5 as 

shown in Table 8. This Kappa coefficient result indicates a moderate to strong classification 

result for the supervised classification of the March 24, 1997 Landsat 4-5 image. The largest land 

use/land cover class was barren land at 47.03% (Table 7). The second largest land use/land cover 

class was waterbody 20.81% for the supervised classification for March 24, 1997. Only 0.05% of 

pixels on March 24, 1997 Landsat 4-5 image were classified as urban, which was the smallest 

class. For the 1997 supervised classification, only 83.33% of waterbody pixels were correctly 

classified as waterbody, while 83.33% of those pixels were actually waterbody. For the wetland 

class, only 66.67% of wetland pixels were correctly classified as wetland, while 100% of those 

were a part of the wetland class. For the vegetation class, there were no user or producer 

accuracies produced for the 1997 supervised classification. There were zero reference pixels and 

only one classified pixel for the vegetation class (Table 9), which is why no producer or user 

accuracy was produced. For the urban class, there was also no producer or user accuracies 

produced because there was only one reference pixel for urban and no classified pixels. For the 

agricultural land pixels, only 66.67% of agricultural pixels were correctly classified as 

agricultural land. Only 50.00% of pixels classified as agricultural land were actually agricultural 
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land. The bare soil land use/land cover only 25.00% of bare soil pixels were correctly classified 

as bare soil. For bare soil, 100.00% of the classified pixels were actually bare soil. For barren 

land, 100.00% of pixels were correctly classified as barren land, but only 81.25% were truly a 

part of barren land class. 

 



 

63 

 

 

Figure 21. Supervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 24, 

1997. 
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Table 7. Total percent (%) of each cover land use/land cover type within the watershed boundary 

of Keenjhar Lake on March 24, 1997 for the supervised classification. 

Land Use/ Land 

Cover 

Pixels Percent (%) 

Cover 

Waterbody 101904 20.81 

Wetland 34018 6.95 

Vegetation 16148 3.10 

Agricultural 

Land 

55801 11.40 

Bare Soil 49108 10.03 

Urban 2469 0.05 

Barren Land 230355 47.03 

 

Table 8. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 24, 1997 for the supervised classification. 

Overall Classification Accuracy 76.67% 

Overall Kappa Coefficient 0.6688 

 

 

Table 9. Error matrix, producer accuracies, and user accuracies for the supervised classification 

of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 24, 1997. 

 Reference Pixel Results 
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Water Wetland Vegetation Agricultural 

Land 

Bare 

Soil 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 5 1 0 0 0 0 0 83.33 

Wetland 0 2 0 0 0 0 0 100.0 

Vegetation 0 0 0 1 0 0 0 -- 

Agricultural Land 1 0 0 2 0 1 0 50.00 

Bare Soil 0 0 0 0 1 0 0 100.00 

Urban 0 0 0 0 0 0 0 -- 

Barren Land 0 0 0 0 3 0 13 81.25 

Total Pixels 6 3 0 3 4 1 13 
 

Producer Accuracy (%) 83.33 66.67 -- 66.67 25.00 -- 100.00 
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Table 10. Reference pixel totals and classified pixel totals for the supervised classification of the 

March 24, 1997 Landsat 4-5 image to explain the lack of some producer’s and user’s accuracies 

in Table 8. 

Land Use/Land Cover  Reference Pixel Total Classified Pixel Total Total Correct Pixels 

Water 6 6 5 

Wetland 3 2 2 

Agricultural Land 3 4 2 

Vegetation 0 1 0 

Urban 1 0 0 

Bare Soil 4 1 1 

Barren Land 13 16 13 

 

 Figure 22 is the supervised classification map result for the March 22, 2002 Landsat 4-5 

image of the Keenjhar Lake watershed boundary. The land use/land cover class covering the 

greatest area of the watershed boundary is bare soil consisting of 28.42% of pixels. Barren land 

comprised 25.05% of pixels within the watershed boundary. While the waterbody of Keenjhar 

Lake comprised 21.30% of pixels for the supervised classification of March 22, 2002. The land 

use/land cover class covering the least amount of areas was the urban class at 1.42% of pixels 

(Table 11). Wetland areas comprised 9.90% of pixels for this classification. In 2002, areas 

comprised of vegetation were 5.34% of pixels within the watershed boundary. Agricultural land 

only totaled 8.57% of pixels within the watershed boundary in 2002. The overall accuracy of the 

supervised classification for the 2002 Landsat 4-5 image was 83.33% (Table 12). This overall 

accuracy indicates that the algorithm performed well with the usage of training sites when 

classifying land use/land cover for the 2002 image. 

For the waterbody class, it had a producer’s accuracy of 100.00%, which means all pixels 

for waterbody were accurately classified while only 85.71% of the areas called waterbody were 

actually areas comprising the waterbody. For wetland areas, 80.00% of all pixels for wetland 

areas were accurately classified and 100.00% were actually wetland areas. For the vegetation 
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class, 100.00% of all pixels were accurately classified as vegetation, but only 66.67% were 

actually identified as vegetation. For agricultural land, 50.00% of pixels were accurately 

classified as agricultural land and 100.00% of those pixels were actually agricultural land (Table 

13). For bare soil, 85.71% of pixels were accurately classified as bare soil, and 85.71% were 

actually identified as bare soil. For urban areas, 100.00% of pixels were accurately classified as 

urban areas, but only 50.00% were identified by the user as urban areas. For barren land, 80.00% 

of pixels were accurately classified as barren land and 80.00% were actually identified as barren 

land.  

When cross comparing the 1997 and 2002 supervised classifications, the total percent 

cover changed for each land use/land cover class. For the waterbody class, there was a slight 

increase from 20.81% in 1997 to 21.30% in 2002. The wetland class significantly increased from 

6.95% in 1997 to 9.90% in 2002, which is significant when considering there was a major 

drought in the area from 1997 to 2002. The vegetation class also increased from 3.10% in 1997 

to 5.34% in 2002, which is also important when considering that there was a major drought from 

1998-2002. Agricultural land, on the other hand, declined from 11.40% in 1997 to 8.57% in 

2002. For barren land, there was a serious decline from 47.03% in 1997 to 25.05% in 2002. For 

bare soil, there was a very large significant increase from 10.03% in 1997 to 28.42% in 2002. 

The significant increase in bare soil could be due to the drought, but it appears to be more 

plausible that the significant decline in barren land could be a misclassification between bare soil 

and barren land when utilizing the supervised classification. For the urban land use/land cover 

class, there was a slight increase from 0.05% in 1997 to 1.42% in 2002. This is significant 

because this indicates there is urban development in the area. This relates to Figure 7 and the 

clear increase over time of the total population of Pakistan. The increasing population is a 
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probable cause behind the rise in urban development even in rural areas such as Keenjhar Lake. 

The overall accuracy was similar for both the 1997 and 2002 supervised classifications. The 

1997 classification had an overall accuracy of 76.67%, while the 2002 classification had an 

overall accuracy of 83.33%. These are both decent overall accuracies to suggest this method 

could be suitable for estimating the land cover types within Keenjhar Lake’s watershed 

boundary. The Kappa coefficient of agreement for each classification indicate a good level of 

agreement between the reference data and the classification result. This classification method 

demonstrates that it can to a moderately strong level produce accurate results for classifying the 

land surrounding Keenjhar Lake. 
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Figure 22. Supervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 22, 

2002. 
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Table 11. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the supervised classification. 

Land Use/ Land 

Cover 

Pixels Percent (%) 

Cover 

Waterbody 97676 21.30 

Wetland 45364 9.90 

Vegetation 24509 5.34 

Agricultural 

Land 

39308 8.57 

Bare Soil 130333 28.42 

Urban 6530 1.42 

Barren Land 114856 25.05 

 

Table 12. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the supervised classification. 

Overall Classification Accuracy 83.33% 

Overall Kappa Coefficient 0.7995 

 

 

Table 13. Error matrix, producer accuracies, and user accuracies for the supervised classification 

of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 22, 2002. 
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Water Wetland Vegetation Agricultural 

Land 

Bare 

Soil 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 6 0 0 0 0 0 0 85.71 

Wetland 0 4 0 0 0 0 0 100.00 

Vegetation 0 0 2 1 0 0 0 66.67 

Agricultural Land 0 0 0 2 0 0 0 100.00 

Bare Soil 0 0 0 0 6 0 1 85.71 

Urban 0 0 0 1 0 1 0 50.00 

Barren Land 0 1 0 0 1 0 4 80.00 

Total 6 5 2 4 7 1 5 
 

Producer Accuracy (%) 100.00 80.00 100.00 50.00 85.71 100.00 80.00 
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Unsupervised Classification  

 For the unsupervised classification of March 24, 1997 Landsat 4-5 image clipped to 

Keenjhar Lake’s watershed, the two predominant land use/land cover classes were waterbody 

and barren land (Figure 23). In Table 14, the percentages of each land use/land cover class within 

the watershed boundary in 1997 were included. The urban class had the smallest percentage of 

the total area within the watershed boundary. It is possible in a higher resolution image that there 

may be more areas considered urban than were classified when utilizing the Landsat 4-5 

imagery. Wetland and vegetation were the next two smallest classes of land use/land cover 

within the watershed boundary (Table 14). This is understandable due to the area being a 

predominantly arid region and part of the Sindh Desert area. For the error matrix, it must be 

reiterated that it is subject to the researcher’s ability to identify reference pixels and this is a 

limitation. The overall classification accuracy of the unsupervised classification of the Landsat 4-

5 is 83.33%, meaning that 83.33% of the pixels were classified correctly based on how reference 

pixels were classified by the algorithm and what the user identified these locations to be. Again, 

the user could have misidentified pixels and the overall accuracy of the classification could be 

less or greater. Ignoring the limitations, it can be determined that it is likely that only 83.33% of 

pixels were assigned to the correct classes for the 1997 unsupervised classification of land 

use/land cover within the watershed boundary of Keenjhar Lake. The Kappa coefficient also 

supports that there is a strong agreement between the reference data and the unsupervised 

classification results. The Kappa coefficient result in Table 15 is 0.7981 which is closer to 1 

meaning a strong level of agreement exists, and this supports the high overall accuracy 

percentage of 83.33% for this classification result. 
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 Further consideration when assessing the accuracy of a land classification map must be 

given to the user’s accuracy and producer’s accuracy measurements. They provide a more 

complete picture of the classification of individual classes within the classification. Only 83.33% 

of pixels for water were correctly classified as water, but 100.00% of the pixels were actually 

water that were classified as water (Table 16). Both wetlands and urban areas were 100.00% 

correctly classified and identified (Table 16). For the 1997 unsupervised classification, 40.00% 

of bare soil pixels were correctly classified as bare soil, while only 66.70% of those pixels were 

truly a part of the bare soil class. Vegetation had a producer’s accuracy of 100.00%, which 

means all pixels for vegetation were accurately classified, but only 75.00% of the areas called 

vegetation were actually vegetation. 
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Figure 23. Unsupervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 

24, 1997. 

 

 



 

73 

 

Table 14. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on March 24, 1997 for the unsupervised classification. 

Land Use/ Land 

Cover 

Pixels Percent (%) 

Cover 

Waterbody 130908 26.72 

Wetland 27096 5.53 

Vegetation 34126 6.96 

Agricultural 

Land 

79882 16.31 

Bare Soil 71707 14.63 

Urban 10384 2.12 

Barren Land 135889 27.73 

 

 

Table 15. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 24, 1997 for the unsupervised classification. 

Overall Classification Accuracy 83.33% 

Overall Kappa Coefficient 0.7981 
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Table 16. Error matrix, producer accuracies, and user accuracies for the unsupervised 

classification of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 

24, 1997. 

 Reference Results 
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Water Wetland Vegetation Agricultural 

Land 

Bare 

Soil 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 5 0 0 0 0 0 0 100.00 

Wetland 0 3 0 0 0 0 0 100.00 

Vegetation 0 0 3 0 1 0 0 75.00 

Agricultural Land 1 0 0 3 2 0 0 50.00 

Bare Soil 0 0 0 0 2 0 1 66.70 

Urban 0 0 0 0 0 1 0 100.00 

Barren Land 0 0 0 0 0 0 8 100.00 

Total 6 3 3 3 5 1 9 
 

Producer Accuracy (%) 83.33 100.00 100.00 100.00 40.00 100.0 88.80 
 

  

The result for the 2002 unsupervised classification of the watershed boundary of 

Keenjhar Lake, Pakistan is shown below in Figure 24. The overall accuracy for the unsupervised 

classification for 2002 was significantly less than the unsupervised classification for 1997. The 

overall accuracy of the unsupervised classification for 2002 was 63.33% and is only a moderate 

level of accuracy (Table 17), meaning that only over half of reference pixels and the 

classification result were both the same. The Kappa coefficient only supports a moderate level of 

agreement between the reference and classification result because it was only 0.5516. This 

Kappa coefficient indicates there is some level of agreement but not a strong level of agreement.  

For the 2002 unsupervised classification, the producer’s accuracy and the user’s accuracy 

are significant in understanding the lower overall classification accuracy and determining which 

classes were not correctly classified. None of the vegetation pixels were correctly identified as 

vegetation and 0.00% of them were actually vegetation while 100.00% of the agricultural land 
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pixels were correctly identified as agricultural land and 100.00% were actually agricultural lands 

based on the producer’s and user’s accuracies (Table 18). For water, 100.00% of pixels were 

correctly identified as water, but only 75.00% called water were actually water. For the wetland 

class, only 50.00% were correctly classified as wetlands, but of that 100.00% were actually 

wetlands. Only 33.33% of bare soil was correctly classified as bare soil and only 14.29% of these 

areas were actually bare soil (Table 19). For urban land pixels, 100.00% were correctly 

classified, but only 33.33% of these areas were actually urban areas. In the case of barren land, 

only 63.64% were correctly classified as barren land, and 100.00% were actually barren land. 

These results are not the most ideal results for the user and producer accuracies. This 

classification had moderately good results for water and agricultural lands. 

 The two largest land use/land cover classes for the 2002 unsupervised classification of 

Keenjhar Lake were water and barren land (Table 18). The smallest classes for the 2002 

unsupervised classification were vegetation and urban classes with both less than 4.00% (Table 

17). When comparing the 1997 unsupervised classification to the 2002 unsupervised 

classification, there was a slight increase in the overall percent cover classified as water. There 

was also when comparing (Tables 14 and 17), there was an increase in wetlands but a decrease in 

vegetation, which may just be due to similarities in the pixel values of vegetation and wetland 

areas. There was an increase in the 2002 unsupervised classification percent cover for urban, 

bare soil, and barren land when compared to the 1997 unsupervised classification percent covers 

(Table 14). There was a decline in agricultural land use between 1997 and 2002 for the 

unsupervised classification. This may be due to more fields in a fallow period resulting in more 

bare soil than previously. This trend of more bare soil and barren land and less agricultural land 

would correspond to the 1998 to 2002 drought that severely struck the Sindh Province. 
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Figure 24. Unsupervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 

22, 2002. 
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Table 17. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the unsupervised classification. 

Land Use/ Land 

Cover 

Pixels Percent 

(%) Cover 

Waterbody 126761 27.62 

Wetland 34247 7.46 

Vegetation 18117 3.95 

Bare Soil 90530 19.73 

Agricultural Land 23648 5.15 

Urban 17129 3.73 

Barren Land 148440 32.35 

 

Table 18. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the unsupervised classification. 

Overall Classification Accuracy 63.33% 

Overall Kappa Coefficient 0.5516 

 

Table 19. Error matrix, producer accuracies, and user accuracies for the unsupervised 

classification of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 

22, 2002. 
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Water Wetland Vegetation Bare 

Soil 

Agricultural 

Land 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 6 1 1 0 0 0 0 75.00 

Wetland 0 2 0 0 0 0 0 100.00 

Vegetation 0 1 0 0 0 0 0 0.00 

Bare Soil 0 0 2 1 0 0 4 14.29 

Agricultural Land 0 0 0 0 2 0 0 100.00 

Urban 0 0 0 2 0 1 0 33.33 

Barren Land 0 0 0 0 0 0 7 100.00 

Total 6 4 3 3 2 1 11 
 

Producer Accuracy (%) 100.00 50.00 0.00 33.33 100.00 100.00 63.64 
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Hybrid Classification  

 The hybrid classification result for the Landsat 4-5 March 24, 1997 image is shown 

below in Figure 25. For this 1997 hybrid classification, waterbody, wetland, agricultural land, 

vegetation, and urban land use/land cover classes were classified using the supervised 

classification method. For each hybrid classification, I utilized the supervised or unsupervised 

method for different classes for each year because I wanted to select the best method for that 

specific class in the context of that year and not create a standardized method. In the future, the 

creation of a standardized method may be the necessary route, but the only issue will be is trying 

to create a standard for historical imagery without ground truthing from that time. Historical 

imagery presents a certain level of complexity with trying to create a standardized methodology 

without ground truthing data from that period. Therefore, the testing of a standardized hybrid 

method to carry across all years did not appear that it would be successful. Thus, this is why I 

choose to try and perform the best supervised/unsupervised combination overlay that would 

perform best for that year alone versus utilizing the same combination for every year. Future 

studies can determine if a standardized methodology for the hybrid classification performs well 

across all years versus looking separately at each individual year and how they are best classified 

with the hybrid method. 

For barren land and bare soil land use/land cover classes were classified using the 

unsupervised classification. The land use/land cover class that covered the greatest area was 

barren land at 40.62% (Table 20). Waterbody covers 23.35% of the watershed boundary area 

when performing the hybrid classification. Agricultural land covered 14.25% of land area within 

the watershed boundary in 1997 when performing the hybrid classification. Bare soil only 

covered 9.00% of the area within the watershed boundary for the 1997 hybrid classification 
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(Table 20). Bare soil typically comprised in the supervised and unsupervised classification a 

greater portion of the land use/land cover percentage within the watershed boundary. Vegetation 

only covered 6.10% of the land area for the 1997 hybrid classification. Wetland areas only 

covered 4.83% of the area within the watershed boundary when using hybrid classification 

(Table 20). Urban areas only covered 1.85% of the land use/land cover percentage within 

Keenjhar Lake’s watershed boundary. This classification only had an overall accuracy of 

56.67%, which means that only slightly over half of the pixels were correctly classified and 

actually a part of that class based on user observation (Table 21). The Kappa coefficient result 

for the 1997 hybrid classification was 0.450 (Table 20). This indicates there is only a moderate 

level of agreement between the classification results and reference pixels.  

 For the hybrid classification, the user and producer accuracies were not as good as other 

classifications. It must be reiterated that these accuracies are subjective to human error due to 

them being based on producer and user observations. Water was classified correctly 100.00% but 

actually, only 50.00% of those pixels were water (Table 21). For the wetland land use/land cover 

class, only 50.00% of pixels were classified correctly and only 50.00% of those were a part of 

the wetland class. The vegetation class results were poor because 0.00% were classified correctly 

and 0.00% were actually vegetation. For the bare soil land use/land cover class, 100.00% of 

pixels were classified correctly, and 100.00% of those classified were truly apart of the bare soil 

class. For agricultural land, only 42.88% of pixels were classified correctly and only 42.88% of 

those pixels were actually agricultural land (Table 22). For the urban land use/land cover class, 

0.00% were classified correctly and 0.00% were actually urban areas. For barren land, only 

53.85% of pixels were classified correctly, and 100.00% of those pixels were classified correctly. 
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Figure 25. Hybrid Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 24, 

1997. 
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Table 20. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on March 24, 1997 for the hybrid classification. 

Land Use/ Land 

Cover 

Pixels Percent 

(%) Cover 

Waterbody 130903 23.35 

Wetland 27096 4.83 

Vegetation 34126 6.10 

Bare Soil 50483 9.00 

Agricultural Land 79882 14.25 

Urban 10384 1.85 

Barren Land 227740 40.62 

 

Table 21. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 24, 1997 for the hybrid classification. 

Overall Classification Accuracy 56.67 

Overall Kappa Coefficient 0.450 

 

 

Table 22. Error matrix, producer accuracies, and user accuracies for the hybrid classification of 

the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 24, 1997. 
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Water Wetland Vegetation Bare 

Soil 

Agricultural 

Land 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 4 2 0 0 1 0 1 50.00 

Wetland 0 2 1 0 1 0 0 50.00 

Vegetation 0 0 0 0 1 0 1 0.00 

Bare Soil 0 0 0 1 0 0 0 100.00 

Agricultural Land 0 0 0 0 3 0 4 42.88 

Urban 0 0 0 0 1 0 0 0.00 

Barren Land 0 0 0 0 0 0 7 100.00 

Total 4 4 1 1 7 0 13 
 

Producer Accuracy (%) 100.00 50.00 0.00 100.00 42.88 0.00 53.85 
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For the 2002 hybrid classification, urban and agricultural land were classified using the 

unsupervised classification method. While water, wetland, bare soil, barren land, and vegetation 

were classified using the supervised classification method then overlaid with the urban and 

agricultural land use/land cover classes. For the 2002 hybrid classification, it is not easily 

distinguishable, but there were gaps in the classification map (Figure 26). Several areas were 

clearly masked in this classification combination which is not a desirable result. In studies such 

as Kumar et al. (2013), there was no mention of this issue occurring. This must be considered 

when determining the best classification method because the exclusion of areas no matter how 

minor impacts the usage of the classification result. The scale of Figure 26 does not display the 

exclusion of some areas, but larger scale maps would better display this issue. The land use/land 

cover percent coverage data in Table 24 could have varied if the areas that were not classified 

has been included. These totals may not be the most accurate representation of the area within 

Keenjhar Lake’s watershed boundary because of the classification gaps.  

 Overall, for the 2002 hybrid classification, bare soil was the largest land use/land cover 

class comprising 28.74% of the land within the watershed boundary. The second largest land use 

land cover class was barren land covering 25.33% of the area within the watershed boundary. 

The waterbody class covered 21.54% in this hybrid classification result for 2002. Wetland areas 

comprised 10.00% of the area within the watershed boundary of Keenjhar Lake. Vegetation 

comprised 5.40% of the area within the watershed boundary, but there could have been possible 

issues with misclassification between wetland areas and vegetated areas due to similar 

reflectance values because of vegetation. This occurrence is common also with barren land and 

bare soil because these surfaces have similar reflectance values. The desire to differentiate barren 

land from bare soil is to distinguish desert arid areas from fields in fallow or just areas 
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concentrated with sediment deposits. Agricultural land comprised only 5.21% of the area within 

Keenjhar Lake’s watershed boundary for this classification result. Urban areas only totaled 

3.78% of the percentage cover within the watershed boundary of Keenjhar Lake. This is 

understandable due to this area directly around the lake being surrounded mainly by villages and 

in 2002 the area was still not highly developed. 
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Figure 26. Hybrid Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 22, 

2002. 
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Table 23. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the hybrid classification. 

Land Use/ Land 

Cover 

Pixels Percent 

(%) Cover 

Waterbody 97676 21.54 

Wetland 45364 10.00 

Vegetation 24509 5.40 

Bare Soil 130333 28.74 

Agricultural Land 23648 5.21 

Urban 17129 3.78 

Barren Land 114856 25.33 

 

 

Table 24. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on March 22, 2002 for the hybrid classification. 

Overall Classification Accuracy 83.33 

Overall Kappa Coefficient 0.797 

 

 

Table 25. Error matrix, producer accuracies, and user accuracies for the hybrid classification of 

the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 22, 2002. 
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Water Wetland Vegetation Bare 

Soil 

Agricultural 

Land 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 5 0 0 0 0 0 0 100.00 

Wetland 0 2 0 0 0 0 0 100.00 

Vegetation 0 0 1 0 0 0 0 100.00 

Bare Soil 0 0 0 6 0 0 0 100.00 

Agricultural Land 0 0 0 0 5 1 0 83.33 

Urban 0 0 0 1 1 0 2 0.00 

Barren Land 0 0 0 0 0 0 6 100.00 

Total 5 2 1 7 6 1 8 
 

Producer Accuracy (%) 100.00 100.00 100.00 85.71 83.33 0.00 75.00 
 



 

86 

 

Post-Classification for Landsat 4-5 Imagery 

Supervised classification was chosen for the post classification due to it having higher 

overall accuracy percentages for both 1997 and 2002. The overall accuracies for both were not 

extremely strong, but strong enough that they were significantly better than the hybrid or 

unsupervised classification accuracy results. The post classification of the Landsat 4-5 imagery 

from 1997 to 2002 demonstrates there was an increase in land cover in the immediate 

surrounding areas around Keenjhar Lake (Figures 27 and 28). The images had the greatest 

differences surrounding the lake, while the areas with the least difference were areas beyond the 

lake which could be because the immediate area around the lake is developing more versus the 

rural areas (Figure 27). There was a slight increase in wetland percent land cover when 

comparing Tables 7 and 11. This increase in wetland could relate to the increase in change of 

land cover types around the direct area of the lake. The changes on the eastern side of the lake 

are likely not from an increase in agricultural land because there was a decrease in agricultural 

land when assessing the land cover percentages in Tables 7 and 11. Some of the decreases in 

land cover in the rural areas may be due to the decrease in barren land cover from 1997 to 2002. 

This decrease may have just been a misclassification of barren land because there was an 

increase in bare soil from 1997 to 2002 when assessing Tables 7 and 11. In Figure 28, there is a 

5% decrease in land cover types predominantly further away from the general lake vicinity, 

which this means that the decrease in one land type is greater than the growth of the class that 

replaced it. The red areas in Figure 28 are predominantly where there may have been a 

misclassification of barren land and bare soil. The area had a large decrease in barren land cover, 

which would correspond to the negative change in land cover type in rural areas beyond the 

immediate lake area. These rural areas were the primary location of barren land in both 1997 and 
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2002 for the supervised classification. The possibility of misclassification could relate to the 

significant change whether a decrease or increase of 5% or greater for the post classification 

result for 1997 to 2002. The change around the immediate proximity of the lake is significant 

though when considering how land use/land cover change can impact water quality over time. 

This change is because there were significant increases in land types around the lake and there 

was an increase in wetland percent cover when comparing 1997 and 2002. These are important 

findings when considering how the wetland composition and size is changing over time within 

the watershed boundary of Keenjhar Lake. 
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Figure 27. Post classification of supervised classification of Keenjhar Lake for 1997 to 2002 

showing the image difference at a 5% change. 
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Figure 28. Post classification of supervised classification of Keenjhar Lake for 1997 to 2002 

highlighting 5% change. 
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Classifying and Post-Classification for November 01, 2008 

The supervised classification result for November 01, 2008, and the overall classification 

accuracy for the supervised classification result for November 01, 2008 was 66.67% (Figure 26, 

Table 26). The result indicates from the user and producer perspectives that the result is low to 

moderately accurately classified. The Kappa coefficient of agreement was 0.545 which indicates 

a low to moderate relationship between the classification and reference data (Table 26). The 

supervised classification for 2008 Landsat 4-5 was moderately proficient in its performance. The 

main issue was despite adjusting training sites and further assessment continuously, there was a 

misclassification between barren land and the classes of bare soil and urban land. This may be 

due to an issue with the spectral reflectance of pixels being too similar for these land covers. This 

area of Pakistan is characterized by heterogenous land cover and this could be a misclassification 

of those commonly heterogenous land covers in the region. This misclassification of barren land 

is clear in the fact that 52.13% of the land use/land cover within the watershed boundary was 

classified as barren land (Table 28). This misclassification is clear by the fact that 100.00% of 

the pixels classified were barren land, but only 58.82% were actually barren land (Table 28). 

There were zero pixels classified as bare soil and urban land use/land cover, which more than 

likely was classified as barren land.  

For the waterbody land use/land cover class, 100.00% was correctly classified, but only 

75% were actually waterbody pixels shown in Table 28. While for the wetland class, 0.00% were 

properly classified and 0.00% were identified as the user as wetland areas. For the vegetation 

class, 33.33% were correctly classified, but 100.00% were actually vegetation. For bare soil, 

0.00% was correctly classified and 0.00% was actually bare soil. The agricultural land use/land 

cover is 50.00% correctly classified and 100.00% of the pixels were actually agricultural land 
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cover. For the urban land use/land cover class, 0.00% was correctly classified and 0.00% were 

actually urban land use/land cover. For the barren land use/land cover class,100.00% was 

correctly classified, but only 58.82% of the pixels were actually barren land cover areas. 

 

 

Figure 29. Supervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 November 

01, 2008. 
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Table 26. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on for the November 01, 2008 supervised classification. 

 
Land Use/ Land 

Cover 

Pixels Percent 

(%) Cover 

Waterbody 117218 23.92 

Wetland 26808 5.47 

Vegetation 19653 4.01 

Bare Soil 0 0.00 

Agricultural Land 70922 14.47 

Urban 0 0.00 

Barren Land 255386 52.13 

 

Table 27. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on for the November 01, 2008 supervised classification. 

Overall Classification Accuracy 66.67 

Overall Kappa Coefficient 0.545 

 

 

Table 28. Error matrix, producer accuracies, and user accuracies for the supervised classification 

of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on November 01, 2008. 
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Water Wetland Vegetation Bare 

Soil 

Agricultural 

Land 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 6 1 1 0 0 0 0 75.00 

Wetland 0 0 0 0 1 0 0 0.00 

Vegetation 0 0 1 0 0 0 0 100.00 

Bare Soil 0 0 0 0 0 0 0 0.00 

Agricultural Land 0 0 0 0 3 0 0 100.00 

Urban 0 0 0 0 0 0 0 0.00 

Barren Land 0 0 1 3 2 1 10 58.82 

Total 6 1 3 3 6 1 10 
 

Producer Accuracy (%) 100.00 0.00 33.33 0.00 50.00 0.00 100.00 
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 When cross comparing the 2002 and 2008 supervised classifications, there are some 

significant differences occurring during this 6-year time frame. The waterbody land use/land 

cover class was 21.20% in Table 11 for 2002. In 2008, the waterbody land use/land cover class 

was 23.92%, which is not a massive difference when comparing 2002 and 2008. The wetland 

land use/land cover class comparison between 2002 and 2008 was way more significant when 

considering the focus of this study is on wetland decline. For the 2002 supervised classification, 

the wetland class composed 9.90%, while in 2008 the wetland size decreased to 5.47%. This is 

significant because this was a serious decline. The vegetation class in 2002 comprised 5.34%, 

while in 2008, it only comprised 4.01%. This decline in vegetation was not an extreme difference 

over time. For agricultural land in the 2002 supervised classification, the percent land cover was 

8.57%, while in 2002 it increased to 14.47%. This is significant after the 1998 to 2002 drought 

that seriously impacted the Sindh region. This demonstrates a recovery in agricultural production 

after the major drought by 2008. Though, the other factor to consider is that March and 

November could be different growing seasons. For bare soil in 2002, the percent land cover was 

28.42%, while in 2008 0.00% this was probably due to a misclassification in 2008. The 

comparison of 2002 and 2008 for bare soil was not a good comparison due to the 

misclassification that most likely occurred for the 2008 image. For the urban land use/land cover 

class in 2002, the percent land cover was 1.42% and in 2008 it was 0.00%. This was most likely 

a misclassification also because the urban development did not suddenly disappear between 2002 

to 2008. For barren land for the 2002 supervised classification, the percent land cover was 

25.05%, but in 2008 it was 52.13%. It most likely appears that urban and bare soil land use/land 

cover classes were classified as the barren land cover class. The high level of increase difference 

occurred in predominantly arid land areas, which are located further away from the lake as 
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shown in Figure 30, while the darker gray scale regions are locations with significant land class 

type declines and are predominantly wetland and vegetation areas. This decrease in these areas is 

also represented by the red areas in Figure 31. The green areas represent areas that experienced a 

5% increase, which would be the major increase in barren land cover. Though, this increase was 

more likely due to a misclassification that occurred due to similar spectral reflectance values of 

those land use/land covers. Despite using many different training sites, this result for the 

supervised 2008 classification was the best result produced and was used for the study. In the 

future, different imagery needs to be utilized to truly determine the increase or decrease in barren 

land, bare soil, and urban land. 
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Figure 30. Post classification of supervised classification of Keenjhar Lake for 2002 to 2008 

showing the image difference at a 5% change. 
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Figure 31. Post classification of supervised classification of Keenjhar Lake for 2002 to 2008 

highlighting 5% change. 
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Classifying and Post-Classification for March 07, 2020 

 The overall classification accuracy for the supervised classification result for March 07, 

2020 was 80.00% (Table 30). This result indicates from the user and producer perspectives the 

result is fairly accurate. The Kappa coefficient of agreement in Table 30 was 0.7571, which 

indicates a moderate to strong relationship between the classification and reference data. This 

also indicates that the supervised classification, to an extent, was a good classifier for land 

use/land cover for the Landsat 8 image from March 07, 2020. When comparing the 2002 

supervised classification to the 2020 supervised classification, there were distinct differences in 

the total percent land cover for each land class. These differences are necessary in understanding 

the changes occurring within Keenjhar Lake’s watershed. The waterbody land use/land cover 

class only comprised 17.69% of the land cover within the watershed boundary on March 07, 

2020 (Table 29). In 2002, the waterbody land use/land cover class comprised a total of 21.30% 

of the land cover within the watershed boundary of Keenjhar Lake (Table 10). This means that 

there was a decline in Keenjhar Lake’s waterbody size between 2002 and 2020. On the other 

hand, in 2002, the wetland land use/land cover class only covered 9.90% of the area within 

Keenjhar Lake’s watershed, but in 2020 it increased to 12.29% as shown below in Table 31. This 

shift in waterbody size declining and wetland size increasing could be a shift in wetland growth 

over time. In 2002, the vegetation land use/land cover class totaled 5.34% of the percent land 

cover, but in 2020, vegetation only composed 0.58% of the land use/land cover in Keenjhar 

Lake’s watershed boundary. This decline in vegetation after the drought is indicative that another 

external factor is influencing the natural land cover within Keenjhar Lake’s watershed boundary. 

Bare soil was 27.80% of land cover in 2020, while in 2002 bare soil composed 28.42%, which 

was a very minimal decline in bare soil (Table 31). This decline could be attributed to possible 
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changes in area development or in 2020 there were fewer fields in a fallow period. When 

comparing (Tables 10 and 31), agricultural land increased from 8.57% in 2002 to 8.80% in 2020, 

which is a 0.23% increase over that 18-year period. This change in agricultural land could 

explain the decline in bare soil because this growth of agriculture in the area would mean that 

more fields being planted and less in fallow. This is plausible, especially when considering that 

from 1998 to 2002, there was a serious drought in the Sindh province and fewer fields would 

have been planted. This change could be indicative of a recovery in the area over time for 

agricultural productivity, but this increase in agricultural land could be an influential factor in 

increasing the runoff of fertilizer into Keenjhar Lake. The urban land cover comprised 1.42% of 

land cover percentage in 2002, and in 2020 the urban land class had increased to 8.22% (Table 

10). This substantial change is understandable when considering the population growth and rise 

in CO2
 emissions for the entirety of Pakistan because they indicate an increase in urban 

development, which would also apply to rural areas like Keenjhar Lake. Barren land composed 

25.05% of the land cover total percentage in 2002 and declined to 24.62% in 2020 for the 

supervised classification. The increase in urban development could also explain the decline in 

barren land due to increased development surrounding Keenjhar Lake. In 2020, the agricultural 

land, urban, bare soil, and barren land classes comprised 69.44% of the total land cover percent 

within Keenjhar Lake’s watershed boundary. This means that over half of the land use/land 

cover is prone to contributing to negative runoff to wetland areas, especially the urban and 

agricultural land cover classes. 

 In 2020, for the waterbody class, 87.50% was correctly classified as water, and 100.00% 

of those pixels were truly a part of the waterbody class (Table 31). For the wetland land cover 

class, only 50.00% was classified correctly, but 100.00% of the pixels classified were a part of 
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the wetland class. Only 33.33% of the vegetation class was correctly classified and only 50.00% 

of those pixels were actually vegetation. For the bare soil class, 71.43% was correctly classified 

as the bare soil class and only 71.43% were a part of the bare soil land class. Below in Table 31, 

100.00% of agricultural land was accurately classified, but only 60.00% of those pixels were 

truly apart of the agricultural land class. The urban land class 75.00% were classified correctly, 

but 100.00% of those pixels were a part of the urban land class. Barren land was only classified 

correctly at 57.14%, and only 66.67% of those classified were a part of the barren land class. 
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Figure 32. Supervised Classification map of Keenjhar Lake, Pakistan for Landsat 4-5 March 07, 

2020. 
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Table 29. Total percent (%) of each cover land use/land cover type within the watershed 

boundary of Keenjhar Lake on for the March 07, 2020 supervised classification. 

Land Use/ Land 

Cover 

Pixels Percent 

(%) Cover 

Waterbody 86632 17.69 

Wetland 60195 12.29 

Vegetation 2864 00.58 

Bare Soil 136080 27.80 

Agricultural Land 43113 8.80 

Urban 40240 8.22 

Barren Land 120537 24.62 

 

Table 30. Overall classification accuracy and Kappa coefficient for within the watershed 

boundary of Keenjhar Lake on for the March 07, 2020 supervised classification. 

Overall Classification Accuracy 80.00 

Overall Kappa Coefficient 0.7571 

 

Table 31. Error matrix, producer accuracies, and user accuracies for the supervised classification 

of the Landsat 4-5 image of within Keenjhar Lake’s watershed boundary on March 07, 2020. 
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Water Wetland Vegetation Bare 

Soil 

Agricultural 

Land 

Urban Barren 

Land 

User 

Accuracy 

(%) 

Water 7 0 0 0 0 0 0 100.00 

Wetland 0 1 1 0 0 0 0 100.00 

Vegetation 0 0 1 0 0 0 0 50.00 

Bare Soil 0 0 0 5 0 0 2 71.43 

Agricultural Land 0 0 0 1 3 1 0 60.00 

Urban 0 0 0 0 0 3 0 100.00 

Barren Land 0 0 0 1 0 0 4 66.67 

Total 7 1 2 7 3 4 6 
 

Producer Accuracy (%) 87.50 50.00 33.33 71.43 100.00 75.00 57.14 
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 In Figure 33, lighter grayscale areas represented overall increases in land cover in an 

area, while darker grayscale tones represented decreases. This can be interpreted as the 

waterbody area and portions of the wetland areas experienced increased differences between 

2002 to 2020, while areas beyond the immediate vicinity of the water and wetland areas 

experienced significant decreases between 2002 to 2020 of land use/land cover classes. 

Significant land cover change increases occurred in locations within the watershed boundary 

marked by the lightest grayscale tone. These areas were locations predominantly covered by 

barren land and bare soil which it has been stated previously can be frequently misclassified due 

to similar pixel values. Therefore, it is understandable why areas comprised of these land 

use/land cover classes experienced either a significant increase or decrease due to their 

fluctuations because of how the supervised classification algorithm classified them based on the 

training sites. In Figure 34, areas that are green represent a 5% increase in change in land 

use/land cover classes, and areas in red represent a 5% decrease in land cover classes. The color 

for that area represents the predominant change occurring whether it is an increase or decrease. 

In Figure 34, it appears from 2002 to 2020 that the increase in a land cover class was greater than 

5% in the majority of the watershed boundary of Keenjhar Lake. This means that the increases 

outweighed the decreases of land cover classes if it was post classified as the colors green versus 

red. The areas that were neither post classified as a 5% increase nor decrease represent areas that 

did not change more than 5% in Figure 34. 
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Figure 33. Post classification of supervised classification of Keenjhar Lake for 2002 to 2020 

showing the image difference at a 5% change. 
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Figure 34. Post classification of supervised classification of Keenjhar Lake for 2002 to 2020 

highlighting 5% change. 
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Transition Matrix for 1997 to 2002 

 To account for the change of classes over time a matrix table was created to show the 

gains and losses of land use land cover classes from 1997 to 2002 for the supervised 

classification method. In Table 32 below, the values that are highlighted yellow are the number 

of pixels that remained in that class from 1997 to 2002. The values that are not highlighted 

yellow represent the spatial coincidence between the before image and the after image. For 

example, in Table 32, the value of 4694 for agricultural land should be interpreted as the change 

from agricultural land to waterbody between the 1997 before image to the 2002 after image.  

 In Table 33, the percentages were calculated to show the percent change occurring with 

the land use/land cover classes between the 1997 before image to the 2002 after image. The 

waterbody class did not have zero losses from 1997 to 2002. The waterbody class only lost some 

area to the wetland land use/land cover class, which environmentally is a good sign because it 

shows despite the 1998 to 2002 drought the wetland is not becoming just an open waterbody. 

The wetland areas seem to lose more area to waterbody and agricultural land from 1997 to 2002 

(Tables 32, 33, and 34). There were some areas away from Keenjhar Lake in the 1997 image that 

were classified as wetland when they were more likely agricultural land (Figure 21). The loss of 

wetland area to agricultural land from 1997 to 2002 could just be the result of the 1997 

classification classifying areas as wetland which then appeared as a loss in the matrix when 

having compared the 1997 to 2002 supervised classifications. For agriculture, the greatest loss 

was to wetland and vegetation areas, which could be due to similar spectral reflectance due to the 

plant life (Table 33). For vegetation, it was similar in the sense that its greatest losses from the 

before image to the after image were due to the land use/land cover classes of wetland and 

agricultural land (Table 33). The greatest loss for urban areas was to agricultural land, but this 
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could be due to farms being majority of the surrounding development. Urban areas though 

comprise only a small area surrounding Keenjhar Lake even today in 2020. For bare soil, the 

land use/land cover classes it had the greatest losses to were barren land and vegetation. The 

vegetation portion could be due to an increase in farming which would not support the idea that 

the 1998 to 2002 drought was impactful on the survival of plant life and agriculture. Or this 

could also mean by this point in 2002, the land was recovering already from the drought and 

there was more vegetation growth already. The barren land class had the greatest loss from 1997 

to 2002 to bare soil, which is more likely a misclassification. For future studies, one should 

consider combining these two classes together to avoid the issue of spectral confusion that can 

impact the accuracy of the results. 

 

Table 32. Matrix table for comparing the change of pixels between land use/land cover classes 

from 1997 to 2002. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 92205 5268 4694 767 0 336 1041 

Wetland 5883 19559 11263 3856 69 2258 5495 

Agricultural 

Land 

2508 4833 20961 5058 1689 2013 4866 

Vegetation 482 2023 8302 3494 263 3910 7617 

Urban 94 304 2713 567 335 850 2059 

Bare Soil 720 1896 6862 2264 71 36529 90572 

Barren 

Land 

12 122 935 126 39 3118 118288 
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Table 33. Matrix table for comparing the percentage of change between land use/land cover 

classes from 1997 to 2002. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 90.48 15.49 8.42 4.75 0.00 0.69 0.45 

Wetland 5.77 57.52 20.21 23.90 2.8 4.61 2.39 

Agricultural 

Land 

2.46 14.21 37.61 31.35 68.49 4.11 2.12 

Vegetation 0.47 5.95 14.90 21.66 10.67 7.97 3.31 

Urban 0.09 0.89 4.87 3.51 13.58 1.73 0.90 

Bare Soil 0.71 5.58 12.31 14.03 2.88 74.53 39.39 

Barren 

Land 

0.01 0.36 1.68 0.80 1.58 6.36 51.44 

 

Table 34. Matrix table for comparing the total hectares of change between land use/land cover 

classes from 1997 to 2002. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 8298.450 474.120 422.460 69.030 0.000 30.240 93.690 

Wetland 529.470 1760.310 1013.670 347.040 6.210 203.220 494.550 

Agricultural 

Land 

225.720 434.970 1886.490 455.220 152.010 181.170 437.940 

Vegetation 43.380 182.070 747.180 314.460 23.670 351.900 685.530 

Urban 8.460 27.360 244.170 51.030 30.150 76.500 185.310 

Bare Soil 64.800 170.640 617.580 203.760 6.390 3287.610 8151.480 

Barren 

Land 

1.080 10.980 84.150 11.340 3.510 280.620 10645.920 

 

Transition Matrix for 2002 to 2008 

To account for the change of classes over time, a matrix table was created to show the 

gains and losses of land use land cover classes from 2002 to 2008 for the supervised 

classification method. In Table 35 below, the values that are highlighted yellow are the number 

of pixels that remained in that class from 2002 to 2008. The values that are not highlighted 

yellow represent the spatial coincidence between the before image and the after image. For 
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example, in Table 35, the value of 5267 for agricultural land should be interpreted as the change 

from agricultural land to waterbody between the 2002 before image to the 2008 after image. 

For the land use/land cover classes of urban and bare soil since none of the pixels were 

classified as those classes in 2008 (Tables 35, 36, and 37) have more 0 values. For the bare soil 

and urban land use/land cover classes, it shows significant losses from 2002 to 2008 (Tables 35, 

36, and 37). For the waterbody class, the major losses were due to wetland and vegetation which 

could be a rise in the wetland areas. For the wetland class the greatest losses were to waterbody, 

agricultural land, and vegetation, which it must be stated again could be due to vegetation 

reflecting similarly. For 2002 to 2008, the greatest loss for agricultural land class was to barren 

land, which is unusual considering there was a major drought from 1998 to 2002.  For the 

vegetation class, the major loss was also to the barren land class. For urban areas, it lost the most 

to barren land cover followed by agricultural land (Table 35, 36, and 37). For bare soil, just like 

1997 to 2002, it had its greatest losses to the barren land class, which is probably due to the 

spectral confusion amongst heterogenous land cover and the fact in 2008 there was zero pixels 

classified as bare soil. For barren land from 2002 to 2008, its greatest losses were to agricultural 

land, which is different from 1997 to 2002. 
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Table 35. Matrix table for comparing the change of pixels between land use/land cover classes 

from 2002 to 2008. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 93443 12582 5267 1808 424 3465 225 

Wetland 2751 9430 6001 3346 627 3546 1016 

Agricultural 

Land 

1512 7600 13828 7976 2128 26526 11250 

Vegetation 2382 8106 3542 2033 263 3138 177 

Urban 0 0 0 0 0 0 0 

Bare Soil 0 0 0 0 0 0 0 

Barren 

Land 

4252 10749 13272 10988 3557 102402 109558 

 

Table 36. Matrix table for comparing the percentage of change between land use/land cover 

classes from 1997 to 2002. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 89.56 25.96 12.57 6.91 6.06 2.50 00.18 

Wetland 2.64 19.46 14.32 12.79 8.96 2.56 00.18 

Agricultural 

Land 

1.45 15.68 32.99 30.50 30.40 19.07 00.83 

Vegetation 2.28 16.72 8.45 7.80 3.76 2.25 9.20 

Urban 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Bare Soil 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Barren 

Land 

4.08 22.18 31.67 42.00 50.82 73.62 89.64 
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Table 37. Matrix table for comparing the total hectares of change between land use/land cover 

classes from 1997 to 2002. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 8409.870 1132.380 474.030 162.720 38.160 311.850 20.250 

Wetland 247.590 848.700 540.090 301.140 56.430 320.760 91.440 

Agricultural 

Land 

136.080 684.000 1244.520 717.840 191.520 2387.340 1012.500 

Vegetation 214.380 729.540 318.780 182.970 23.670 282.420 15.930 

Urban 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Bare Soil 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Barren 

Land 

382.680 967.410 1194.480 988.920 320.130 9216.180 9860.220 

 

Transition Matrix for 2002 to 2020 

To account for the change of classes over time, a matrix table was created to show the 

gains and losses of land use land cover classes from 2002 to 2020 for the supervised 

classification method. In Table 38 below, the values that are highlighted yellow are the number 

of pixels that remained in that class from 2002 to 2020. The values that are not highlighted 

yellow represent the spatial coincidence between the before image and the after image. For 

example, in Table 38, the value of 1483 for agricultural land should be interpreted as the change 

from agricultural land to waterbody between the 2002 before image to the 2020 after image. 

For the waterbody class the greatest losses from 2002 to 2020, were to the wetland land 

use/land cover class. For the wetland class, the greatest losses were to the agricultural land and 

urban land use/land cover classes, which this result is different than those from the time frame r 

of 1997 to 2002 and 2002 to 2008. During those time frames, the greatest losses for wetland 

areas were usually to waterbody or agricultural areas. This demonstrates on the long term that the 

changes between land use/land cover classes are very different meaning future studies need to 

assess multiple time frames to catch these differences. For agricultural land, the greatest loses 
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were to wetland and urban, which could indicate that in some wetland areas are expanding, but in 

others decreasing. This could indicate that there are fluctuations in the area overall when trying 

preserve the wetland. For vegetation, the greatest losses were kind of hard to discern since it lost 

around the same amount of area to wetland, agricultural land, urban, and bare soil. For urban 

land, the greater losses were to wetland, agricultural land, and bare soil classes. For bare soil 

from 2002 to 2020, the greatest losses were to barren land, and for barren land its greatest losses 

were to bare soil. This result is possibly due to the misclassification of the similar heterogenous 

land use/land cover types because of similar spectral reflectance values. 

 

Table 38. Matrix table for comparing the change of pixels between land use/land cover classes 

from 2002 to 2020. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 82506 2113 1483 221 94 207 8 

Wetland 11838 25366 11348 5137 1067 5019 386 

Agricultural 

Land 

6351 7677 13415 6147 1654 7018 744 

Vegetation 227 1115 976 306 86 130 12 

Urban 2607 6717 9767 5337 1906 9481 4232 

Bare Soil 337 3252 2848 6591 1422 79228 42174 

Barren 

Land 

474 2226 2098 2408 769 38022 74344 
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Table 39. Matrix table for comparing the percentage of change between land use/land cover 

classes from 2002 to 2020. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 79.07 4.36 3.54 0.85 1.34 0.15 0.00 

Wetland 11.35 52.33 27.06 19.65 15.25 3.61 0.32 

Agricultural 

Land 

6.09 15.84 31.99 23.50 23.64 5.05 0.61 

Vegetation 0.22 2.30 2.33 1.17 1.23 0.09 0.00 

Urban 2.50 13.86 23.29 20.41 27.24 6.82 3.47 

Bare Soil 0.32 6.71 6.79 25.21 20.32 56.95 34597 

Barren 

Land 

0.45 4.59 5.00 9.21 10.98 27.33 60.99 

 

Table 40. Matrix table for comparing the total hectares of change between land use/land cover 

classes from 2002 to 2020. 

 Before 

A
ft

er
 

Class: Waterbody Wetland Agricultural 

Land 

Vegetation Urban Bare 

Soil 

Barren 

Land 

Waterbody 7425.540 190.170 133.470 19.890 8.460 18.630 0.720 

Wetland 1065.420 2282.940 1021.320 462.330 96.030 451.710 34.740 

Agricultural 

Land 

571.590 690.930 1207.350 553.230 148.860 631.620 66.960 

Vegetation 20.430 100.350 87.840 27.540 7.740 11.700 1.080 

Urban 234.630 604.530 879.030 480.330 171.540 853.290 380.880 

Bare Soil 30.330 292.680 256.320 593.190 127.980 7130.520 3795.660 

Barren 

Land 

42.660 200.340 188.820 216.720 69.210 3421.980 6690.960 
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CONCLUSION 

In conclusion, the results of this study varied to an extent from what was expected to 

occur for the time frames of 1997 to 2002, 2002 to 2008, and 2002 to 2020. The supervised 

classification was chosen to perform the post classification and the 2020 thematic classification 

because, for the 1997 and 2002 image classifications, it produced a higher overall accuracy in 

comparison to the hybrid and unsupervised classifications. The first hypothesis that the hybrid 

classification would perform better was not supported by the data and results from this study. 

This was due to the fact that the overall accuracy results for the hybrid method were significantly 

lower than was overall accuracy results were for the supervised classification. For the supervised 

classification from 1997 to 2002, there were increases in the waterbody and wetland sizes of 

Keenjhar Lake. There was also an increase in vegetation from 1997 to 2002. These increases in 

predominantly wetland and vegetation areas do not support the idea that there was a decline in 

Keenjhar’s Lake wetland due to the 1998 to 2002 drought. The decline in agricultural land from 

1997 to 2002 on the other hand is significant because this could support the stories of families 

having to migrate out of the area due to the massive 1998 to 2002 drought. This means that the 

wetland and natural vegetation areas did not experience a negative decline due to the drought. 

This could be due to the development adaptations by native flora over time to the frequent 

flooding and drought periods that occur in the Sindh province. The natural vegetation and 

wetland areas being located in a semi-arid region may have caused them to develop adaptations 

to resist drought over time. This would require further study into the biota composition and the 



 

114 

 

types of crops planted in this area to determine the resistance they have to drought and if this 

would factor into the increases and declines in these land use/land cover types.  

When comparing the 1997 and 2002 supervised classifications, there was an increase in 

bare soil and a decline in barren land. The significant change of these two-land use/land cover 

classes could have been partially due to a misclassification because of the influence of spectral 

confusion on pixels. There may have also been an increase in bare soil due to the decline in 

agricultural land from 1997 to 2002 which would indicate more land would be in a period of 

fallow. There was also a small increase in urban land cover from 1997 to 2002, which would be 

supported by the increases in CO2 emissions, the rise in population and gross domestic product 

over time in Pakistan because these are good indicators of urban development. This increase in 

urban land cover from 1997 to 2002 supports the second hypothesis of this study that there 

would be an increase in urban/agricultural land over time within Keenjhar Lake’s watershed 

boundary. On the other hand, the decline in agricultural land from 1997 to 2002 does not support 

the second hypothesis, but it represents a decline in agricultural land during the 1998 to 2002 

drought period. For the supervised classification comparison between 2002 to 2008, there was an 

increase in agricultural land cover. There was a serious increase in barren land from 2002 to 

2008 which may have been partially due to a misclassification of urban and bare soil land classes 

as barren land. These classes all contribute to runoff and are significant when considering the 

water quality of Keenjhar Lake. For the supervised classification comparison between 2002 and 

2020, there was a significant increase in urban land use/land cover, and also a slight increase in 

agricultural land. These results are supportive of the second hypothesis that there would be an 

increase in urban and agricultural land cover over time. This hypothesis was formulated on the 

basis that the reported decline in wetland and local biodiversity was occurring due to runoff and 
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pollution. These land cover types are significant contributors to the runoff of chemicals and other 

pollutants, and the predominant increase in these land types over time is supportive of the second 

hypothesis. This result could help support other researchers when they state that these are 

negative influences on the area because the increase in these land use/land cover types could 

prove substantial in the decline of the biodiversity and water quality of Keenjhar Lake. In this 

study, I was not able to determine if it is the direct cause because this study is not studying direct 

correlations between the land use/land cover type and water quality. This study is only studying 

to determine if the changes occurring match statements other studies have made about changes 

occurring in the area and if these changes could possibly be linked. Overall, on March 07, 2020, 

the supervised classification determined that 69.44% of the land use/land cover within the 

watershed boundary was comprised of agricultural land, barren land, bare soil, and urban, which 

are significant contributors of runoff and pollutants and this is a significant finding for future 

researchers. 

When assessing the results, it is clear they are not supportive of the third hypothesis that 

there would be a decline in wetland size over time. There was an increase in wetland size within 

the watershed boundary from 1997 to 2002, and again from 2002 to 2020 when performing the 

supervised classification. This means that despite the documented droughts that have occurred 

over time they have not significantly impacted the wetland size when assessing it through the 

usage of the supervised classification when studying the long-term patterns. Between 2002 to 

2008, there was a decline in wetland percentage, but this is not the long-term decline researchers 

in other studies have discussed. This result does not mean that there has not been a decline in the 

wetland, only that through the scope of this methodology in this study that the majority of the 

data and results did not support this third hypothesis for the long term. This does not mean other 
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researchers are wrong in their statements that there has been a decline in the wetland area of 

Keenjhar Lake. Only that shortly after this drought was there a decline but assessing the current 

long-term state of the lake it appears that the wetland recovered.  

There needs to be further studies to better understand the fish stock, water quality, and 

loss of biodiversity to better understand the decline of wetland since it is not supported through 

the utilization of remote sensing to study land use/land cover types and change over time for the 

area. The supervised, unsupervised, and hybrid classification when comparing their 1997 and 

2002 results all displayed an increase in wetland percent coverage within Keenjhar Lake’s 

watershed boundary. This clarifies that all three approaches produced the same results and none 

of them supports this third hypothesis. This is significant because it makes it clear that the 

wetland size increased in all three methods and would not have been able to support this 

hypothesis, no matter my choice of classification method for this study. It must be considered 

though that the transition matrices provide interesting insight into if there was wetland loss that 

frequently it was to the agricultural class, but also for the agricultural class it faced losses to 

wetland. There would need to be further in person studies to determine the actual development 

occurring because it could be found that certain areas are declining, but not the entirety of 

Keenjhar Lake. Future in person studies of the area could provide insight to what areas are 

changing around the lake that could assist in determining if only specific portions of the wetland 

are decreasing and facing negative impact. If only specific areas are impacted and declining this 

could explain why we are not seeing serious changes overtime in the wetland size of Keenjhar 

Lake. 

There are limitations in this study because accuracy assessments involve a level of human 

error and these accuracy tests could vary from user to user. In this study, I accepted that there 
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could be an uncertain degree of human error introduced into the study, which would impact the 

classification method determined to be the most accurate method. For future study, imagery with 

a finer spatial resolution that presents the land use/land cover more clearly to the human eye 

could prove beneficial to test the algorithms’ accuracies. This could provide easier identification 

of land use/land cover classes because of the better spatial resolution. For this thesis, I utilized 

the Landsat imagery due to it being available at no cost. In the future, even the implementation 

of these algorithms on Sentinel 2 imagery may be worthy of pursuing due to this imagery have a 

better spatial resolution than the Landsat imagery. These future studies using imagery with finer 

spatial resolution could allow for further break down of land use/land cover classes to better 

understand the land use/land cover change surrounding Keenjhar Lake.  

The Landsat 4-5 November 01, 2008 image had some issues with spectral reflectance that 

appear to have impacted the ability of the algorithm to distinguish barren land, bare soil, and 

urban land cover. The usage of other imagery may produce better accuracy results than the 2008 

image. Future studies will need to assess the influence of the monsoon season, 

growing/harvesting periods, and seasonal impact on land use/land cover change throughout the 

year. The usage of the image from November 01, 2008 was done due to the lack of available 

Landsat 4-5 imagery from a similar year for the date of March that was not plagued by 

radiometric errors. These factors may have played a significant role in the results of this study 

and they should be considered in future studies. They are necessary to be able to understand the 

change occurring surrounding Keenjhar Lake. Overall, it appears that remote sensing is not the 

solution to study the possible wetland decline of Keenjhar Lake and that other methods are 

necessary to study this issue.  
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APPENDIX 

Google Earth Engine Code: 

var watershed =  

    ee.Geometry.Polygon( 

        [[[68.08152284705245, 25.0398737442143], 

          [68.08289613806808, 25.050449159371404], 

          [68.09113588416183, 25.06724353189381], 

          [68.0842694290837, 25.07284114451853], 

          [68.0842694290837, 25.08527936763803], 

          [68.08564272009933, 25.096472687835824], 

          [68.07396974646652, 25.09771632687122], 

          [68.0622967728337, 25.092119851651475], 

          [68.05474367224777, 25.090254303023283], 

          [68.05062379920089, 25.098959953263176], 

          [68.04101076209152, 25.098959953263176], 

          [68.03071107947433, 25.091498005269024], 

          [68.02521791541183, 25.07968232361282], 

          [68.01629152381027, 25.066621559144483], 

          [68.00873842322433, 25.054181441053966], 

          [68.00461855017745, 25.034274625797973], 

          [68.00461855017745, 25.021831225533933], 

          [68.00461855017745, 25.007519755669215], 

          [67.99912538611495, 24.99569597918691], 

          [67.98470583045089, 24.988850114891562], 

          [67.9689129837712, 24.988850114891562], 

          [67.95586671912277, 24.986360615164422], 

          [67.94762697302902, 24.97640211219701], 

          [67.93526735388839, 24.965820319315004], 

          [67.92153444373214, 24.93967316566838], 

          [67.90505495154464, 24.929710885125672], 

          [67.89544191443527, 24.91102943899639], 

          [67.8975018509587, 24.90417886644511], 

          [67.91260805213058, 24.898573569666667], 

          [67.92840089881027, 24.896705080840565], 

          [67.94213380896652, 24.89234516360187], 

          [67.95106020056808, 24.886116443347433], 

          [67.95380678259933, 24.877395707262675], 

          [67.97165956580245, 24.87303510838292], 

          [67.98470583045089, 24.86742839802419], 

          [67.98676576697433, 24.854968131253433], 

          [67.9853924759587, 24.84250660911166], 

          [67.99294557654464, 24.83689851470645], 

          [68.00324525916183, 24.82879748535487], 

          [68.01354494177902, 24.833159643946658], 

          [68.02590456091964, 24.844999013947472], 

          [68.0348309525212, 24.860575406680113], 

          [68.04169740759933, 24.871166233188866], 

          [68.05543031775558, 24.880510326534075], 

          [68.06573000037277, 24.88549355404379], 

          [68.08220949256027, 24.886739329509773], 

          [68.09182252966964, 24.891722305713994], 

          [68.09937563025558, 24.896705080840565], 

          [68.09868898474777, 24.911652199458636], 
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          [68.09662904822433, 24.922861350152548], 

          [68.11104860388839, 24.945276594532206], 

          [68.12203493201339, 24.963952849631497], 

          [68.12890138709152, 24.97017763836937], 

          [68.13782777869308, 24.98324866961746], 

          [68.14057436072433, 24.99569597918691], 

          [68.14057436072433, 25.00814202817254], 

          [68.15293397986495, 25.00814202817254], 

          [68.16804018103683, 25.007519755669215], 

          [68.17353334509933, 25.006275201204968], 

          [68.1831463822087, 25.005652919244174], 

          [68.19275941931808, 25.019342394080585], 

          [68.19893922888839, 25.03178604669109], 

          [68.2106122025212, 25.042984255115638], 

          [68.23052492224777, 25.04422843738583], 

          [68.24769105994308, 25.04236215924678], 

          [68.25318422400558, 25.047338837831386], 

          [68.24700441443527, 25.05666956570603], 

          [68.23121156775558, 25.0691094311933], 

          [68.22365846716964, 25.07781658540341], 

          [68.21885194861495, 25.084035602193417], 

          [68.18795290076339, 25.07470695854122], 

          [68.15774049841964, 25.07346308568475], 

          [68.13782777869308, 25.07470695854122], 

          [68.12752809607589, 25.07408502369232], 

          [68.11997499548995, 25.0678655014851], 

          [68.10830202185714, 25.061645663466564], 

          [68.10418214881027, 25.050449159371404], 

          [68.09800233923995, 25.040495852705863], 

          [68.08907594763839, 25.024320006525304]]]); 

 

var basins = ee.FeatureCollection("WWF/HydroSHEDS/v1/Basins/hybas_6") 

Map.addLayer(basins) 

var pakistan= basins.filterMetadata('HYBAS_ID','equals',4060033640) 

var dem= ee.Image("USGS/SRTMGL1_003").select("elevation") 

var elevation= dem.clip(watershed) 

Map.addLayer(elevation) 

Map.setOptions('HYBRID') 

var slope = ee.Terrain.slope(elevation) 

var hillshade = ee.Terrain.hillshade(elevation) 

var aspect = ee.Terrain.aspect(elevation) 

Map.addLayer(slope,{min:0,max:5},'slope') 

Map.addLayer(hillshade,{min:170,max:190},'hillshade') 

Map.addLayer(elevation,{min:65,max:330,opacity:0.65},'elevation') 

var water = ee.Image("JRC/GSW1_2/GlobalSurfaceWater").select('occurrence').clip(watershed) 

Map.addLayer(water,{palette:'0045ff'},'water') 

 

var eMax = elevation.reduceRegion({ 

  reducer: ee.Reducer.max(), 

  geometry: watershed, 

  maxPixels: 1e13 

}).get('elevation') 

print('Keenjhar Lake Elevation Maximum', eMax) 

 

var eMin = elevation.reduceRegion({ 

  reducer: ee.Reducer.min(), 

  geometry: watershed, 

  maxPixels: 1e13 

}).get('elevation') 

print('Keenjhar Lake Elevation Minimum', eMin) 

 

var eAvg = elevation.reduceRegion({ 
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  reducer: ee.Reducer.mean(), 

  geometry: watershed, 

  maxPixels: 1e13 

}).get('elevation') 

print('Keenjhar Lake Elevation Average', eAvg) 

 

var landsat5_sr = ee.ImageCollection("LANDSAT/LT05/C01/T1_SR") .filterDate('1997-03-01','1997-03-31') 

var extract5 = 

landsat5_sr.filterBounds(watershed).filterMetadata('WRS_ROW','equals',43).filterMetadata('WRS_PATH','equals',152) 

var cloudFilter5 = extract5.filter(ee.Filter.lt('CLOUD_COVER',5)) 

var image5= ee.Image("LANDSAT/LT05/C01/T1_SR/LT05_152043_19970324") 

Map.addLayer(image5,{bands:['B3','B2','B1'],min:0,max:1000},'Landsat 5 #1') 

print(image5) 

 

var landsat5_sr2 = ee.ImageCollection("LANDSAT/LT05/C01/T1_SR") .filterDate('2002-03-16','2002-03-24') 

var extract52 = 

landsat5_sr2.filterBounds(watershed).filterMetadata('WRS_ROW','equals',43).filterMetadata('WRS_PATH','equals',152) 

var cloudFilter52 = extract52.filter(ee.Filter.lt('CLOUD_COVER',5)) 

var image52= ee.Image("LANDSAT/LT05/C01/T1_SR/LT05_152043_20020322") 

Map.addLayer(image52,{bands:['B3','B2','B1'],min:0,max:1000},'Landsat 5 #2') 

print(image52) 

 

var landsat8_sr = ee.ImageCollection('LANDSAT/LC08/C01/T1_SR').filterDate('2020-03-07','2020-03-08') 

var extract8 = 

landsat8_sr.filterBounds(watershed).filterMetadata('WRS_PATH','equals',152).filterMetadata('WRS_ROW','equals',43) 

var cloudFilter8 = extract8.filter(ee.Filter.lt('CLOUD_COVER',5)) 

var image8= ee.Image("LANDSAT/LC08/C01/T1_SR/LC08_152043_20200307") 

Map.addLayer(image8,{bands:['B4','B3','B2'],min:0,max:1000},'Landsat 8') 

print(image8) 

 

Export.image.toDrive({ 

  image: elevation, 

  region: watershed, 

  scale: 30, 

  maxPixels: 1e13, 

  description: 'elevation' 

}) 

 

Export.image.toDrive({ 

  image: hillshade, 

  region: watershed, 

  scale: 30, 

  maxPixels: 1e13, 

  description: 'hillshade' 

}) 

 

Export.image.toDrive({ 

  image: slope, 

  region: watershed, 

  scale: 30, 

  maxPixels: 1e13, 

  description: 'slope' 

}) 

 

Export.image.toDrive({ 

  image: water, 

  region: watershed, 

  scale: 30, 

  maxPixels: 1e13, 

  description: 'water' 

}) 

 


