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ABSTRACT 

It has been a technical challenge to accurately detect urban wetlands with 

remotely sensed data by means of pixel-based image classification. This is mainly caused 

by inadequate spatial resolutions of satellite imagery, spectral similarities between urban 

wetlands and adjacent land covers, and the spatial complexity of wetlands in human-

transformed, heterogeneous urban landscapes. Knowledge-based classification, with 

great potential to overcome or reduce these technical impediments, has been applied to 

various image classifications focusing on urban land use/land cover and forest wetlands, 

but rarely to mapping the wetlands in urban landscapes. This study aims to improve the 

mapping accuracy of urban wetlands by integrating the pixel-based classification with the 

knowledge-based approach. The study area is the metropolitan area of Kansas City, USA. 

SPOT satellite images of 1992, 2008, and 2010 were classified into four classes – 

wetland, farmland, built-up land, and forestland – using the pixel-based supervised 

maximum likelihood classification method. The products of supervised classification are 

used as the comparative base maps. For our new classification approach, a knowledge 
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base is developed to improve urban wetland detection, which includes a set of decision 

rules of identifying wetland cover in relation to its elevation, spatial adjacencies, habitat 

conditions, hydro-geomorphological characteristics, and relevant geostatistics. Using 

ERDAS Imagine software’s knowledge classifier tool, the decision rules are applied to 

the base maps in order to identify wetlands that are not able to be detected based on the 

pixel-based classification. The results suggest that the knowledge-based image 

classification approach can enhance the urban wetland detection capabilities and 

classification accuracies with remotely sensed satellite imagery. 
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CHAPTER 1 

INTRODUCTION 

Urbanism is one of the most popular topics in the social and natural sciences in 

recent decades of years. Urban development has received lots of attention, and one focus 

has been on the land use/land cover change (Kaiser, Godschalk and Chapin, 2003). 

Among the kinds of urban land covers, impervious surfaces are becoming a major 

indicator of urban development. Impervious surfaces can be defined as any material that 

prevents the infiltration of water into the soil, such as roads and rooftops (Arnold and 

Gibbons, 1996). Researchers have studied the impervious surfaces from various 

perspectives, including those of remote sensing and mapping techniques (Weng, 2012), 

the interference of impervious surfaces’ development on soil composition and water 

quality (Raciti, Hutyra and Finzi, 2012; Young, 2013), and its impacts both on ecological 

environment and climatic conditions like the urban heat island effect (Zhang et al., 2013; 

Ma et al., 2012). 

In contrast to impervious surfaces, wetland-cover dynamics have not received 

sufficient attention in previous urban land cover change studies, although urban wetlands 

may serve as a non-replaceable indicator of urban development in many cities based on 

the following observations and considerations: 

(1) Being closely associated with residential and business facilities, urban 

wetlands could play a vital role in urban ecology and human life. Wetlands function as 

the downstream receivers of water and waste from both natural and human sources, as 

well as water supply stabilizers and polluted water cleansers (Mitsch and Gosselink, 
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2007). They produce the fresh water by filtering and removing various chemicals and 

potentially toxic elements (ME Assessment, 2005). Also, urban wetlands provide unique 

habitats for various plants and animals, and resting places for human beings. In addition, 

urban wetlands are beneficial to the local environment and climate due to their status of 

central medium among the atmosphere, hydrosphere, lithosphere, and biosphere (Gould, 

Schnaiberg and Weinberg, 1996). 

(2) Urban wetlands would be sensitive to human disturbances. Urban wetlands 

may help maintain the quality of the urban environment, however, human activities, such 

as air and water pollution from industrial manufacturing, and landscape change due to 

utility construction, would upset the balance of urban wetlands dynamics. Azous and 

Horner (2010) stated that the high toxic metals accumulations have been found in inlet 

zones of wetlands affected by urban runoff, which might affect wetland health when their 

concentrations exceed the absorbable limitation of wetlands. Cutway and Ehrenfeld 

(2010) demonstrated that wetlands within residential and industrial areas are suffering 

more extensive and severe biological invasions that threatened the ecological balance 

water environment. As such, the urbanization would destroy wetlands extensively, and 

also, lead to the impairment of wetland function in remaining urban wetlands (Boyer and 

Polasky, 2004). Thus, urban wetland change can indicate urban development 

sustainability reliably. 

(3) Urban wetland changes can be influenced by various factors. Precipitation 

might affect urban wetlands significantly, because the impervious surfaces lead to low 

water infiltration, which results in the increase in runoff and even increase in possible 

flooding (Pryor, 2005). And the water declining flows in urban wetlands adversely affect 
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agricultural, industrial or domestic uses, both directly and indirectly. For instance, the 

wetland hydrology changes as a result of urbanization and redevelopment (Boyer and 

Polasky, 2004). Urban wetland changes are also the result of global climate change, with 

changes of habitats, and altered distribution of wetland vegetation (Willard and Bernhardt, 

2011). Therefore, it is meaningful and beneficial to detect urban wetland dynamics 

because of their unique characteristics and functions. 

Remote sensing techniques have been widely utilized in landscape change studies, 

including in urban areas. The studies for remote sensing methods used for mapping 

accurate land use/land cover and determining land use/land cover dynamics have been 

one of the important components in recent remote-sensing research (Manandhar, Inakwu 

and Ancev, 2009). 

For the last few decades, the common approach to detect wetlands from 

multispectral satellite imagery was mainly the pixel-based image classification. In these 

digital classifications, the wetland was one of several classes that indicate different land 

uses or land covers. However, the accuracy of wetland detection by means of pixel-based 

classification has been limited, especially in the urban environment. This limitation is 

mainly caused by the following:  

(1) Inadequate spatial resolution of satellite imagery. As the result of transitions 

in architecture and building density, vegetation and intensive socioeconomic activities at 

the block level in cities, urban landscapes, including wetlands, are highly heterogeneous 

with varied spatial scales (Cadenasso, Pickett and Schwarz, 2007) that require satellite 

imagery with sufficiently high resolutions. Thapa and Murayama (2009) utilized four 

approaches, including unsupervised, supervised, fuzzy supervised, and GIS post-
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processing, to the land use/land cover classification for Tsukuba City, Japan. Each 

approach was limited by the spatial resolution, as well as spectral and radiometric 

properties of the image data. However, it is not feasible to utilize super-high resolution 

imagery in the city scale due to inestimable data size. Thus, it is compromise to use 

imagery sources of relatively high resolution, which is still not adequate for accurate 

image classification at a metropolitan scale. 

(2) Spectral similarities between urban wetlands and adjacent land covers. The 

pixel-based classification methods require spectral differentiation among the land covers. 

But some urban features have similar spectral characteristics to the adjacent wetlands, 

which makes it difficult to distinguish them from using remotely sensed imagery. 

Houhoulis and Michener (2000) found that many herbaceous wetlands have spectral 

signatures similar to grasslands and forestlands, which create difficulties in image 

classification. Shackelford and Davis (2003) determined that many urban land cover 

types are spectrally similar over urban areas, which prompted them to utilize some spatial 

information such as texture and context in land use/land cover classification. Ban, Hu and 

Rangel (2010) concluded that the classification errors in their result, with low-density 

urban areas having rather low user’s accuracy, was mainly caused by the land-covers’ 

spectral similarities on Quickbird images. 

(3) Spatial complexity of wetlands in human-transformed, heterogeneous urban 

landscapes. Pham, Yamaguchi and Bui (2011) figured out that the heterogeneity and 

complexity of urban areas are one of the key problems when they tried to investigate the 

relationship between urbanization and urban land use plans using a new approach by 

combining remote sensing and spatial metrics. The modern urban areas are developing in 
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both horizontal and vertical directions. This leads to varying levels of overlapping urban 

land uses. In addition, people combine some residential and recreational areas with 

original urban wetlands areas. As a result, these images that contain mixed pixels are 

often inadequate to classify a single cell as belonging to only one class (Shackelford and 

Davis, 2003). Thus, it is a challenge to detect urban wetlands from planar satellite 

imagery alone due to the spatial complexity of urban landscapes. 

In summary, urban wetlands cannot be well detected by the common methods due 

to the inadequate spatial resolutions of satellite imagery, spectral similarities between 

urban wetlands and adjacent land covers, and spatial complexity of wetlands in human-

transformed, heterogeneous urban landscapes. As such, though relatively subjectively but 

thought-provokingly, Jensen (2005) opined that remote sensing classification remains 

low in reliability over years because 95% of the scientists using it rely on only one 

variable such as spectral characteristic or black and white tone to classify land use/land 

cover. 

If the pixel-based classification methods have limitations to urban wetland 

detection, are there any alternative, more suitable approaches for this task? Knowledge-

based classification might be an answer, which has been applied to various image 

classifications focusing on urban land use/land cover and forest wetlands. But few efforts 

were made to test this technique for mapping the wetlands in urban landscapes. Filling 

this technical gap has been the focus of this study, which addresses the following 

research questions:  

 Can knowledge-based classification overcome or reduce the technical 

impediments of the pixel-based approach? 
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 What indicators are necessary to create a knowledge base for urban wetland 

detection? 

 How should the parameter criteria be set for each indicator in the knowledge base? 

 What are the advantages and disadvantages of the knowledge-based approach? 

 Is it possible to integrate pixel-based classification with the knowledge-based 

approach as a hybrid solution to solve the technical challenge of urban wetland 

mapping? 

 Can knowledge-based classification help improve the accuracy of urban wetland 

detection at varied spatial scales? 

 Are the results of urban wetland dynamic trends generated by the new rule-based 

approach consistent with results by pixel-based supervised classification? 

Research Objectives 

This study aims to improve the mapping accuracy of urban wetlands by 

integrating the pixel-based classification with the knowledge-based approach. The study 

area was the metropolitan area of Kansas City, USA. SPOT satellite images of 1992, 

2008, and 2010 were classified into four land-cover classes – wetland, farmland, built-up 

land, and forestland using the pixel-based supervised maximum likelihood classification 

method developed in a previous dissertation study (Murambadoro 2011), which provided 

the comparative base maps for this study. This dissertation research was also directed by 

Wei Ji as a part of his US EPA-funded project. Thus, this study has the permission to use 

the data and information of the previous project. In addition, the land cover maps 

produced by the knowledge-based approach were used for the wetland-cover change 

analysis in multi-spatial dimensions. 
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The specific objectives were as follows: 

 Develop proper rules and criteria values and then create a knowledge base for 

urban wetland detection for the Kansas City metropolitan area. 

 Generate land-cover classified images for 1992, 2008, and 2010, by using 

knowledge-based approach based on SPOT multispectral images. 

 Check the accuracy assessment of each generated new land-cover classified 

images, and compare with the land-cover images generated previously by the 

pixel-based approach alone. 

 Quantitatively compare the urban wetland changes by using different 

classification methods in watershed scale. 

 Compare the results of urban wetlands detected by using different classification 

methods from the perspective of local observation. 

 Assess the urban wetlands and other land cover dynamics from 1992 to 2010. 

 Controlling for the influence of large water bodies, quantitatively compare the 

urban wetland changes by using different classification methods. 

 Assess the influence of large water bodies such as major rivers and lakes on the 

wetland-cover dynamics. 

Study Area 

This study focused on the Kansas City metropolitan area, which is located in the 

center of the United States along the boundary of the states of Kansas and Missouri 

(Figure 1). Kansas City metropolitan area is one of the most representative central U.S. 

cities, with a general topography of plains and hills. The metropolitan area covers 14 

counties with a population of over two millions (MARC, 2013), ranked 30
th

 among the 
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metropolitan areas in the U.S. (United States Census Bureau, 2013). Progressing rapidly 

in recent decades, the urban area has been sprawled over the study area (Ji et al., 2006). 

At the confluence of the Missouri River and the Kansas River, Kansas City 

metropolitan area lies in the humid continental climate zone, with four distinct seasons. 

Precipitation, both in frequency and total accumulation, shows a marked uptick in late 

spring and summer (Missouri Climate Center, 2014). 

 

 

Figure 1.--Location of the Kansas City metropolitan area used as the study area 

The research focused on the major watersheds in the study area in order to 

develop the criteria values in the knowledge base. Hydrological conditions are more 

correlated with landscape characteristics at the watershed level than at finer scales. Thus, 
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it was beneficial to set criteria values for each rule according to the watershed conditions. 

The selected watersheds included the Blue River, Little Blue River, and Shoal Creek-

Missouri River, covering approximately 80% of the study area (Figure 2). However, none 

of them was completely contained in the study area boundary because of the imperfect 

match between the SPOT satellite images and completed watershed boundaries. 

Generally, the Little Blue River watershed has the most abundant water resources and is 

comparatively less urbanized than the other two. The Shoal Creek-Missouri River 

watershed covers the bulk of the downtown Kansas City area with a relatively high 

percentage of impervious surfaces. The Blue River watershed, where Johnson County, 

Kansas is located, has experienced relatively rapid urban sprawl and land cover change in 

recent decades. 
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Figure 2.--Location of three major watersheds in the Kansas City metropolitan area 

used as a sub-study area 
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CHAPTER 2 

LITERATURE REVIEW 

Wetlands 

Undoubtedly, water is the main carrier of the global material circulation and 

energy flow. In other words, the hydrosphere is the central medium among the earth 

systems. The wetland, with hydrosphere and biosphere components, is a major type of 

water body that is closely related to human life. Mitsch and Gosselink (2007) asserted 

that wetlands have been recognized as one of the most significant ecosystems on Earth. 

Wetlands are sometimes described as “the kidneys of the landscape” because they 

receive water and waste from both natural and human sources. In addition, their self-

purification capacity can help cleanse the polluted waters, although that ability is limited. 

And they can balance the water supplies to maintain groundwater aquifers, as well as 

ameliorate both floods and droughts (Mitsch and Gosselink, 2007). 

Wetlands also have been called “ecological supermarkets” because they can 

support extensive food chains and rich biodiversity. Organisms cannot live without water 

in the environment. Wetlands provide sufficient water sources and unique habitats to 

both terrestrial and aquatic livings. Moreover, helping reduce global climate change, 

wetlands now are important carbon sinks for global carbon cycling (Mitsch and 

Gosselink, 2007). In addition, Mitsch et al. (2013) demonstrated that most wetlands are 

net carbon sinks and not radiative sources of climate change, because they contribute 

more to carbon sequestration than methane emissions. 
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These values of wetlands make them sensitive to both natural and human 

disturbances. Thus, though wetlands are not pointed out as a common indicator, wetlands 

still indicate environmental change, especially when we are concerned with biological 

and human factors. 

The definitions of wetlands vary among different countries and organizations. 

The U.S. Environmental Protection Agency (EPA) and the U.S. Army Corps of 

Engineers (ACE) jointly define wetlands as (Clean Water Act, 1972): 

those areas that are inundated or saturated by surface or ground water at a 

frequency and duration sufficient to support, and that under normal 

circumstances do support, a prevalence of vegetation typically adapted for 

life in saturated soil conditions. 

The U.S. Fish and Wildlife Service (USFWS) defines wetlands as (Cowardin et 

al., 1979):  

lands transitional between terrestrial and aquatic systems where the water 

table is usually at or near the surface or the land is covered by shallow water. 

For purposes of this classification wetlands must have one or more of the 

following three attributes (1) at least periodically, the land supports 

predominantly hydrophytes (2) the substrate is predominantly un-drained 

hydric soil (3) the substrate is non-soil and is saturated with water or covered 

by shallow water at some time during the growing season of year. 

Internationally, the Ramsar Convention on Wetlands (Ramsar Convention Bureau, 

2012) defines wetland in categories, such as bog, fen, inland wetland, and coastal 

wetland, rather than identifying the common characteristics to them all. In addition to the 

other wetland types, the Convention definition of wetlands includes open water. 

The U.S. Fish and Wildlife Service (USFWS) began to conduct a nationwide 

inventory of U.S. wetlands from 1974 using the Cowardin et al. (1979) nomenclature. 

The classification system identifies five systems, 10 subsystems, 55 classes, and an 
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unspecified number of dominance types (Figure 3). The five major systems are 

categorized by complex wetland characteristics, such as the presence of hydric soils and 

hydrophytes. 

  



14 

 

Figure 3.--USFWS wetland and deepwater habitat classification hierarchy 

(Cowardin et al., 1979) 
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Besides the wetland classification system, the wetland mapping standard was also 

endorsed in the U.S. by the Federal Geographic Data Committee (FGDC) in 2009. The 

wetland mapping standard helps to support accurate mapping and classification of 

wetlands over the extent of the entire nation. It standardizes almost all the steps of the 

wetland mapping procedure. For instance, it is required that the classified map products 

should be accurate in the measurement of the target mapping unit (TMU) and the 

producer’s accuracy (PA) metrics (FGDC, 2009). 

Urban Wetlands 

Urban wetlands are always not considered as an independent concept like forested 

wetlands or coastal wetlands. That might be attributed to its small position in the entire 

wetland system. From the global wetland distribution produced by Ramsar Convention 

Bureau (Figure 4), it is not difficult to see that most of the wetland areas are not 

distributed in the major urban regions, such as the East Asia Megalopolis, the Western 

Europe Megalopolis, and the North America Megalopolis, but are located in known 

forestlands and coastal areas. In addition, Matthews and Fung (1987) categorized 

wetlands into several major groups according to whether the wetland is forested or not 

and if the wetland is coastal or inland. And large numbers of current wetland studies also 

focus on these major wetland types such as forested wetlands or coastal wetlands (Aber, 

Pavri and Aber, 2012). However, less attention on urban wetlands does not mean it is 

insignificant. To the contrary, urban wetlands have strong influence on urban 

development, due to their close relationships with human activities. 
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Figure 4.--Global wetland distribution using wetland groups as defined 

by Matthews & Fung (Ramsar, 2002) 

Urban wetlands are considered as ideal “natural remediation areas” for surface 

runoff and waste produced in urban areas (Lawrenz, Mallonee and Simmons, 2012). 

They produce fresh water by filtering and removing various chemicals and potentially 

toxic elements (Millennium Ecosystem Assessment, 2005). Also, urban wetlands provide 

unique habitats for various plants and animals and resting places for human beings. 

Besides, urban wetlands are beneficial to the local environment and climate due to their 

status of central medium among the atmosphere, hydrosphere, lithosphere, and biosphere 

(Gould et al., 1996). 
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Urban and suburban development became a major demographic and social subject 

in the last 100 years as population became concentrated in urban area and the proportion 

of the human population living in urban areas increased from 14% to over 50% (Platt, 

Rowntree and Muick, 1994). This urbanization has a significant effect on land-use/ land-

cover change, which indicates changing human social patterns, economies, and natural 

resources. Such changes, especially in built-up areas, affect wetlands and their 

hydrological processes. 

Urbanization of areas surrounding a wetland frequently has various serious 

consequences on the ecosystem. Direct impacts the dredging, filling, and drainage of 

wetlands. Indirect impacts on the wetlands occur through the alteration of the hydrologic 

system (Aber et al., 2012).  

Urbanization directly impacts these remaining wetlands by changing their 

hydrology, increasing runoff of nutrients and pollution, increasing exposure to introduced 

species, and increasing fragmentation (Azous and Horner, 2010). Darnell (1976) 

indicated that construction impacts wetlands by causing changes in habitats through the 

addition of solids, altering hydrology, and lowering water quality. Kuang (2012) found 

that the proportion of impervious surface area in watersheds has significant linear 

relationships with the densities of river chemical oxygen demand (COD) and ammoniacal 

nitrogen (NH3-N), which suggests that the dense impervious surface distribution in urban 

areas has serious impact on water quality in wetlands. Lee et al. (2006) suggested that an 

increase in the amount of impervious areas resulting in rain runoff concentration, 

influences the runoff quality through the drainage of sediment, nutrients, and pollutants 

in urban areas. Indirect impacts, including changes in hydrology, eutrophication, and 
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sedimentation, can alter wetlands more than direct impacts, such as drainage and filling 

(Azous and Horner, 2010). Urbanization may decrease extensive areas of wetland 

landscape, may modify the complexity of wetland composition, and may fragment the 

integrity of the individual wetland (Azous and Horner, 2010). By analyzing the 

relationship between water quality index and urbanization index, Das et al. (2010) 

pointed out the increase in urbanization could degrade the quality of rain water and 

further impact the urban water system. Gardner and Royer (2010) found that road salt 

runoff increased in the regions experiencing urbanization and increased road density, 

which has potentially toxic effects on aquatic life in urban wetlands. Utilizing 

amphibians as indicators, Guzy et al. (2012) demonstrated that the ecological integrity of 

wetlands is threatened by human disturbance. McCauley, Jenkins and Quintana-Ascencio 

(2013) found that isolated wetlands decreased and degraded over the last two decades in 

an increasingly urbanized landscape, indicating that urbanization is a leading cause of 

habitat destruction and fragmentation. These impacts affect distribution and abundance of 

plants, vertebrates, and microbes that are closely associated with wetlands. 
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Figure 5.--Model of human-induced impacts on wetlands (Mitsch and Gosselink, 2007) 
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Many researchers have used impervious surface development as an indicator of 

human impacts in urban areas. However, urban wetlands could be more sensitive to 

human disturbances than impervious surfaces. Urban wetlands can be used as indicators 

of urban landscape change. Impervious surfaces are a mere expression of area changes, 

but wetland disappearance or emergence can indicate the nature of urban development 

with regard to the health of the watersheds in which the development is taking place 

(Murambadoro, 2011). Thus, accurate urban wetland mapping helps indicate human 

impacts in urban areas.  

Traditional Image Classification Methods 

The use of spectral or pixel-based classifiers with remotely sensed data began in 

the 1970s (Anderson et al., 1976). These pixel-based approaches, including both 

unsupervised and supervised classification techniques, match the spectral classes in the 

data to the information classes of interest (Chaudhuri, 2008).  

Supervised image classification is a method of classification using the spectral 

signatures obtained from training sites to represent each land-cover category of interest 

(ERDAS, 2008). The training sites are defined by the analyst as some small homogenous 

areas. The supervised classification method requires a combination of fieldwork, map 

analysis, and personal experience. The delineation of training areas is most effective 

when an analyst has sufficient knowledge of the regional geography and experience with 

the spectral properties of land covers or land uses (Skidmore, 1989). 

The pixel-based approaches benefit the analysts in that they do not have to match 

spectral categories on the final map with information categories of interest. But the 

techniques are limited by the neglect of the spatial arrangement of pixels. The unique 
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spectral classes can contain a number of sub-classes information in the real world, rather 

than a simple one-to-one match with the pixel groups (Chaudhuri, 2008).  

These traditional classification methods have been frequently adopted in urban 

wetland monitoring. Zhou et al. (2010) utilized the optimal iterative unsupervised 

classification (OIUC) method to map land-cover change in urban wetlands using high 

spatial resolution IKONOS satellite images, and found a decrease in the area of water 

bodies and an increase in the area of vegetation in the wetland. The overall accuracies 

were 83.2% and 86.3% for two images. Friedl et al. (2010) described the datasets and 

algorithms used to create the Collection 5 MODIS Satellite Global Land Cover Type 

product, which is substantially changed relative to Collection 4, developed to address 

limitations of the algorithm for the urban and wetland classes, with the overall accuracy 

of 75%. Moran (2010) stated that the shadow problem caused by topography, tall 

buildings, and trees, often led to poor classification performance based on the traditional 

per-pixel spectral-based classification methods when he mapped urban land cover using 

Quickbird satellite imagery. 

Knowledge-based Image Classification 

The advent of knowledge-based classification techniques came later than 

traditional methods. Skidmore (1989) attempted to solve complex real-world problems 

by constructing an expert knowledge system based on the slope, aspect, geomorphology, 

and geology of the area. The knowledge base is represented as a hierarchical diagram 

consisting of hypotheses (final and intermediate class definition), rules (conditional 

statement concerning variables), and variables (raster or scalar), which can be used in the 

classification procedures along with the spectral information (ERDAS, 2008). Such 
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classification is known as knowledge (or rule) based classification. Uddin and Gurung 

(2010) monitored the land cover change over the whole of Bangladesh from 1977 to 2001 

by adopting a rule-oriented classification method based on the official data of land 

management. Using Monte Carlo simulation model, Suchenwirth (2012) mapped the 

distribution and estimated the total storage of both below- and above-ground organic 

carbon stocks in riparian forests of Central Europe based on the knowledge of vegetation. 

However, the disadvantage of using the knowledge-based classifier is the 

difficulty of creating the knowledge base and the availability of reliable training data 

(Chaudhuri, 2008). In order to overcome this challenge, several researchers have 

attempted and successfully used rule-based classification techniques by integrating GIS 

data with remotely sensed data (Jensen, 2005). 

There are several cases that have utilized the knowledge-based classification 

approach to research dealing with wetlands. Zhang et al. (2011) classified the coastal 

wetland vegetation through an unsupervised method combined with expert rules, 

providing significantly better classification results than maximum likelihood classifier – a 

common algorithm of pixel-based classification. Yuan, Zhang and Li (2009) classified 

Yinchuan plain wetlands based on the knowledge base consisting of Tasseled Cap 

transformation (the conversion of the readings in a set of channels into composite values) 

and NDVI (Normalized Difference Vegetation Index), improving the overall accuracy 

from 64.60% of supervised classification to 83.8%. Li and Chen (2005) applied a rule-

oriented method for mapping Canada’s wetlands using ETM+ optical, radar and digital 

elevation model (DEM) data. The accuracy of test results ranged from 71% to 92% when 

using the new rule-based method. 
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However, the knowledge-based classification has rarely been utilized in urban 

wetlands mapping, which is a unique feature in this research. 

Previous Work 

The previous remote sensing study of urban wetlands, whose results were used 

for the comparative analysis in this study, was supported by US EPA through a funding 

award (CD 97701501) to Dr. Wei Ji, my research advisor. Dzingirai Murambadoro, a 

former doctoral student of Dr. Wei Ji, conducted the image processing and analysis for 

this funded project as a part of his dissertation research under Dr. Ji’s supervision. 

In the previous work, the images were classified into four classes – wetland, 

farmland, built-up land, and forestland using pixel-based supervised maximum likelihood 

classification method. All the classified images and other data used in the previous 

dissertation study (Murambadoro, 2011) are permitted to be used in this research. 
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CHAPTER 3 

METHODOLOGY 

The research approach involved the following: (1) subsetting the supervised 

classified images provided by previous work; (2) creating a knowledge base for the rule-

oriented approach using the various datasets; (3) mapping the urban wetlands by 

integrating the former pixel-based classification with the knowledge-based approach; (4) 

verifying the effectiveness of this new method by comparing the results of accuracy 

assessment; (5) analyzing the urban wetland dynamics via the urban wetland statistics 

and the small water bodies statistics (without the influence of large lakes and major 

rivers).  
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Figure 6.--Flow chart of the major tasks carried out in this study 
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Data 

Table 1.--Data used in this study 

Data Description 

SPOT images (band 1-3) 1992, 20m spatial resolution 

SPOT images (band 1-4) 2008, 2009, and 2010, 10m spatial resolution 

Historical images Used as base maps for accuracy assessment 

Watershed boundaries Used to determine the boundaries of sub-study areas 

Agricultural field 

polygons 

Photo-interpreted – unique for all years; used in the decision 

trees 

River polylines Used as the background for river wetlands 

Land cover classification  
Generated by maximum likelihood (ML) algorithm; served 

as baseline classification 

Digital elevation model Horizontal resolution ≈ 3m; vertical resolution ≈ 0.1m 

Slope model Calculated from the DEM; used in the decision tree 

NDVI maps 
Normalized Difference Vegetation Index (NDVI) map was 

calculated from satellite imagery; used in the decision tree 

Hydric soil surface 
Used as the indicator of potential wetlands in the decision 

tree 

Wetland vegetation 

Distribution and density of various wetland vegetation 

types; used to help determine the locations of vegetated 

wetlands 

 

All the SPOT images were acquired from the previous work. SPOT images for 

1992 and 2008 were procured from the SPOT Image Corporation, Virginia, USA and 

aerial photographs were produced by Western Air Maps Inc. (now a part of Wilson & 

Company). Five SPOT satellite images were used in this study, including two SPOT-2 
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1992 images with 20m spatial resolution. One 1992 image covered the northern part of 

the Kansas City metropolitan area and other covered the southern part. A mosaic of these 

two images was used in this research. In addition, the study also utilized three 10m 

spatial resolution SPOT5 images acquired in 2008, 2009, and 2010, respectively. The 

1992 images had three spectral bands and the 2008-2010 images had four bands, 

including three multi-spectral bands and one panchromatic band. All the SPOT images 

were geo-referenced, enhanced, and then subjected to supervised classification. For 

analysis purposes, all data were projected to the same coordinate system. 

Table 2.--Characteristics of SPOT images 

Sensor Orbit Date Time Spectral mode* No. of bands 

SPOT 2 587-272 29-Jan-92 17:23:19 XS 3 

SPOT 2 587-271 29-Jan-92 17:23:11 XS 3 

SPOT 5 586-271 8-Oct-08 17:06:42 J 4 

SPOT 5 586-271 23-Apr-09 17:20:47 J 4 

SPOT 5 586-271 11-Aug-10 17:12:31 J 4 

* XS multispectral mode: the green, red, and infrared bands of the electromagnetic 

spectrum; J mode: the XS mode with higher resolution of 10m. 

 

This study also adopted the super-high resolution satellite images and some aerial 

photographs (street view model) from Google Earth as the base maps for accuracy 

assessment. The historical images were captured in September 1998, July 2008, and 

September 2010, corresponding to the classified images in the similar years.  
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The watershed digital boundaries (GIS shapefiles) were acquired from the State 

Office of Missouri Natural Resources Conservation Service to determine the boundaries 

of sub-study areas and the agricultural field polygons used to distinguish the wetlands 

from hydrous agricultural fields. 

Hydric soil data (GIS shapefiles) were acquired from the Natural Resources 

Conservation Service (USDA NRCS) to indicate the potential wetlands. 

The research used the digital elevation models (DEM) acquired from U.S. 

Geological Survey (USGS) to derive elevation and slope datasets, with approximately 3m 

as horizontal resolution and 0.1m as vertical resolution. The slope raster surfaces were 

calculated from the DEM data. 

The Normalized Difference Vegetation Index (NDVI) is a simple numerical 

indicator that can be used to assess whether the target being observed contains live green 

vegetation or not. The NDVI datasets in this study were calculated from SPOT images 

using the formula as: 

     
             

             
 

 

Subsetting Images 

All the images classified by the maximum likelihood algorithm were subset to 

three sub-products according to the watershed boundaries of sub-study areas, before 

being applied to rule-oriented classification and further analyses. As a result, three land-

use/ land-cover (LULC) images for Blue River watershed, Little Blue River watershed 

and Shoal Creek-Missouri River watershed were generated for each year studied. 
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Creating the Knowledge Base 

In this study, we applied the decision rules to the base maps using the ERDAS 

IMAGINE 2011 Expert Classifier software, which provides a rule-based approach to 

multispectral image classification, post-classification refinement, and GIS modeling. In 

essence, an expert classification system is a hierarchy of rules, or decision tree, that 

describes the conditions under which a set of low-level constituent information get 

abstracted into a set of high level information classes (ERDAS, 2001). 

The Expert Classifier is composed of two parts: the Knowledge Engineer and the 

Knowledge Classifier. The Knowledge Engineer provides the interface for the 

application to identify the variables, rules, and output classes of interest and create the 

hierarchical decision tree with first-hand knowledge of the data. The Knowledge 

Classifier provides an interface to apply the knowledge base and create the output 

classification (ERDAS, 2001). 

In this study, two hypotheses have been established to indicate the urban wetland 

cover, including open wetlands and vegetated wetlands. This is because the open 

wetlands and vegetated wetlands have various differences in characteristics such as 

spatial location and habitat condition. Three other hypotheses were created to keep 

default output as previous work (pixel-based classification) for all the other pixels in land 

covers of farmland/grassland, impervious surface, and forestland, which meet no other 

criteria to trigger classification by rules. 
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Table 3.--Variables used in the knowledge base 

Property Variables Description 

Terrain 

Elevation 
Urban wetlands are always located in low-lying 

places 

Slope Help define the concentration of urban waters 

Spatial 

adjacencies 

Distance from rivers 
Vegetated wetlands are always near large water 

bodies 

Distance from 

impervious surfaces 

Open wetlands are typically kept in certain 

distance from artificial constructions 

Habitat 

conditions 

NDVI 

The Normalized Difference Vegetation Index 

(NDVI) of wetlands are always lower than other 

urban features 

Wetland vegetation 
The distribution and density of wetland vegetation 

help define the urban wetlands 

Hydrogeomor-

phological 

characteristics 

Agricultural polygon 

surface 

Agricultural lands are always formed as regular 

polygons, while wetlands are not 

Hydric soil surface Help define the potential urban wetlands 

Area 
Open wetlands are always larger than a specific 

size value (i.e. the size of outdoor swimming pool) 

Relevant 

geostatistics 
ML class 

Only works with the class of wetlands which is 

classified by pixel-based approach using maximum 

likelihood (ML) algorithm 

 

The knowledge base in this research included a set of decision rules of identifying 

wetland cover in relation to their elevation, spatial adjacencies, habitat conditions, hydro-

geomorphological characteristics, and relevant geostatistics. Based on these five 

properties, 10 variables have been considered in the knowledge base (Table 3). Except 
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the elevation, slope, and NDVI data which are already in raster formats, the vector data 

sets, including distance from rivers, wetland vegetation, agricultural polygons, and hydric 

soil surfaces, were converted to the raster data before used in the knowledge base. And 

previous maximum likelihood (ML) class values for each land cover depend on the 

supervised classification products. The variables of wetland area and distance from 

impervious surfaces were determined by the single-class raster datasets extracted from 

the land cover maps using image mask techniques. 

Based on these 10 variables, seven rules have been developed to determine 

different conditions of potential urban wetlands. Among them, three rules are set for open 

wetlands and four for vegetated wetlands. All the decision rules used in this study are 

shown in Table 4. 

Rule 1a determines the pixels in wetlands cover detected in the previous work 

that are located in low-lying places, indicating the portion of open wetlands that can 

hardly dry out. The slope value of 9% is derived from Daniels’ work (2006), and the 

NDVI value has been modified several times in order to obtain better classification 

results. 

Rule 1b determines the pixels in wetlands cover detected in the previous work 

within a specific distance from impervious surfaces, which always have a larger area than 

that of human constructions covered with water, such as fountains and outdoor 

swimming pools. The value for area limitation is calculated from the size of the 

international standard swimming pool (50m×25m),  

Rule 1c determines the pixels in wetlands cover, detected in the previous work, 

which has a high coverage of hydric soils – a feature of wetlands.  
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Rule 2a determines the pixels in farmlands/grasslands cover, detected in the 

previous work, occurring at an elevation below groundwater level outside cultivated 

crops fields. The groundwater level (or water table) varies in different watersheds, and all 

the lands lower than this level would be inundated, theoretically. And this rule also 

excludes the possibility of misclassifying the irrigated farmlands as vegetated wetlands. 

The groundwater level values are obtained from Groundwater Levels for the Nation, 

USGS, averaging the data from 1992 to 2010 in each watershed, in order to avoid an 

error because of data discontinuity. 

Rule 2b determines the pixels in farmlands/grasslands cover, detected in the 

previous work, occurring at an elevation below 235m/228m and within a distance of 

30m/20m from rivers. This rule indicates the low-lying places near rivers that would 

likely be inundated by river water. 

Rule 2c determines the pixels in forestlands cover, detected in the previous work, 

occurring less than a distance of 30m/20m from a river, with an elevation lower than 

235m/228m, and an NDVI value larger than 0.40/0.35, as well as where wetland 

vegetation occurred. This rule is similar to Rule 2b, but adds one variable – NDVI to 

more accurately delineate features of forestland cover. The elevation values in Rule 2b 

and 2c are drawn from average surface water level heights of the Missouri River, which 

could be inquired from the National Water Information System, USGS. 

Rule 2d helps keep default output as previous work for all the other pixels in 

wetlands cover, detected in the previous work, which meets no other criteria to trigger 

classification by rule. 
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Table 4.--Three sets of criteria (for 1992, 2008, and 2010) defining rule-based algorithms 

(modified from Daniels, 2006) 

  1992 2008 2010 Description 

Hypothesis 1. Open wetlands 

Rule 

1a 

Slope ≤9% ≤9% ≤9% The pixels in wetlands cover detected in the 

previous work (the ML-based classification) 

which are located in low-lying places, are 

reclassified as open wetlands. 

NDVI ≤-0.1 ≤-0.2 ≤-0.2 

ML class 1 1 1 

(weight) (0.80) (0.80) (0.80) 

Rule 

1b 

Distance from 

impervious surfaces 
≤100m ≤100m ≤100m The pixels in wetlands cover detected in the 

previous work (the ML-based classification) 

within a specific distance from impervious 

surfaces, which always have larger area than 

those human constructions covered with water, 

are reclassified as open wetlands. 

Area 
≥0.125 

ha 

≥0.125 

ha 

≥0.125 

ha 

ML class 1 1 1 

(weight) (0.10) (0.10) (0.10) 

Rule 

1c 

ML class 1 1 1 The pixels in wetlands cover, detected in the 

previous work (the ML-based classification), 

which have a high coverage of hydric soils, are 

reclassified as open wetlands. 

Hydric soil surface 1 1 1 

(weight) (0.10) (0.10) (0.10) 

Hypothesis 2. Veg. wetlands 

Rule 

2a 

Elevation* ≤198m ≤198m ≤198m The pixels in farmlands/grasslands cover, 

detected in the previous work (the ML-based 

classification), occurring at an elevation below 

groundwater level outside cultivated crops 

fields, are reclassified as veg. wetlands. 

ML class 2 2 2 

Ag. polygon surface 0 0 0 

(weight) (0.90) (0.90) (0.90) 

Rule 

2b 

Elevation ≤228m ≤235m ≤235m The pixels in farmlands/grasslands cover, 

detected in the previous work (the ML-based 

classification), which are located in low-lying 

places near rivers, are reclassified as veg. 

wetlands. 

Distance from rivers ≤20m ≤30m ≤30m 

ML class 2 2 2 

(weight) (0.60) (0.60) (0.60) 

Rule 

2c 

Distance from rivers ≤20m ≤30m ≤30m 

The pixels in forestlands cover, detected in the 

previous work (the ML-based classification), 

which are located in low-lying places near 

rivers where wetland vegetation occurred, with 

higher NDVI, are reclassified as veg. wetlands. 

Elevation ≤228m ≤235m ≤235m 

NDVI ≥0.35 ≥0.40 ≥0.40 

Wetland vegetation 1 1 1 

ML class 4 4 4 

(weight) (0.90) (0.90) (0.90) 

Rule 

2d 

ML class 1 1 1 Helps keep default output as previous work for 

all the other pixels in wetlands cover, detected 

in the previous work (the ML-based 

classification), which meets no other criteria to 

trigger classification by rule. 

(weight) (0.10) (0.10) (0.10) 

*The groundwater level value varies in different watersheds, 198m (in the table) for Blue River watershed, 193m 

for Little Blue River watershed, and 190m for Shoal Creek-Missouri River watershed. 
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Figure 7.--Decision tree for knowledge-based classification 
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According to the rule-based algorithms listed in Table 4, a decision tree, the 

visual expression of the knowledge base in this study, was developed using ERDAS 

IMAGINE software (Figure 7). 

 

Key steps in the knowledge base building procedure are:  

1. Start Knowledge Engineer under Raster tab in ERDAS IMAGINE 2011. 

2. Select File/New in the menu to create a new file (.ckb) of knowledge base for the 

each individual watershed in years 1992, 2008, and 2010. We name the first 

knowledge base as 1992_br.ckb (Blue River watershed in 1992). 

3. Select Edit/New Hypothesis… to add new hypotheses which represent the land 

covers in this study, including open wetlands, vegetated wetlands, and the other 

land cover types. For the first hypothesis, we name it as Open Wetlands and 

assign the color of blue to it. 

4. Select Edit/New Rule… to add several rules for Open Wetlands. The rules are 

named in a numeric order but not a set of specific names in this study. For the 

first rule, we name it as Rule 1a. Drag Rule 1a to Open Wetlands hypothesis in 

the tree diagram to associate them with each other. 

5. Select Edit/New Variable… to add several variables for Rule 1a.  

6. Define the first variable as Slope in the variable property dialog, when selected 

raster as variable type and imagery as corresponding option. Select slope raster 

image (slope_br_p.img) as input image. 
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7. In the property dialog of Rule 1a, define the variable as Slope from the popup list, 

and then define < and = as its relation, 9 (%) as its value, and 0.80 as its 

confidence value associated with each condition. 

8. Define the second variable for Rule 1a as NDVI from the popup list, when 

selected raster as variable type and imagery as corresponding option. Select 

NDVI raster image as input image. Define < and = as its relation, 0.1 as its value, 

and 0.80 as its confidence. 

9. Define the third variable for Rule 1a as ML class by self-defined. Select the 

supervised classified image of 1992 as input image and use the wetland class as 

cell value. Redefine its value as numeric type of 1, as well as 0.80 as its 

confidence. 

10. By following the same previous steps, generate all the variables for the other rules 

in both hypotheses of Open Wetlands and Veg. Wetlands, according to the table 

of decision rules. 

Knowledge-based Classification 

After the knowledge bases have been created, the Knowledge Classifier allowed 

us to input a limited set of parameters to control the use of the knowledge base and to 

generate the final classified image. Then we could select the classes of interest, and 

determine the path, name, and projection model of output image, by defining the 

parameters in Knowledge Classifier. 

The procedure of knowledge-based classification is: 

1. Start Knowledge Classifier under Raster tab in ERDAS IMAGINE 2011. 
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2. Select the knowledge base file of 1992_br.ckb as input file and click Next to 

graphically view the knowledge base. 

3. After selecting the knowledge base file, the interface automatically advances to 

the Classes page. This is where we may select a subset of classes defined in the 

knowledge base. We select the classes of open wetlands, veg. wetlands, 

grassland/farmland, impervious surfaces, and forestland as from the available 

classes. 

4. Check the missing files by the classification system. 

5. Set the output parameters in the final page of the Knowledge Classifier startup 

sequence. Choose 1992_br.img as the output classified image, 1992_br_conf.img 

as the output confidence image. Set 1 for the value of best classes per pixel. 

6. The final knowledge-based classified image for the Blue River watershed in 1992 

has been generated. Run the same procedures for the other watersheds and 

different years. 

Because this study aimed to improve the accuracy of urban wetland detection, we 

considered all the classes of wetlands as a whole. Thus, we combined the classes of open 

wetlands and vegetated wetlands into a single class named wetland. 

Accuracy Assessment 

By quantifying land-cover classification results, accuracy assessment helps 

identify a suitable classification method. The classification accuracy is usually assessed 

by comparing the classification with some reference data that is believed to accurately 

reflect the true land covers. The results of accuracy assessment can be summarized in 

error matrix, from which some major accuracy measures could be derived, such as 
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overall classification accuracy, producer’s accuracy, user’s accuracy, and Kappa 

coefficient (Foody, 2002). In this research, 200 test samples were examined for each 

image. 

Effectiveness of the Knowledge-based Approach Used for Urban Wetland Detection 

The objective of this study was to assess the effectiveness of the knowledge-based 

approach for urban wetland detection. The assessment process contained three aspects of 

analysis. 

First, we evaluated the improvement of urban wetland mapping accuracy. If the 

rule-based classification is feasible for urban wetland mapping, the accuracy must not be 

lower than that of the method of supervised classification alone. Also, the accuracy 

difference helped to assess the real value of the new approach to wetland detection. 

Second, we analyzed the wetland change when using the new method both from 

the results of area size change and of detected wetland distribution change.  

Third, we compared the differences between the whole water cover change and 

the small water body change. By the comparison, we explored whether the knowledge-

based method is more sensitive to small water bodies or large ones. 

Assessment of Urban Wetland Dynamics 

This research also assessed the urban wetland dynamics temporally to identify 

how urban water changed in Kansas City metropolitan area during the years 1992–2010. 

Using the wetland change as an indicator, we tried to verify the effect of urban sprawl in 

recent decades.  

In addition, by separating the small water bodies (smaller than eight hectares) 

from the major rivers and large lakes, we assessed the urban wetlands dynamics in 
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another spatial scale and tried to verify their interactive relationships with other land 

covers. 
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CHAPTER 4 

FINDINGS AND ANALYSIS 

By integrating the knowledge-based approach with the pixel-based supervised 

classification, three land-use/ land-cover (LULC) images have been produced for Kansas 

City metropolitan area in the year of 1992, 2008 and 2010 (Figures 8–10). 

Each image has been categorized into four classes, including wetland (in blue), 

impervious surface (in red), forestland (in green), and farmland/grassland (in yellow). 

Red area grew rapidly in the study area from 1992 to 2010. This indicates that the study 

area experienced significant urban sprawl in recent decades, supporting the previous 

research conclusion of Ji et al. (2006) addressing the same study area. 

 In this study, urban wetland dynamics was assessed based not only on comparing 

the area change of the wetlands, but also on analyzing changes in mapping accuracy and 

the locational variation of mapped wetlands. 
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Figure 8.--Kansas City metropolitan area land cover in 1992 
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Figure 9.--Kansas City metropolitan area land cover in 2008 
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Figure 10.--Kansas City metropolitan area land cover in 2010 
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Accuracy Assessment and Analysis 

The previous work did the accuracy assessment for both 1992 and 2008 images (Table 5), 

which were generated using supervised the maximum likelihood classification method 

for the entire study area (Murambadoro, 2011).  

Table 5.--Accuracy assessment results produced in previous work (Murambadoro, 2011) 

Land cover 

class 

1992 2008 

Cover 

percent 

Accuracy 

assessment Cover 

percent 

Accuracy 

assessment 

Producer's User's Producer's User's 

Wetland 1.63 96.2 100.0 1.64 100.0 100.0 

Farmland/ 

Grassland 
77.67 88.6 96.3 63.05 87.0 95.2 

Impervious 

surface 
6.38 96.4 87.1 11.03 94.9 97.4 

Forestland 14.33 94.8 87.3 24.28 97.0 87.8 

Total 100.00 92.5 100.00 93.5 

 

It is worthy to point out that both the producer’s and user’s accuracies of wetland 

cover could reach a perfect level, 100%. However, according to the land-cover area 

change (Tables 8 and 9), the knowledge-based method detected larger wetland areas than 

did previously used pixel-based method. The discrepancy means the wetland cover was 

not mapped perfectly in the previous work, and its accuracy should not be as high as 
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100%. Thus, larger wetland cover detected by the knowledge-based classification 

contradicts the perfect accuracy measurements generated in the previous research.  

The analysis reveals that this situation was caused by a sampling strategy adopted 

in the accuracy assessment of the previous research. Murambadoro (2011) used 200-250 

randomly-generated testing samples in the accuracy assessment for each supervised 

classified image. However, only a very small number of the 200-250 testing samples fall 

into the detected wetland cover which occupies only approximately 1.6% of the study 

area. Counting such a small number of test samples in the accuracy calculations would 

mathematically result in apparently high measurements.  

To avoid this problem, in this study all the 200 testing samples for each image 

examined for accuracy assessment were generated with a stratified random method 

(Jensen, 2005) in which an equal number, 50, of test samples fall into each land cover 

class. To comparatively assess the knowledge-based image classification, the study used 

the same method of accuracy assessment to recheck the accuracy of the previous image 

classification (Table 6). The comparison of the accuracies between the two classifications 

indicates a better result from the knowledge-based one, which is discussed in detail 

below. 

The base maps used as guides in identifying the features of interest were National 

Agriculture Imagery Program (NAIP) aerial photographs in the previous work. The 

photographs were captured in the year of 2007 and 2009 for the Kansas City metropolitan 

area. However, one of the SPOT images used for classification was captured in 1992, 

which is much earlier than the base photographs taken. In order to evaluate the land cover 

accuracies more precisely, this study used historical images obtained from Google Earth 
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as comparative base maps in the accuracy assessment in addition to the NAIP aerial 

photographs. The Google Earth historical images were captured in September 1998, July 

2008, and September 2010, corresponding to the land-cover images in 1992, 2008, and 

2010, respectively. Google Earth did not provide historical images before 1998. 

The final results of accuracy assessment in this research are shown in Table 7. 

Table 6.--Accuracy assessment for land-cover images generated by pixel-based  

classification using the stratified sampling design 

Land cover 

class 

1992 2008 2010 

Cover 

percent 

Accuracy 

assessment Cover 

percent 

Accuracy 

assessment Cover 

percent 

Accuracy 

assessment 

Producer's User's Producer's User's Producer's User's 

Wetland 1.63 84.6 68.5 1.64 91.3 72.9 1.80 88.1 73.1 

Farmland/ 

Grassland 
77.67 87.2 90.3 63.05 86.9 92.4 61.21 84.9 94.5 

Impervious 

surface 
6.38 92.8 87.2 11.03 91.0 93.8 13.37 93.3 92.7 

Forestland 14.33 94.3 86.9 24.28 97.4 90.2 23.62 95.8 89.2 

Total 100.00 87.5 100.00 89.4 100.00 90.1 
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Table 7.--Accuracy assessment for land-cover images generated by knowledge-based 

classification using the stratified sampling design 

Land cover 

class 

1992 2008 2010 

Cover 

percent 

Accuracy 

assessment Cover 

percent 

Accuracy 

assessment Cover 

percent 

Accuracy 

assessment 

Producer's User's Producer's User's Producer's User's 

Wetland 1.88 92.1 90.3 1.85 96.2 91.7 1.95 94.9 93.0 

Farmland/ 

Grassland 
77.48 88.7 93.4 62.99 88.1 95.3 61.15 87.8 94.3 

Impervious 

surface 
6.36 91.5 86.1 11.01 94.9 97.4 13.35 95.2 97.2 

Forestland 14.28 94.8 87.3 24.15 97.0 87.9 23.55 96.4 84.0 

Total 100.00 90.1 100.00 91.6 100.00 91.8 

 

Compared with the accuracy assessment results in the previous work, the 

accuracy results using the stratified sampling design for the pixel-based classification 

images moderately declined. This drop suggests the wetland cover can potentially be 

detected more accurately. 

From the two tables of accuracy assessment using new stratified-random 

approach, one can see that the overall accuracy has been slightly improved when using 

the knowledge-based method. The new knowledge-based LULC images have a higher 

level of mapping accuracy. 

Focusing on the accuracy evaluation results of wetland cover only, one finds that 

the accuracy improves significantly when utilizing the knowledge base. The producer’s 
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and the user’s accuracies are both higher than 90%, which suggests the rule-oriented 

classification approach in this research can help improve the accuracy of urban wetland 

detection. 

Among the results using the same approach, the 1992 land-cover image always 

has the lowest overall accuracy value. This might be caused by the relatively low 

resolution of the SPOT image in 1992, which is 20m×20m. The larger pixels would 

cover more complex features, which raise the possibilities of misclassification. Another 

reason for the low accuracy value might be the less credibility of historical base maps for 

the 1992 image evaluation. The uncertainty of the real features at the locations of testing 

samples would lead to unavoidable errors of accuracy assessment. 

Urban Wetland Dynamics Analysis 

Based on the land-cover products, the area and percentage of each land cover could be 

listed in the Tables 8 and 9. Table 8 is for the land-cover images using the pixel-based 

method, and Table 9 for the new knowledge-based approach in this study. 
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Table 8.--Area and percent land-cover changes in the pixel-based classification 

Land cover 

type 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Wetland 28.0 1.63 28.3 1.64 31.1 1.80 

Farmland/ 

Grassland 
1338.1 77.67 1085.9 63.05 1059.2 61.21 

Impervious 

surface 
109.9 6.38 190.0 11.03 231.3 13.37 

Forestland 246.9 14.33 418.2 24.28 408.8 23.62 

 

Table 9.--Area and percent land-cover changes in the knowledge-based classification 

Land cover 

type 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Wetland 32.4 1.88 31.8 1.85 33.8 1.95 

Farmland/ 

Grassland 
1334.9 77.48 1084.9 62.99 1058.1 61.15 

Impervious 

surface 
109.6 6.36 189.7 11.01 231.0 13.35 

Forestland 246.1 14.28 416.0 24.15 407.4 23.55 

 

Farmland/grassland cover occupied the largest area in all the study years, 

whichever method was utilized. It covers more than half of the entire study area. The 
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wetlands, however, have the smallest portion of the study area – less than 2 percent. This 

small area reflects some features of urban wetlands – they are just some ornaments for 

recreation or scenic enjoyment. The impervious surfaces, the premier symbol of 

urbanization, rank third among the four land covers. Such surfaces may be related to the 

urban development procedures of the Kansas City metropolitan area. 

Comparing the land-cover area statistics generated in the rule-based approach 

with the common pixel-based method, the wetland cover changes most in percentage, 

which is also shown in Figure 11. The water surfaces were mapped more thoroughly 

when adopting the new method based on decision rules. The new knowledge-based 

classification can help detect around 10% more urban wetlands on average. Undoubtedly, 

this difference implies the effectiveness of the rule-oriented approach in urban wetland 

detection. 

Among the 3 land-cover products, the wetland cover in the 1992 image changed 

most when utilizing the knowledge base. The image in 1992 has relatively lower 

resolution of 20m×20m. According to the decision rules, there is the possibility to make 

the pixels covered by various land types be mapped as water surfaces – which might have 

been more underestimated for 1992 due to the lower resolution. 
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Figure 11.--A comparison of the percent wetland-cover changes between the results 

produced by different classification methods 

The knowledge base in this study, which is the core part of the rule-based method, 

was especially developed for urban wetlands. In other words, this new approach based on 

decision rules focused on urban wetlands. That might be part of reason why the new 

detected wetlands are much larger than previously calculated. In addition, urban features 

are always complex and dense, and thus, the pixels contain several land use types. The 

pixels with composition of both wetlands and other cover types are mostly categorized as 

wetland cover in this research, due to the wetland-emphasis knowledge based created. If 

the part of one pixel includes the wetland element, it was considered as wetland cover 

class for the whole pixel itself. This assumption has advantages in that some water bodies 

located in a complex landscape could be detected and displayed in the land-cover images. 

On the other hand, this assumption might have the limitation that it would over-
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emphasize the presence of urban wetlands, or over-estimate the wetland area size. 

Theoretically, the possibility and extent of over-estimation are very limited to the 

acceptable level. 

 

  

  

Figure 12.--Percent land-cover changes from 1992 to 2010 for each land cover  

in the knowledge-based classification 

Figure 12 shows each land-cover dynamic from 1992 to 2010. The wetland cover 

has become more extensive. Although the wetland cover looks like a slight decrease 

(1.88% to 1.85%) between 1992 and 2008, we can assume it remains the same size 

during that time if we take into account the length of time and seasonal variation of 

wetland. And the increase between 2008 and 2010 from 1.85% to 1.95% is obvious and 

clear. Yet that increase might not support the hypothesis that the urban wetlands are 
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being destroyed during urban development, which should result in a decline of wetland 

cover. 

The farmland/grassland experienced a huge decline from 1992 to 2010. It 

indicates that a large area of farmlands and grasslands has been converted to other land 

covers for urban development. The following analysis of local views found what kinds of 

functional areas the original farmlands and grasslands have been converted to  

The most obvious change happened in the land cover of impervious surfaces. It 

more than doubled within 18 years. This rise reflected rapid urban sprawl. From the land-

cover images generated by the knowledge-based approach, we can find the expansion 

and development of relatively young cities such as Leawood, KS, Overland Park, KS, 

North Kansas City, MO, Independence, MO, and Lee’s Summit, MO. The built-up 

regions in these cities increased dramatically. 

The forestlands also have grown from 14.28% to 23.55% in these two decades. 

The forestland increase was also detected in the previous study (Ji et al., 2006). From the 

land-cover images (Figures 7–9), it is not difficult to conclude that the forestlands mainly 

developed in the intermediate zones among different cities or near the suburban regions. 

The woodlands meet the need of residents for rest and recreation. High land prices and 

high density land-use planning in more central urban areas do not allow much investment 

in trees within city downtowns. On the other hand, residents like to enjoy forests beyond 

the hustle and bustle of the core areas of cities. 
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Figure 13.--Relative percent cover changes under the two different 

classification methods, categorized by years 

 

Figure 14.--Relative percent cover changes under the two different 

classification methods, categorized by land cover types 
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Figures 13 and 14 indicate the differences of each land cover between the results 

produced via the knowledge-based classification and those obtained via the pixel-based 

method. From the previous analysis, it is already concluded that more surface water 

could be detected as wetland when we integrate the pixel-based classification with 

knowledge-based approach. And these figures can help reveal the inter-dynamics of 

wetlands with other land covers. 

In 1992, with the larger area of wetlands detected via the new method, the 

farmlands and grasslands lost about 0.19% of the entire study area. This change suggests 

the new detected wetland cover areas are re-classified from other land cover types, 

especially from farmlands and grasslands in 1992. 

When utilizing the knowledge base in image classification we found forestlands 

decreased most among the other three land cover types except wetlands in 2008. Thus, 

wetlands are more detected from original forestland cover in 2008 than from grassland 

and impervious surfaces. 

Lots of grasslands and forestlands were re-categorized as wetland cover in 2010 

when the rule-based method was utilized. Why can the wetlands “obtain” more areas 

from original grassland cover and forestland cover when the knowledge base is employed? 

The satellite sensors perceive the spectral radiations reflected by different targets on the 

earth ground. And then, the researchers identify the ground features based on the spectral 

differences among various targets. The features of farmland/grassland and forestland 

might have some spectral similarity with other land covers such as wetlands. Thus, in the 

previous work, the wetland areas might be misclassified as farmland/grassland and 

forestland covers due to its spectral similarity. Besides, the concept and definition of 
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farmland/grassland cover is a relatively extensive collection of different land covers, 

including various herbs. And the wetlands enjoy the characteristics of both water surfaces 

and vegetated lands. Some vegetated lands covered with water, which is actually one 

type of wetlands, might be categorized into the class of farmland/grassland by mistake. 

Such areas could be re-classified as wetland cover when using the new classification 

method based on decision rules. 

Moreover, the class of impervious surfaces changed slightly in every year when 

the new approach was applied. It implies that the knowledge base can also help detect 

urban wetlands from the previous built-up areas, although this situation affected only 

slightly the overall urban wetland dynamics using the knowledge-based classification.  

Analysis at the Watershed Scale 

Only focusing on urban wetlands cover, we generated Table 10 to display the 

differences of percent wetland-cover changes between the results produced by the 

different classification methods in the spatial scale of watersheds.  

Table 10.--A comparison of percent wetland-cover changes between the results produced 

by the two different classification methods, categorized by watersheds 

  Blue River Little Blue River Shoal Creek-Missouri River 

  
Pixel-

based 

Knowledge-

based 

Pixel-

based 

Knowledge-

based 

Pixel-

based 

Knowledge- 

based 

1992 0.38 0.70 2.32 2.45 2.48 2.78 

2008 0.35 0.59 2.32 2.48 2.58 2.78 

2010 0.41 0.56 2.39 2.54 2.96 3.03 

Average 

difference 
0.24 0.15 0.23 

Change* 63.36% 6.23% 8.81% 

*“Change” here means the average of relative wetland-cover change in percentage among the years 

1992, 2008, and 2010. 
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Average difference refers to the average among three years of the differences 

between wetland-cover percent values by two different classification methods, while 

“change” value means the average of relative wetland-cover change in percentage in the 

years1992, 2008, and 2010. The latter can obviously reflect the influence of the 

knowledge base on the urban wetland detection. In contrast to the previous pixel-based 

approach, the rule-based classification method can help detect 63.36% more wetland area 

in the Blue River watershed but less than 10% more in the other two. The huge difference 

among the three watersheds is really unexpected. The Blue River watershed had 

approximately ten times larger rate of urban wetland detection than did the others. 

This discrepancy might be related to the hydrological characteristics of each 

watershed. The Little Blue River watershed contains two large lakes, Lake Jacomo and 

Longview Lake, while the Shoal Creek-Missouri River watershed contains the large 

Missouri River. Both these two watersheds have much more abundant water resource 

than the Blue River watershed due to the influence of the large water bodies. The larger 

wetland area detected by the rule-based approach stands greater proportion in the Blue 

River watershed because of its smaller amount of water. 
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Blue River Watershed 

 Table 11.--Area and percent land-cover changes in the Blue River watershed 

in the knowledge-based classification 

Land cover 

type 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Wetland 4.6 0.70 3.9 0.59 3.5 0.56 

Farmland/ 

Grassland 
509.4 77.56 392.4 59.75 403.7 63.31 

Impervious 

surface 
46.1 7.03 86.6 13.19 111.7 17.52 

Forestland 96.6 14.71 173.9 26.47 118.7 18.61 

 

 

  1992    2008           2010 

Figure 15.--Land cover change in the Blue River watershed  

in the knowledge-based classification 
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The Blue River watershed has very few wetland resources and the wetland area 

has steady declined through the years (see Table 11). There are rarely large water bodies 

in this watershed. Thus, the reduced wetland area should be some small water bodies. 

Moreover, the area of impervious surfaces is growing rapidly in the last two 

decades. This result is consistent with the real situation of urban sprawl in this watershed. 

The Blue River watershed contains some big cities under rapid development like 

Overland Park, Kansas and Olathe, Kansas. The growth of built-up area is just the 

reflection of urban development. 

Little Blue River Watershed 

Table 12.--Area and percent land-cover changes in the Little Blue River watershed 

in the knowledge-based classification 

Land cover 

type 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Wetland 14.1 2.45 14.2 2.48 14.8 2.54 

Farmland/ 

Grassland 
435.5 75.99 376.9 65.79 334.8 57.49 

Impervious 

surface 
26.6 4.64 43.6 7.60 50.4 8.66 

Forestland 97.0 16.92 138.3 24.13 182.3 31.31 
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     1992    2008     2010 

Figure 16.--Land cover change in the Little Blue River watershed 

in the knowledge-based classification 

Unlike the Blue River watershed, the Little Blue River watershed has an abundant 

water amount. And the wetland area has had a small increase from 2.45% to 2.54% 

during the last 18 years (see Table 12). There rarely should be a difference in the 

precipitation received by the Blue River and Little Blue River watersheds due to the short 

spatial distance. Why are the wetland dynamics in this watershed diametrically opposed 

to those of the Blue River watershed? The reason might be the size difference of major 

water bodies between these two watersheds. And the study discussed the possible answer 

in the following part. In addition, the increased wetland cover in the Little Blue River 

watershed parallels the results for the entire study area. In another word, the increase in 

wetland cover in this watershed supports the previous results that the wetland cover 

increased in the last two decades in the spatial scale of whole Kansas City metropolitan 

area. 
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The impervious surface in the Little Blue River watershed has risen almost 

doubled in area from 1992 to 2010. That increase likely is positively correlated with the 

rapid urban development of Lee’s Summit, Missouri. However, the built-up area still 

covers a relatively small proportion of the whole watershed.  

Shoal Creek-Missouri River Watershed 

Table 13.--Area and percent land-cover changes in the Shoal Creek-Missouri River 

watershed in the knowledge-based classification 

Land cover 

type 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Wetland 13.7 2.78 13.7 2.78 15.5 3.03 

Farmland/ 

Grassland 
390.0 79.10 315.6 64.05 319.6 62.63 

Impervious 

surface 
36.8 7.47 59.6 12.09 68.9 13.49 

Forestland 52.5 10.66 103.9 21.09 106.4 20.85 

 

 

1992     2008     2010 

Figure 17.--Land cover change in the Shoal Creek-Missouri River watershed 

in the knowledge-based classification 
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Attributed to the Missouri River, the Shoal Creek-Missouri River watershed 

enjoys relatively extensive wetland cover, around 3%. And its wetland dynamic trends 

have been going up slightly, as occurred in the Little Blue River watersheds. 

The impervious surfaces in the Shoal Creek-Missouri River watershed have also 

doubled in the last two decades. This result reflects the continued urbanization of Kansas 

City north of the Missouri River. Also Gladstone, Missouri located in the same area, has 

been experiencing a dispersed urban development, or so-called urban sprawl. 

Analysis at Fine Scales 

Besides these quantitative analyses of urban wetland dynamics, we can also do 

some further analyses for urban wetland change and a knowledge-based classification 

technical evaluation in different scales other than watershed scale. Although it is easy to 

develop the knowledge base in the scale of watersheds, the watershed scale is still too 

large to track the wetland cover change when integrating the knowledge base with the 

common pixel-based method. This research did a series of analyses at fine scales with 

more local observations. 

Figure 18 contains 20 pairs of land-cover image screenshots of the same locations 

and in the same scale. The only difference between each pair is that the left image was 

generated in the previous work using pixel-based classification and the right image is the 

one produced by the knowledge-based approach. Every pair of land-cover image 

screenshots is categorized by watershed and year.  

By checking the waterway maps for Kansas and Missouri, the new generated 

land-cover images detected several major rivers and streams within the study area, which 
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were not mapped in the land-cover products of the previous work. The new detected 

large water bodies in the knowledge-based approach are listed as below. 

In the Blue River watershed, Indian Creek, Brush Creek, and Blue River are 

newly detected in the 1992 image, Indian Creek, Tomahawk Creek, and Blue River in the 

2008 image, and Round Grove Creek, Indian Creek, Brush Creek, and Blue River in the 

2010 image. 

In the Little Blue River watershed, Lumpkins Fork located south to Longview 

Lake, and Little Blue River are newly detected in the 1992 image, White Oak Creek, 

Spring Branch, East Fork located south to Lake Jacomo, and Little Blue River located 

south to Longview Lake in the 2008 image, and Spring Branch, and Little Blue River in 

the 2010 image. 

In the Shoal Creek-Missouri River watershed, Rock Creek, Sugar Creek and 

Shoal Creek are newly detected in the 1992 image, Rock Creek, Little Shoal Creek, and 

Shoal Creek in the 2008 image, and Rock Creek, Rush Creek, Little Shoal Creek and 

Shoal Creek in the 2010 image. 
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(a) Blue River, Blue River Watershed 1992 

 

(b) Indian Creek, Blue River Watershed 1992 
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(c) Blue River, Blue River Watershed 2008 

 

(d) Indian Creek & Tomahawk Creek, Blue River Watershed 2008 
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(e) Blue River, Blue River Watershed 2010 

  

(f) Brush Creek, Blue River Watershed 2010 
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(g) Little Blue River, Little Blue River Watershed 1992 

  

(h) Lumpkins Fork, Little Blue River Watershed 1992 
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(i) East Fork Little Blue River, Little Blue River Watershed 2008 

  

(j) Little Blue River, Little Blue River Watershed 2008 
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(k) Little Blue River, Little Blue River Watershed 2008 

  

(l) Spring Branch, Little Blue River Watershed 2008 
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(m) White Oak Creek, Little Blue River Watershed 2008 

  

(n) Spring Ranch, Little Blue River Watershed 2010 
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(o) Rock Creek & Sugar Creek, Shoal Creek-Missouri River Watershed 1992 

  

(p) Shoal Creek, Shoal Creek-Missouri River Watershed 1992 
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(q) Little Shoal Creek, Shoal Creek-Missouri River Watershed 2008 

  

(r) Shoal Creek, Shoal Creek-Missouri River Watershed 2008 
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(s) Rock Creek, Shoal Creek-Missouri River Watershed 2010 

  

(t) Rush Creek, Shoal Creek-Missouri River Watershed 2010 

Figure 18.--Comparison of the land-cover images generated by pixel-based (left) 

and knowledge-based (right) approaches at fine scales 
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From Figure 18 (b, d-f, n, and s), some creeks or rivers across urban areas are 

detected by the knowledge-based classification. And it is more obvious in Blue River 

watershed, which has the lowest water storage among the three but has experienced 

relatively rapid urban development. These water surfaces “hidden” in the previous work 

are mostly the ones along which urban transportation has been constructed. The 

knowledge base can help detect such “parkway rivers.” 

Sometimes, individual river channels across the same cover type of large area, 

such as in Figure 18 (c, g-j, o, p, r, and t), are easier to be misclassified when using the 

pixel-based approach alone. The limitation of satellite images might be one of the reasons. 

If the channel width is much smaller than the pixel width, and the other parts in this pixel 

shares the same land cover type with contiguous pixels, the channel cannot weigh enough 

to let the pixel express the water characteristics. The misclassification in the previous 

work also might be caused by the lower priority of relatively small-area wetlands when 

dealing with other cover types of larger area.  

Analysis of Small Water Body Change 

Major rivers and large lakes receive and retain more water than small water 

bodies such as ponds. Some of the water in these large water bodies might have come 

from areas upstream outside the study area.  

Thus, large rivers such as the Missouri and Kansas rivers and major lakes such as 

Lake Jacomo, found in the Little Blue River watershed, were removed in the analysis to 

find out how the surface water cover change results would be different than when such 

large bodies were included in the analysis.  
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Eight hectares, the upper area limit for pond size according to the Ramsar 

convention, has been used as the criterion to distinguish small water bodies from other 

large lakes and major rivers (Murambadoro, 2011).  

Structured Query Language (SQL), which consists of a data definition language 

and a data manipulation language, is a special-purpose programming language designed 

for managing data held in a database (Microsoft, 2014). In this analysis, SQL was used to 

extract water bodies from the feature classes as well as extracting water bodies with areas 

under eight hectares. The SQL expressions used to select small water bodies from 

watershed shapefiles was as follows: 

SELECT  *  FROM watershed_name WHERE Shape_Area <= 80000 

In this sentence, the values for Shape_Area field should be re-calculated from the 

sizes of conjunctive wetland-cover pixels and updated for the water body features before 

this process (Murambadoro, 2011).  

This part of small water body change analysis has been done in the previous study 

(Murambadoro, 2011). We did it again for the knowledge-based case to check if there is 

any difference in small water body dynamics under the two different classification 

methods. 

All the small water bodies are shown in Figures 19–21. 
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Figure 19.--Distribution of small (≤8 ha) and large (>8 ha) water bodies in 1992 
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Figure 20.--Distribution of small (≤8 ha) and large (>8 ha) water bodies in 2008 
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Figure 21.--Distribution of small (≤8 ha) and large (>8 ha) water bodies in 2010 
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Figures 19–21 show the results of discriminating the water bodies smaller than 

eight hectares from the large water bodies. From the figures, it is obvious to see that large 

water bodies are mainly in the form of major rivers and large lakes.  

Based on the water body distribution images, the area and percentage of small 

water bodies could be calculated, as shown in Tables 14 and 15. 

Table 14.--Small water body area and proportion in the pixel-based classification 

Watersheds 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Blue River 2.02 0.31 1.87 0.28 1.86 0.28 

Little Blue 

River 
1.71 0.30 1.58 0.28 1.58 0.28 

Shoal Creek-

Missouri River 
1.98 0.40 1.05 0.21 1.04 0.21 

 

Table 15.--Small water body area and proportion in the knowledge-based classification 

Watersheds 

1992 2008 2010 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Area 

(km
2
) 

Cover 

percent 

Blue River 2.14 0.33 1.94 0.29 1.92 0.29 

Little Blue 

River 
1.79 0.31 1.66 0.29 1.65 0.29 

Shoal Creek-

Missouri River 
2.09 0.42 1.11 0.22 1.08 0.22 
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Statistics show that the water bodies smaller than eight hectares continuously 

decreased from 1992 to 2010. That finding is completely opposite the previous 

conclusion that wetland area slightly increased in the past 20 years. This contradiction 

might suggest a reasonable explanation to the human impacts on wetlands. Human 

activities during the process of urbanization destroy the native small water bodies, but let 

the water flow together to large rivers or major lakes. 

From Tables 14 and 15, the small water areas detected via the knowledge-based 

classification are always larger than the ones mapped by the pixel-based method, no 

matter which year it is or which watershed is considered. 

Table 16.--Small and large water bodies change under different classification methods 

  1992 2008 2010 

  

All 

water 

bodies 
(km

2
) 

Small 

WB 

≤8 ha 
(km

2
) 

Large 

WB 

>8 ha 
(km

2
) 

All 

water 

bodies 
(km

2
) 

Small 

WB 

≤8 ha 
(km

2
) 

Large 

WB 

>8 ha 
(km

2
) 

All 

water 

bodies 
(km

2
) 

Small 

WB 

≤8 ha 
(km

2
) 

Large 

WB 

>8 ha 
(km

2
) 

Pixel-based 28.00 5.71 22.29 28.30 4.50 23.80 31.10 4.48 26.62 

Knowledge-

based 32.37 6.02 26.35 31.78 4.71 27.07 33.79 4.65 29.14 

Difference 

in % 15.61 5.43 18.21 12.30 4.67 13.74 8.65 3.79 9.47 

 

Table 16 shows the proportions of small water bodies and large water bodies and 

the difference in percentage between the area size detected by the knowledge-based and 

the pixel-based approaches. Intuitively, large water bodies occupied most of the wetland 
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cover. The area of major rivers and lakes is approximately four to five times larger than 

the small water bodies detected within the study area. 

By comparing the difference value in percentage between the results produced by 

these two approaches, it is not difficult to conclude that the knowledge-based approach 

can detect both more large water bodies and more small water bodies than the traditional 

method. 

We have already concluded that the wetlands cover is becoming slightly larger, 

and the small water bodies actually are decreasing in the recent two decades. From Table 

16, we can find the quantitative data to support the previous suggestion that it is major 

rivers and lakes that became larger, resulting in the increase areal extent of all water 

bodies from 1992 to 2010. This finding matches the conclusion in the previous study 

(Murambadoro, 2011) for the same analysis procedure. And Murambadoro (2011) 

indicated that it is attributed to the effect of precipitation change and convergence effect 

of growing impervious surfaces which prevent waters from infiltrating into the soil 

directly but enable them to flow together into nearby surface water bodies.  
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CHAPTER 5 

DISCUSSION AND CONCLUSION 

The traditional pixel-based satellite image classification has its limitation when 

utilized in urban land use/land cover classifications, especially with respect to urban 

wetland mapping. The simple knowledge-based approach, which only depends on the 

decision rules without any spectral information, also has lots of limitation in image 

classification. It is a way, however, to integrate the rule-based approach with the 

traditional pixel-based method as a hybrid solution, which could obtain the advantages of 

both. We refer to this merges of the two approaches as integrated knowledge-based 

classification. 

The integrated knowledge-based method, utilized in this study for urban wetland 

detection, has been demonstrated to improve the wetland mapping accuracy. The overall 

accuracy exceeded 90% on average. And the accuracy of wetland cover has been 

improved from 80% to 90% approximately, with the increase both in producer’s and 

user’s accuracies.  

The new rule-based approach helps detect about 10% more wetland cover than 

the traditional method within the whole study area. Both small and large water bodies 

detected increase in the rule-oriented approach. However, these new-detected wetland 

areas vary among the three watersheds. Among them, the Blue River watershed has the 

biggest change of mapped wetland area, which occurred mainly as some major rivers 

across impervious surfaces. In short, the rule-oriented approach utilized in urban wetland 

detection is reliable and beneficial. 
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The urban wetland cover experienced a slight increase in the last two decades as a 

result of wetland cover change in the Little Blue River watershed and the Shoal Creek-

Missouri River watershed. Only the Blue River watershed suffered from the loss of water 

surfaces mainly due to its relatively small amount of wetland cover. The wetland increase 

is mainly expressed as growth of large lakes and major rivers, along with the decrease in 

small water bodies. It supports the conclusion in the previous work (Murambadoro, 2011) 

that the wetland land cover was increasing during the urban sprawl of the last 20 years 

due to precipitation change and convergence effect of growing impervious surfaces. 

This study still has its own limitations and suggests avenues of further inquiry. 

The following offers some findings and thoughts that might help future research on this 

subject. 

The knowledge base created is actually location-specific but still available for 

reference when utilized in different places. The decision rules in the knowledge base 

should be set according to the characteristics of local wetlands, including their elevation, 

spatial adjacencies, habitat conditions, hydro-geomorphological characteristics, and 

relevant geostatistics. However, the principle of each rule is generated from logical 

thinking and even common sense, which has reference value to study objects similar to 

urban wetlands. The criteria values for the indicators in each rule are determined by the 

local situation. They would be affected by both spatial and temporal scales. The criteria 

values are always more accurate when developed from a smaller spatial scale. 

The knowledge base in this study, which is the core part of the rule-based method, 

was especially focused on urban wetlands. The pixels with composition of both wetlands 

and other urban cover types are mostly categorized as wetland cover in this research, due 
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to the wetland-emphasis knowledge base created. It has advantages such that some water 

bodies located in complex landscapes could be detected and displayed in the land-cover 

images. On the other hand, it might possibly over-emphasize the presence of urban 

wetlands, or over-estimate the wetland area size. 

The result that accuracy values in 2008 and 2010 are higher than 1992 might have 

several reasons. One is attributed to the lower image resolution in 1992 (20m×20m). The 

larger pixels would cover more complex features, which raise the possibilities of 

misclassification. Another reason might be the lower credibility of historical base maps 

for the 1992 image evaluation. The historical base maps were captured in 2007 and 1998, 

which have large temporal gaps with the 1992 image. The uncertainty of the real features 

at the locations of testing samples would lead to unavoidable error in accuracy 

assessments. 

Compared with the land use/land cover images produced by two different 

approaches, it is found that lots of wetland regions newly detected like rivers or creeks 

were originally classified as grassland and forestland in previous work. Some individual 

river channels across the same cover type of large area are easy to be misclassified as 

other cover types. The problem might be attributed to the limitation of satellite image 

resolution and the complex spectral composition in a single pixel where rivers are 

scanned, as well as to the low classification priority of relatively small area wetlands 

when dealing with other cover type of larger area as in previous work. 
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