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Abstract 
The urban environment has continued to experience changes from increasing 
impervious surfaces, which alters the proper functioning of the ecological 
zones and impairs water quality in the watershed. Impervious cover is pre- 
dominantly used as an indicator to assist in understanding and forecasting 
the impact of human actions and other related activities on aquatic resources. 
In this study, the rate of change in land uses using the impervious surface as 
an indicator, and the percentage of imperviousness on the effect on water 
quality in the urban watershed were assessed. Ile-Ife was delineated as an ur-
ban watershed, and the percentage of imperviousness from 2008 to 2016 and 
the effect of imperviousness on water bodies were assessed. The study utilized 
ASTERDEM, Worldview (0.46 m), IKONOS (1.4 m), Landsat (30 m) for 2008 
and 2016, GPS and Drone (10 cm). Water sampling was carried out in selected 
locations as generated by the impervious surface analyst tool, (ISAT). The 
percentage (%) of impervious surfaces accounted for 59.4% (4567.1/7691.5ha) 
in 2008 and 70.3% (5408.2/7691.5ha) in 2016, from the total number of lands 
investigated. The turbidity values from low to high regions were 32.3, 55.9 
and 82.4 NUT. Changes in LULC of the watershed led to increased surface 
temperature, impermeable surfaces, and decreased vegetation, which exposes 
the area to flooding and reduced water quality. This study emphasized the 
importance of GIS and its integration into urban changes and water quality 
assessment. 
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Turbidity 

1. Introduction 

Globally, the urban environment has continued to experience land cover changes 
with the exchange of vegetation and water to impervious surfaces (Hua et al., 
2020) and thereby increasing vegetation loss and highly impaired water bodies 
(Kaufmann et al., 2007; Xu et al., 2012; Ige-Olumide & Salami, 2018). The de-
veloping regions of the world most especially are extensively experiencing urba-
nization and each of its major regions will hold more cities than rural dwellers 
by the year 2030 as projected by the United Nations (UN) Population Division. 
It is also estimated that by 2050, two-thirds of the inhabitants in developing 
countries are probably going to live in metropolitan areas (Montgomery, 2008). 
Wu (2014) and United Nations (2013) emphasized that there has been a pheno-
menal population expansion in urban communities around the world (Farrell, 
2017; Ritchie & Roser, 2018; Kuddus et al., 2020; Hua et al., 2020) which has 
prompted urban landscape changes. The population changes due to urbaniza-
tion are increasing massively in developing regions and this exerts pressure on 
natural resources (Wang et al., 2018; Wang et al., 2020). This leads to the loss of 
forests, productive agricultural land, shrinking/loss of surface water bodies, oth-
er green open spaces, and perhaps irreversible damage to the earth’s ecological 
and environmental systems (Couch et al., 2005; Elmqvist et al., 2016).  

Changes in these land use forms or initial cover are identified as some of the 
effects of urbanization (Mugiraneza et al., 2019a; Fernández-Götz et al., 2014). 
The erection of high-rise buildings, and the conversion of towns to urban areas 
and megacities are presently in operation, especially where there is a sporadic 
population increase. Urbanization has led to several ecological challenges which 
transcend from small to large scale (Zhao et al., 2006), incorporating various 
pollution types and reduced water availability (Shao et al., 2006), increased 
energy demands and nearby atmosphere modification (Zhou et al., 2004; 
González et al., 2005), inadequate infrastructures in urban areas (Jago-on et al., 
2009), and a substantial loss of forest resources and carbon stock (Fang et al., 
2003; Yuan, 2008). Increased urban growth causing negative changes to the eco-
logical environment affects the quality of life which is most evident in the de-
veloping world without adaptative mechanisms (Rahman et al., 2011). United 
Nations (UN) (2013) established that the Sub-Saharan population increase will 
be roughly from 769 million to about 1.69 billion which is attributed to urban 
sprawl occurring in small and big cities. Given these projections, it is proposed 
that urban communities in developing nations should build impenetrable sur-
face regions to sustain the present population expansion (United Nations (UN) 
(2013). Urban areas are becoming precipitous around the world, and the effect 
of urbanization will always bring along with it global, regional and local changes 
consistently. Urban expansion cannot be overlooked in LULC research (Rana, 
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2011). Developing countries are experiencing an unprecedented increase in popu-
lation and urban expansion (United Nations (UN), 2013), which increases the 
percentage of impervious surfaces and probably elongates the severity of its im-
pact on the copying capacity of the world (Raddad et al., 2010).  

Impervious surface (IS) which is described as an urban area indicator from 
history is presently regarded as an environmental factor (Xu et al., 2012; Gillies 
et al., 2003; Arnold & Gibbons, 1996) used to address the various framework of 
complex environmental issues and predominately in urban and semi-urban 
areas. This ranges from its impact on water quality (Brabec et al., 2002; Arnold & 
Gibbons, 1996; Fu et al., 2019), rainfall run-off (Lohani et al., 2002; Aladejana, 
2021; Brun & Band, 2000), and the urban heat island effect (Weng et al., 2004; 
Chen et al., 2006; Yuan & Bauer, 2007; Ige-Olumide & Garuba, 2018). Many 
land use planners and water resource stakeholders face extreme challenges of 
uncontrolled urban growth/sprawl and sometimes unmanaged construction de-
velopment and their deleterious impacts on water quality (Kauffman & Brant, 
2000). They emphasized that watershed impervious cover threshold or hotspot 
can be utilized to address growth into watershed zoning districts by identifying 
locations where the least impact on stream water quality will be recorded due to 
development. As the imperviousness of a watershed increases, the greater vo-
lume of stormwater increases the possibility of flooding (Fabiyi, 2006; Adetoro & 
Salami, 2018; Aderogba, 2012; Weng & Lu, 2008) and reduces the potential for 
pollutants to settle out; meaning that more pollution is delivered to drinking 
water streams and aquifers (Zhang, 2012). Too much paving and hardening of 
a watershed can reduce infiltration and groundwater levels which in turn can 
decrease the availability of aquifers, streams and rivers for drinking water sup-
plies.  

Over the years, impenetrable surfaces are being used as one of the key indica-
tors for city climate transformation (Yuan & Bauer, 2007; Morabito et al., 2018; 
Ige-Olumide & Garuba, 2018). Impervious surface is recognized as a key factor 
in the growth, monitoring and strategic planning of the watershed because of the 
effect on the health of the ecosystem (Arnold & Gibbons, 1996; Wu, 2009; Sugg 
et al., 2014). The advent of urban sprawl has resulted in the increase and number 
of impenetrable surfaces such as concretes, asphalts, etc. and a decrease in the 
extent of vegetated lands, wetlands, and other forms of open space that ingest 
and clean stormwater within a natural framework. Impervious surface (IS) cov-
erage can be selected as a key and quantifiable factor/indicator of water quality 
(Kauffman & Brant, 2000). Increasing amounts of impervious cover contribute 
significantly to too many of the water quality and quantity issues facing cities 
today (Flinker, 2010; Wu, 2013; Wang et al., 2018). These surfaces prevent water 
from infiltrating into the ground and creating stormwater runoff (Millennium 
Ecosystem Assessment (M.E.A.), 2005; Raudsepp-Hearne et al., 2011). This 
runoff then carries organic matter, fertilizers, pesticides, oil and grease and 
other contaminants, directly into streams, water bodies, and local water sup-
plies. Additionally, because water runs quickly off these surfaces, the quantity 
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and velocity of runoff are increased, the physical structure of streams becomes 
altered and eroded, and there is a greater likelihood of more frequent and larger 
floods time (Daramola & Ibem, 2010; Wang et al., 2018; Aderogba, 2012). The 
degree of damage to watershed health depends on many factors: the nature of 
existing land uses or the topography, soils, and vegetation (Furniss et al., 2010; 
Ahn & Kim, 2017). For this reason, it can be difficult to attribute environmen-
tal impairment to just one source and therefore often hard to prevent or pre-
dict (Hassan & Lee, 2015). However, impervious cover, while perhaps not al-
ways the direct cause of environmental impairments, is a good representative 
substitute.  

Numerous studies have demonstrated a correlation between impervious cover 
levels and the environmental integrity of streams, and their watersheds and this 
correlation can then be used to predict and manage both water quality and wa-
tershed health (Xian & Crane, 2006; Weng & Lu, 2008; Jacobson, 2011; Liu et al., 
2012). Therefore, it is crucial to understand the specific percentage of IS extent 
linked with various urban and suburban land uses/cover. The main concerns in 
this study are those attributed to the health of water resources. The rate of 
change in the impervious surface in a settlement can be a reflector of the composi-
tion of the landscape (biotic, hydrologic and geomorphic) of the area (Paul & 
Meyer, 2001). The magnitude, location and spatial pattern of impervious surfaces 
induce many physical and biological changes affecting the urban watershed.  

Geographic information science and remote sensing display higher data 
source potential adopted for the extraction of IS from global to local scales (Cai 
et al., 2016). Medium spatial resolution images such as Landsat, Enhanced The-
matic Mapper Plus (ETM+) images, Operational Land Imager (OLI), Satellite 
Pour l’Observation de la Terre (SPOT), and China-Brazil Earth Resources Satel-
lite (CBERS) images and ASTER images have been utilized globally in IM ex-
traction (Yang et al., 2003; Pu et al., 2008; Powell et al., 2007; Zhang et al., 2009; 
Luo & Mountrakis, 2010; Lu et al., 2011; Zhang et al., 2014; Parece & Campbell, 
2013; Cai et al., 2016). Low to medium resolution is considered very coarse for 
visible extraction analysis because of the heterogeneity in the urban landscape 
and the complexity of urban IS materials (Jensen & Cowen, 1999; Lu & Weng, 
2004; Zhang et al., 2014). Due to challenges such as low accuracy (Wu & Murray, 
2003; Lu & Weng, 2006) attributed to the mixed pixel classification due to low 
spatial resolution and the heterogeneity of urban features (Cai et al., 2016), spec-
tral mixture analysis has been widely adopted for deriving IS. In recent times, 
high resolution (HR) images where mixed pixels are highly reduced such as 
those from WorldView-2 Ikonos, and GeoEye-1 satellites, adopted in the deriva-
tion IS have revealed more reliable results (Cai et al., 2016; Li et al., 2011). Vari-
ous techniques are considered for the extraction of the impervious surface using 
very high-resolution images. Very high-resolution images, which include sub-pixel 
analysis (Ji & Jensen, 1999; Lu & Weng, 2009; Sun et al., 2020), the pixel-based 
method (Wu & Murray, 2003; Lu et al., 2011; Xu & Tang, 2013; Wei & Blaschke, 
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2018), the object-based method (Blaschke, 2010; Hu & Weng, 2011; Liu et al., 
2020) and the pixel- and object-based hybrid method (Li et al., 2013; Zhang et 
al., 2014; Wei & Blaschke, 2018). Many studies have demonstrated the capability 
of object-based techniques to produce a better result than the pixel-based me-
thod or sub-pixel analysis (Blaschke, 2010; Lu et al., 2011; Wei & Blaschke, 
2018). The object-based method in recent times is recognized to be effective for 
IS mapping from very high-resolution images (VHR) (Zhou & Troy, 2008; 
Blaschke, 2010; Wei & Blaschke, 2018). However, other problems are identified 
in IS derivation using very high resolution images. Most of this involves spectral 
challenges between IS and other classes. The reason for this is attributed to the 
low spectral resolution of very high resolution images and the high spectral varia-
tion of impervious surfaces; noise (shadows) from high objects, such as built ups 
and natural canopies (Hu & Weng, 2011). More classification of the grey por-
tion is mostly considered as an option in other works to resolve this problem 
(Blaschke, 2010; Li et al., 2011; Wei & Blaschke, 2018; Liu et al., 2020). The re-
cent use of Unmanned aerial vehicles/systems (UAV/S) to provide aerial images 
to support ground-truthing for accuracy assessment is of recent use (Feng et al., 
2015; Popoola et al., 2016; Kalantar et al., 2017; Yao et al., 2019) to address some 
of these identified challenges and improve accuracy.  

Adequate clarity on impervious surface changes is key to various ecological ap-
plications, for example, assessment of the impact of a watershed (Jennings & Ja-
magin, 2002), precipitation runoff volume, intensity, and length (Lohani et al., 
2002), groundwater revive and base flow storm analysis, storm flow and flood re-
currence (Brun & Band, 2000). Thus, producing a timely and accurate impervious 
surface distribution map is crucial to various challenges and matters related to 
worldwide ecological change. The overall objective of this study was to OBIA for 
the extraction of impervious surfaces from two VHR images of different years in 
an urban watershed and to investigate the effect of impervious surfaces on water 
quality using integrated data in the impervious surface analyst tool (ISAT).  

2. Materials and Methods  
2.1. Study Area 

The study area is the urban settlement of Ile-Ife which is an ancient Yoruba 
town in southwestern Nigeria. The city lies between Latitudes 7˚28'N and 7˚45'N 
and Longitudes 4˚30'E and 4˚34'E as described in Figure 1. The city is located 
right at the center of the Yoruba-speaking states in West Africa and about 200 
km NE of Lagos, which is Nigeria’s coastal capital city for over a century (Olu-
pona, 2011). The rate of urbanization of Ile-Ife is dated back to approximately 
500 ADS (Mabogunje, 1968, 1980) and has a social-cultural group known as the 
Yoruba ethnic group (one of the largest ethnic groups in Africa) (Levinson, 
1998; Olupona, 2011). It is one of the popular towns of Osun state, extending 
over parts of Ife Central, East and North Local Government areas with a popula-
tion of 644,373 (NPC, 2015).  
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Figure 1. Urban Area of Ile-Ife, Southwestern Nigeria, West Africa.  

2.2. Data Sources and Sample Collection  

To delineate the urban area into the watershed, the Advanced Spaceborne Ther-
mal Emission and Reflection and Radiometer (ASTER) Global Digital Elevation 
Model (DEM) of 30 m spatial resolution from the archive of the U.S National 
Aeronautics and Space Administration (NASA). This is important for geospatial 
assessment and applications for catchment delineation, flood risk assessment, 
and the estimation of the transfer of pollutants and essential nutrients (Gaafar et 
al., 2020; Giannoni et al., 2005). The WorldView-2 image was acquired from the 
Digital Globe Foundation archive. The WorldView-2 sensor provides a high- 
resolution panchromatic band and eight multispectral bands (Nouri et al., 2014; 
Park et al., 2020): four standard colors (red, green, blue, and near-infrared 1) and 
four new bands (coastal, yellow, red edge, and near-infrared 2). The worldview 
provides 0.46 m panchromatic mono and stereo satellite image data (Nouri et al., 
2014). The IKONOS image was also acquired from the archive of Space Applica-
tion and Environmental Science Laboratory, Obafemi Awolowo University. It’s a 
commercial Earth observation satellite at 1 - 4-meter resolution (Fraser et al., 
2002) that collects multispectral and panchromatic imagery. The population 
density was extracted from the ward map featuring the three local governments 
that fall within the watershed under study namely, Ife Central local government, 
Ife East local government and Ife North local government. Table 1 provides a 
summary of the data used and the relevance for the study.  

2.3. Field Survey and Accuracy Assessment  

Ground truthing and field surveys using GPS receiver and recently archived 

https://doi.org/10.4236/gep.2022.1012010


O.-I. O. Adetoro et al. 
 

 

DOI: 10.4236/gep.2022.1012010 132 Journal of Geoscience and Environment Protection 
 

UAV aerial images were utilized to facilitate more accurate interpretation of 
the satellite imageries, identify and verify important areas and other features as 
well as the classification accuracy assessment points on the ground and other 
salient features. Several points of interest were identified on the topographic 
map for easy navigation and identification of the area of interest on the 
ground. Areas of interest were identified on the field and their spatial and 
attribute information was recorded with a GPS and a field note. Most areas of 
interest on the map were accessible and this provided a better visual under-
standing and interpretation of the images during classification. After satisfac-
tory visual interpretation of the images, the following land use and land cover 
types were identified and the layers created: Built-ups, roads, vegetation and 
water body. The Built-up comprises buildings and artificial structures. The 
vegetation represents areas covered by trees of different species and sizes, 
shrubs and woody plants, etc. water body refers to ground surface water. The 
visual interpretation was done employing the interpretation keys such as size, 
shape, texture, pattern, tone, color and association of features. Accuracy As-
sessment as reflected in most existing studies that used very high resolution 
(VHR) images for impervious surface extraction (e.g., Lu & Weng, 2009; Lu et 
al., 2011; Zhang et al., 2014; Sugg et al., 2014), reference data for both training 
and validation were mainly collected by visual interpretation of aerial photogra-
phy acquired by low altitude UAV (unmanned aerial vehicle), VHR WorldView- 
2 images, and IKONOS images. Those samples of which the attributes are dif-
ficult to determine on remotely sensed data (e.g., the samples in shaded areas) 
were checked from the ground survey and acquired UAV aerial image. A 
ground survey was subjected to a probability sampling protocol involving stra-
tified random sampling (Henrys & Jarvis, 2019) which was used to identify the 
locations at which validation points were obtained. This sampling method has 
been used widely and shown to improve sampling efficiency by reducing in-
consistency within a stratum and increasing variability between strata (Jin et 
al., 2014).  

2.4. Methodological Approach 

 
Table 1. Datasets, characteristics, sources and relevance to the study.  

Data Characteristics Source Relevance 

DEM 30 m USGS 
Delineate urban watershed (basin map) and  
generation of elevation data and slope. 

High-resolution 
satellite images 

Worldview-2 2016 (0.46 
m) and IKONOS 2008 
(1.4 m) 

Digital Globe Foundation  
and Space Application and 
Environmental Laboratory, 
Obafemi Awolowo University. 

Dynamics in the type of LULC with object-based 
image analysis (OBIA) 

Medium  
resolution  
satellite image 

Landsat MSS, TM, ETM+ 
and OLI (path 190, 191 
and row 55). 2008, 2016. 

Global land cover Facility 
(GLCF) 

Derived Land Surface Parameters which are Land 
Surface Temperature, NDVI, Emissivity, and 
Brightness Temperature. 
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Continued 

Impervious  
Surface Analysis 
Tool (ISAT). 

Hydrological unit, Land 
Cover Grid, Impervious 
Surface Coefficient and 
Population data. 

The National Oceanic and  
Atmospheric Administration 
(NOAA) Coastal Service Center. 

Assess the correlation between the increase in  
impervious surface and decrease in water quality  
in small watersheds. 

Location Data Longitude and Latitude 
GPS and UAV (Drone) of 10 
cm 

Assess more precise interpretations of the satellite 
imageries, Identify and validate significant areas 
and other features as well as the post classification 
points on the ground. Identify sampling points 
generated on the ISAT map 

2.5. Urban Watershed Delineation  

The urban watershed was delineated from the Digital Elevation Model (DEM) 
using ArcSWAT toolbox. The DEM was set to projected coordinate system using 
the Universal Transverse Mercator (UTM) projection with World Geodetic Sys-
tem (WGS) 1984 datum and zone 31N using ArcGIS 10.3. The DEM was sup-
plied to the Automatic Watershed Delineator in ArcSWAT (Luo et al., 2011) 
with a mask of the extent of Landsat images of 190/55 and 191/55 combined. 
Flow direction and Flow accumulation were generated. Stream network and 
outlet creation followed. Outlet points were selected along the stream network to 
delineate the watershed (Lindsay et al., 2008; Tarboton, 1997). The fill dem was 
carried out to remove the depression from an elevation raster and a common 
method for removing a depression was applied which involves increasing the cell 
value to the lowest overflow point out of the sink (Jenson & Domingue, 1998). 
The flat surface resulting from sink filling was interpreted to define the drainage 
flow. This was achieved by imposing two shallow gradients and forcing flow 
away from higher terrain surroundings the flat surface towards the edge border-
ing lower terrain (Garbrecht & Martz, 1997). The flow direction raster was car-
ried out. Flow direction raster was carried out using a single D8. The cells’ flow 
direction was assigned to one of the eight surrounding cells that has the steepest 
distance-weighted gradient (O’Callaghan & Mark, 1984; Tarboton, 1997). The 
flow accumulation raster tabulates for each cell the number of cells that will flow 
to it. The tabulation is based on the flow direction raster. The flow accumulation 
raster records how many upstream cells will contribute drainage to each cell 
(Zhou et al., 2019).  

2.6. Image Processing and Impervious Surface Extraction  

This is an important phase in satellite image processing and analysis, which has 
an impact on all other subsequent procedures and results. The imageries were 
first pre-processed for geometric rectification. The image bands used for the 
study were geometrically rectified to the Geographic Coordinate System of the 
study area; WGS_84_UTM zone 31N. The shapefile of the study area was over-
laid on the WorldView-2 satellite image and appropriate scenes of the image 
within the shapefile were selected. Each of the selected scenes was mosaicked to 
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achieve a single image for further delineation. The shapefile of the study area 
was clipped from the mosaicked image (Blaschke et al., 2015) and gridlines were 
created over the scenes, numbering them into smaller scenes for easy use on the 
eCognition software.  

2.6.1. Object-Oriented Classification  
Image classification for the high-resolution satellite images was carried out on 
the eCognition developer software version 9.0. eCognition Developer is a devel-
opment environment for object-based image analysis. It is used in earth science 
to develop rule sets (or applications) for the analysis of remote sensing data. The 
first step to image classification on eCognition was multiresolution segmenta-
tion. Image objects were extracted at modifiable scale parameters, single layer 
weights and the mixing of the homogeneity criterion concerning color and shape. 
The multi-Resolution segmentation (MRS) was adopted for this study which is a 
widely utilized algorithm embedded into ecognition (version 9.0, Trimble Ger-
many GnbH, Munich, Germany, 2014). Bottom-up region (Fu et al., 2019; 
Blaschke, 2010) that uses a step wisely merges a small image into a larger image 
object until heterogeneity is reached. MRS was performed on the image using a 
scale parameter of 20, the domain was at the pixel level, while the composition of 
homogeneity criterion (Johnson & Xie, 2011) was applied also, with the shape at 
0.1 and compactness at 0.5. This was done to ensure better segmentation thereby 
enhancing classification (Makinde et al., 2016; Russakovsky et al., 2015; Fu et al., 
2019). The outcome of the segmentation is subject to several adjustable crite-
ria—scale parameter, domain and homogeneity criterion (Blaschke, 2010; Fu et 
al., 2019). In particular, the scale parameter is a measure of the maximum change 
in heterogeneity that may occur when merging two image objects. A larger-scale 
parameter value leads to bigger objects and vice versa.  

2.6.2. Arithmetic Feature  
Arithmetic features are composed of existing features, variables, and constants, 
which are combined via arithmetic operations. Arithmetic features are com-
posed of multiple features but apply only to a single object. After the multireso-
lution segmentation, an arithmetic feature was calculated, known as the Green-
ness Index. This is the ratio between the green band and the sum of the red band 
and the blue band.  

( )Meanlayer 2 Green
Greenness index

Meanlayer 1 Meanlayer 3
=

+
  

According to the range of values gotten the boundary was 0.55, any object 
above 0.55 was vegetation and any object below 0.55 was not vegetation. The in-
formation derived from the greenness index aided in assigning classes. The fea-
tures were assigned class names from the image object domain to a class array. 
The class was assigned based on the existing information, any object that has an 
arithmetic feature greater than 0.55 was classified as vegetation and any object 
that has an arithmetic feature lesser than 0.55 remained unclassified (Mugirane-
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za et al., 2019b; Makinde et al., 2016). This assisted in the separation of vegeta-
tion from other image objects. The shape index was used to determine the cha-
racteristics of other objects in the image. The Shape index describes the 
smoothness of an image object border. The smoother the border of an image 
object is, the lower its shape index (Lemenkova, 2015; Ikokou & Smit, 2013). 
From the value range of the shape index, objects greater than 3 were classified as 
roads and objects less than 3 belonged to other classes (Blaschke, 2010; Lemen-
kova, 2015). The relative border which describes the ratio of the shared border 
length of an image object (with a neighboring image object assigned to a defined 
class) to the total border length was also used (Flanders et al., 2003; Yang et al., 
2019; Espriella et al., 2020). If the relative border of an image object to image 
objects of a certain class is 1, the image object is embedded in them. The relative 
border was calculated from the feature characteristics and objects with a relative 
border value of 1 were wrongly classified. The relative border was applied to 
misclassified objects to help recover them to the appropriate class. Furthermore, 
four classes were identified—Vegetation, Waterbody, Road, and Built-up. Two 
major classes (Impervious and Pervious) were further created from the classes 
above, with bare ground, roads and built up as Impervious and vegetation and 
water body as Pervious. All the feature objects in the same class were merged 
into a single multi-part polygon (impervious and pervious). The results were 
exported to a shapefile and opened on ArcGIS. On ArcGIS the study area (Ife 
urban shapefile) was clipped. Add geometry tool was used to calculate the total 
area of impervious cover and pervious covers in Square Meters which was even-
tually converted to Square Kilometers.  

2.6.3. Percentage Imperviousness of the Urban Watershed  
The percentage of the impervious surface area (PISA), which is defined as the 
ratio of impervious surface area to the total surface area of the watershed, has for 
many years been regarded as one of the useful indicators to measure the impacts 
of land development on the watershed environment.  

total value of impervious% imperviousness 100
Total area

= ∗  

2.6.4. Rate of Change in the Urban Watershed  
The rate of change in the watershed between 2008-2016, was calculated using the 
formula;  

recent year later yearRate of Change
year ditference

−
=  

2016 2008Rate of Change
8
−

=  

2.6.5. Effect of Imperviousness in the Urban Watershed  
The effect of imperviousness in the watershed was studied for an important 
phenomenon in the environment which is Water Quality.  
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2.7. Impervious Surface Analyst Tool (ISAT)  

The effect of imperviousness on water quality was determined using the Imper-
vious Surface Analysis Tool (ISAT), which is available as a geographic informa-
tion system script. It was used to calculate the percentage of impervious surface 
area within the study area. Information derived from ISAT was used to predict 
the different impacts on water quality. ISAT was developed by the National 
Oceanic and Atmospheric Administration (NOAA) Coastal Services, it is an 
American scientific agency within the United States Department of Commerce. 
The specific data utilized for the successful running of the ISAT tool includes 
Population Density Map; Land Cover Grid- land cover data; Hydrological Unit 
and Impervious Surface Coefficient  

2.7.1. Population Density Map  
The population density map was derived by getting the ward map from three 
local governments in the study area.  
● Ife Central local government  
● Ife East local government  
● Ife North local government  

These maps respectively were subjected to further geoprocessing.  
The local government population values were resampled to the ward-level pop-
ulation using the number of buildings in each ward (simple relational associa-
tion between building and population values). The number of buildings in each 
ward was related to the number of building in that same local government to de-
rive the population for each ward, the population density was calculated by di-
viding by the area of each population value.  

2.7.2. Water Quality Analysis  
Water is a dynamic medium and its quality varies spatially and temporally. The 
change in the impervious-pervious stability has altered the stream water qual-
ity (Brabec et al., 2002; Kim et al., 2016). To accurately determine the effect of 
imperviousness on water quality it was important to carry out a water quality 
analysis in the study area (Burton & Pitt, 2002). Areas of sampling were carried 
out based on the result generated from the Impervious Surface Analyst Tool 
(ISAT). The parameters sampled were dissolved oxygen, biological oxygen de-
mand, temperature, total dissolved solids, electrical conductivity and turbidi-
ty. The TDS meter, Model YL-TDS2-A which was first subjected to calibration 
(United States Environmental Protection Agency (USEPA), 2003; ISO, 2016) 
was used to test for total dissolved solids, electrical conductivity and temper-
ature. The temperature measurement was carried out by using a portion of 
the water sample (1liter) and immersing the multi-parameter meter, Model 
YL-TDS2-A into it for a sufficient period until stabilization was reached (Kim 
et al., 2016) and reading was taken, expressed as ˚C. The electrical conductivity 
was achieved using the TDS meter, Model YL-TDS2-A which was dipped into 
the sample, and the readings were noted for the stable value shown as µs/cm. 
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Winkler’s method was adopted for the measurement of dissolved oxygen (DO). 
DO bottles-300 ml capacity was used to collect the water sample. Manganous 
sulphate (2 ml) and 2 ml of potassium iodide were added and sealed. This is 
properly mixed and the precipitate was allowed to settle down. 2 ml of conc. 
Sulphuric acid was added and was adequately mixed until all the precipitate 
dissolved. Also, 203 ml of the sample is measured into the conical flask and ti-
trated against 0.025N sodium thiosulphate using starch as an indicator. The 
endpoint is the change of color from blue to colorless. The biological oxygen 
demand was achieved by filling water samples into an airtight BOD bottle 
(Kim et al., 2016) and was incubated at room temperature for 5 days. The dif-
ference in the dissolved oxygen measured initially and after incubation gives 
the BOD of the sample. The total dissolved solid was derived by immersing the 
TDS meter into the sample for a sufficient period (till the reading stabilized) 
and the reading was taken and expressed as ppm (parts per million). Lastly for 
the sampling is the turbidity, which was determined using the instrumental me-
thod, the spectrophotometer at a wavelength of 430. The water samples were 
thoroughly shaken in the nephelometric tube and the values were recorded ap-
propriately.  

2.7.3. Hydrological Unit  
The hydrological unit was derived from the delineation process carried out.  

2.7.4. Land Cover Grid-Land Cover Data  
The land use land cover map for the area was derived using a 2016 Planet Scope 
3 meters multispectral satellite image in line with World view-2 image as recent 
images were required for accuracy purposes. The Planet scope image was classi-
fied using unsupervised classification, relating it to the Worldview image the 
following classes were identified: Built up, Vegetation, Waterbody, Road and 
Bare ground. This gave the land use land cover requirement for ISAT.  

2.7.5. Impervious Surface Coefficients  
The impervious coefficient was derived from the land use using the map algebra 
on ArcGIS. The impervious coefficient was determined based on the land use 
type as shown in Table 2 below.  

These values were generated based on the nature of the land use. The map al-
gebra tool was used to calculate the value for each land use type. An excel 
spreadsheet was generated for the land cover impervious surface values and with 
the available parameters, the ISAT analysis was carried out.  

3. Results  
3.1. Delineated Watershed  

The urban watershed of Ile-Ife in Osun state was delineated and the result is 
shown in Figure 2 and Table 3 which identifies the different catchments and 
places located within the urban watershed. The urban watershed was delineated  

https://doi.org/10.4236/gep.2022.1012010


O.-I. O. Adetoro et al. 
 

 

DOI: 10.4236/gep.2022.1012010 138 Journal of Geoscience and Environment Protection 
 

Table 2. Land use classes generated for impervious coefficient.  

Land Use Values 

Wetlands 0 

Built-up 100 

Water 0 

Bare surface 70 

Forest 40 

Shrubland 50 

Grassland 60 

 
Table 3. Delineated watershed in the urban watershed of Ile-Ife.  

Watershed Code Name Area (ha) Name of Settlements 

A WS_A 487.788 Ilesa Road 

B WS_B 226.812 Osu, Ibodi 

C WS_C 2223.252 Oke Bode, OAU, Adebamdele 

D WS_D 1504.430 Oke Ola, Modakeke, Moremi Estate 

E WS_E 142.641 Oke Otubu, Our lady’s junction 

F WS_F 1093.871 Ondo Road 

G WS_G 2012.661 Eleyele, Sabo, Palace, OAUTHC. 

  7691.5  

 

 
Figure 2. Watershed delineation of Ile-Ife Urban Watershed. 
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into 7 different watersheds, named alphabetically watersheds A to G. The area of 
each of the watersheds was determined and it was observed that watershed C 
was the largest watershed having an area of 2223.252 ha and the smallest wa-
tershed was E having an area of 142.641 ha. Other watersheds A, B, D, F and G 
covered an area of 487.788 ha, 226.812 ha, 1504.430 ha, 1093.871 ha and 2012.661 
ha respectively, which makes watershed G the second largest in the study area. 
The urban watershed amounted to a total of 7691.455 ha.  

3.2. Percentage Impervious Surface (%IS) of the Urban  
Watershed of Ile-Ife  

The percentage of impervious surfaces in the watershed was analyzed using the 
object-oriented image classification and the result shows a drastic increase in an 
impervious layer over the years (2008-2016) in the respective watershed. Using 
object-oriented image classification (OBIA), the LULC was classified into four 
categories, which are; water, Built up, road and vegetation, which were classified 
with the seven urban watersheds that were delineated.  

3.3. OBIA Classification for 2008 and 2016  

The object image analysis classification for 2008 was obtained because of the 
classification carried out on each watershed. The study area was majorly made 
up of Built up, accounting for 4504.32 ha (59%), followed by vegetation 3076.65 
ha (40%), water body 47.8 ha (0.8%) and road 62.8 (0.6%). The Total Area cov-
ered is 7691.5 ha (100%) as shown in Figure 3.  

The object image analysis classification for 2016 was obtained because of the 
classification carried out on each watershed. The study area was mainly made up 
of Built up, accounting for 5334.9 ha (69%), followed by vegetation 2246.6 ha 
(29%), water body 36.72 ha (1%) and road 73.26 ha (1%). The Total Area cov-
ered is 7691.5 ha (100%) as shown in Table 4 and Figure 4.  

3.4. OBIA Re-Classification for 2008 and 2016  

A reclassification was carried out for both 2008 and 2016 land features (Table 5, 
Figure 4). For 2008 Built up and roads were reclassified to the impervious 
surface, covering a surface area of 4567.1 ha (59.4%) while vegetation and wa-
ter body were reclassified as pervious surface, covering a surface area of 3124.4 
ha (40.6%). Built up and roads (impervious) for 2016 amounted to 5408.2 ha 
(70.3%) while vegetation and water body amounted to 2283.3 ha (29.7%) giving 
a total of 7691.5 ha (100%). The result showed an increase in impervious covers 
in 2016 as compared to 2008.  

3.5. Rate of Change in the Watershed of Ile-Ife within the Years  
Studied  

The change detection was determined in line with the result of the object-based 
image classification carried out on each watershed, and the classified maps of  
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Table 4. Land use land cover classification for each watershed.  

Watershed Year 
Class names (%) 

Built up (ha) Vegetation (ha) Road (ha) Water (ha) Total 

A 2008 287.01 (59) 197.82 (41) 0.57 (0) - 100 

 2016 381.47 (78) 104.77 (22) 1.35 (0) - 100 

B 2008 117.45 (52) 104.67 (47) 1.44 (1) - 100 

 2016 189.69 (84) 34.98 (15) 2.61 (1) - 100 

C 2008 1111.41 (50) 1054.89 (47) 30.61 (1) 47.75 (2) 100 

 2016 1623.18 (73) 528.21 (24) 37.53 (2) 36.72 (1) 100 

D 2008 950.31 (63) 535.41 (36) 16.68 (1) - 100 

 2016 908.23 (60) 579.46 (39) 17.19 (1) - 100 

E 2008 85.68 (60) 56.97 (40) - - 100 

 2016 109.47 (78) 32.55 (22) - - 100 

F 2008 629.82 (58) 452.61 (41) 5.0 (1) - 100 

 2016 834.90 (76) 252.65 (23) 5.5 (1) - 100 

G 2008 1322.64 (66) 674.28 (34) 7.84 (1) - 100 

 2016 1289.94 (64) 713.985 (35) 11.25 (1) - 100 

TOTAL 2008 4504.32 3076.65 62.74 47.75 7691.5 

 2016 5324.91 2246.6 73.26 36.72 7691.5 

 
Table 5. Area covered for land use land cover in 2008 and 2016.  

 Class Name Area (ha) Percentage (%) 

2008 

Built Up 4504.3 59.0 

Vegetation 3076.7 40.0 

Road 62.74 0.8 

Water 47.75 0.2 

Total 7691.5 100 

2016 

Built Up 5334.9 69.0 

Vegetation 2246.6 29.0 

Road 73.26 1.0 

Water 36.72 1.0 

Total 7691.5 100 

Reclassified Land Use Land Cover for 2008 and 2016 

2008 

Impervious 4567.1 59.4 

Non-Impervious 3124.4 40.6 

Total 7691.5 100 

2016 

Impervious 5408.2 70.3 

Non-Impervious 2283.3 29.7 

Total 7691.5 100 
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(A) 

 
(B) 

Figure 3. Classified object-based images for 2008 and 2016. 
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(A) 

 
(B) 

Figure 4. Reclassified object-based images for 2008 and 2016.  
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2008 and 2016. When the 2008 land use land cover classification is compared 
with the 2016 LULC classification, some changes show a reduction or increase in 
specific LULC. The rate of change in watersheds A, B, C, E, and F amounted to 
94.46 ha, 70.24 ha, 511.77 ha, 23.79 ha and 208.08 ha respectively. Vegetation in 
these watersheds amounted to −93.05 ha, −69.69 ha, −526.68 ha, −24.42 ha and 
199.96 ha respectively. The rate of change in another watershed is represented in 
Table 6.  

Accuracy Assessment of the OBIA Classification  
Table 7 describes the OBIA classification accuracy assessment carried out. The 
overall classification accuracy was 87.97% and the overall kappa statistic was 
0.81. The producer’s accuracy for the combined Built up/water was 77.82%, for  
 
Table 6. Rate of change of land use land cover classification for each watershed.  

Watershed Year  
Class names (%) 

Built up (ha) Vegetation (ha) Road (ha) Water (ha) Total 

A 2008 287.01 (59) 197.82 (41) 0.57 (0) - 100 

 2016 381.47 (78) 104.77 (22) 1.35 (0) - 100 

 ∆ 94.46 −93.05 0.78 -  

B 2008 117.45 (52) 104.67 (47) 1.44 (1) - 100 

 2016 189.69 (84) 34.98 (15) 2.61 (1) - 100 

 ∆ 70.24 −69.69 1.17 -  

C 2008 1111.41 (50) 1054.89 (47) 30.61 (1) 47.75 (2) 100 

 2016 1623.18 (73) 528.21 (24) 37.53 (2) 36.72 (1) 100 

 ∆ 511.77 −526.68 6.92 −11.03  

D 2008 950.31 (63) 535.41 (36) 16.68 (1) - 100 

 2016 908.23 (60) 579.46 (39) 17.19 (1) - 100 

 ∆ −42.08 44.05 0.51 -  

E 2008 85.68 (60) 56.97 (40) − - 100 

 2016 109.47 (78) 32.55 (22) − - 100 

 ∆ 23.79 −24.42 − -  

F 2008 629.82 (58) 452.61 (41) 5.0 (1) - 100 

 2016 834.90 (76) 252.65 (23) 5.5 (1) - 100 

 ∆ 208.08 −199.96 0.5 -  

G 2008 1322.64 (66) 674.28 (34) 7.84 (1) - 100 

 2016 1289.94 (64) 713.985 (35) 11.25 (1) - 100 

 ∆ −32.7 39.705 3.41 -  

TOTAL 2008 4504.32 3076.65 62.74 47.75 7691.5 

 2016 5324.91 2246.6 73.26 36.72 7691.5 
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Table 7. Accuracy assessment result of the OBIA classification.  

Classified Built up/Road Vegetation Water 
User’s  

Accuracy 
Kappa 

Built up/Road 32 5 0 94.86% 0.92 

Vegetation 12 21 0 81.72% 0.75 

Water 0 1 14 96.24% 0.94 

Producer Accuracy 77.82% 91.56% 100.00%   

Overall Accuracy 87.97%     

Overall Kappa Statistics 0.81     

 
vegetation was 91.56%, and water was 100%. The user’s accuracy for the com-
bined Built up/water was 94.86%, for vegetation it was 81.72%, and for the water 
class, it was 96.24%. The kappa by landcover class was 0.92 for combined Built 
up/water, 0.75 for vegetation, and 0.94 for water class. The vegetation landcover 
class with a user’s accuracy of 81.72% and the impervious landcover class with a 
producer’s accuracy of 77.82% explained the overall accuracy of 87.97%. The 
accuracy assessment result assisted in the further breakdown of the different 
watersheds into different classes.  

3.6. Watershed Impervious Classification  

Each of the watersheds was reclassified into impervious and pervious layers. 
Built-up and roads were classified under impervious while vegetation and water 
were classified under pervious as shown in Figure 5. 

3.7. Water Quality Determination on Impervious Surface Analyst  
Tool (ISAT)  

The effect of imperviousness on water quality was determined using the ISAT 
tool and an ISAT map was generated, this showed the level of impact (Table 8, 
Figure 6 and Figure 7). The ISAT map was derived through integration and 
analysis of processes. The result presented the high, medium and low levels of 
impact in the study area accounted for 25 - 100, 10 - 25 and 0 - 10 respectively. It 
was observed that the Built up (impervious) areas have a very high level of im-
pact on the water body in that region, the regions of medium impact were areas 
with less dense impervious surfaces and some surrounding vegetation and the 
areas of low impact were observed to be at areas with very little or no human ac-
tivity, areas with much dense vegetation. A water quality field survey was carried 
out to verify the various regions of impact as generated by the impervious sur-
face analyst tool. A water quality field survey was carried out to verify the vari-
ous regions of impact as generated by the impervious surface analyst tool. Water 
samples were collected from two different locations in the low region and water 
samples were collected at three different locations in both the medium and high 
regions of impact, as generated by ISAT.  
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(G) 

Figure 5. Reclassified OBIA of each watershed (A-G). 
 

 
Figure 6. Derived impervious surface of Ile-Ife watershed. 
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Table 8. Generated level of imperviousness for water quality assessment  

Range Locations 

Parameters 

Temperature 
(˚C) 

TDS 
(mg/L) 

Conductivity 
(mS/cm) 

DO 
(mg/L) 

Turbidity 
(NTU) 

BOD 
(mg/L) 

Low Central Market 27.9 78 165 4 55.7 0.7 

 
Hezekiah Oluwasanmi 
Bridge (Road 7 Bridge) 

25.3 93 197 6 32.3 0.5 

Medium Asherifa Foot Bridge 25.2 100 212 7.6 55.9 2.6 

 OAUTHC 24.7 145 306 5.6 34.6 3.5 

 Maintenance Bridge 25.8 84 178 10 57.5 3.2 

High Ondo Road 25.0 220 463 6.8 82.4 6.8 

 Igboya Road Bridge 25.0 341 729 7.2 28.4 1.6 

 Aladanla Line 1 25.0 160 246 4 54.8 4.8 

 

 
Figure 7. Derived impervious surfaces and assessed water quality locations in Ile-Ife wa-
tershed. 

4. Discussion and Conclusion 

The LULC change documented in the research area affected mainly the conver-
sion of vegetated areas to Built up in the watershed. Population growth applies 
pressure on land and hence influences land use change altogether, especially to 

Sampled locations
Watershed Boundary

Impervious impact value
Low (0 -10)
Medium (10 -25)
High (25 -100)
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supply new regions for improvement. Vegetation was at its maximum in the year 
2008 with 40% of the land cover, then experienced a drastic reduction in the year 
2016 to 29%. Furberg and Ban (2012) and Ige-Olumide and Salami (2018) stu-
dies agree with the research that the loss of these vegetated regions implies a 
broader cover by unnatural surfaces and few natural actions given by vegetation, 
for example, penetration, filtration and assurance against flood and erosion. An 
increase in impervious covers in the study area could prevent or upset the nor-
mal cycles that offer environmental types of services, for example, protection of 
wide life ecosystem, flood control and guidelines and water quality sustainabili-
ty, to the district (Salzman et al., 2001). The decrease in vegetation cover has led 
to increased Built up and thus, impervious, exposing the urban watershed to in-
cessant flooding over the years, including 2010 and 2014 (Liu et al., 2012; Akin-
wumiju, 2016). Orimoogunje et al. (2016), Rain et al. (2011) and Guyekye (2013) 
pointed out that decrease in vegetation cover results in increase in impervious 
surfaces, urban heat islands, and loss of biodiversity and incessant flooding.  

The Built up that experienced an increase within the study area is suggestive 
of an increase in population and infrastructure. As urbanization continues to 
expand, there is increased pressure on the environment which could lead to en-
vironmental crises especially with a lack of proper management and this also 
agrees with the work carried out by Adetoro and Salami (2018) and Bennett and 
Saunders (2010). In a similar study, Mengistu and Salami (2007) attributed con-
tinued population expansion (Kuddus et al., 2020) as one of the key factors 
causing spatial growth of Built up and the related pressure on the available land 
resources and other land use types prompting land use class transition. Several 
studies have shown that impervious surfaces tend to grow due to urbanization in 
most parts of the country (Oyinloye & Kufoniyi, 2011; Obiakor et al., 2012; Jesu-
leye et al., 2013; Mahmoud et al., 2016; Usman et al., 2018; Wang et al., 2018; 
Wang et al., 2020). Haphazard development can be observed in the study area 
which is attributed to the uncontrolled increase in impervious surfaces coupled 
with the absence of well-defined policy implementation for impervious surfaces. 
Medium-scale enterprises such as shopping complexes, petrol stations and 
small-scale businesses are causing the study area to be densely urbanized. This 
increase in urban density takes a toll on the environmental components in the 
area, this can be seen in the shrinking water body in the study area, amounting 
to −0.3% (Elmqvist et al., 2016). The non-point source pollution rate related to 
impervious surface run-off could increase and result in lowering the water qual-
ity within the study area (Kim et al., 2016; Adetoro & Salami, 2018).  

An increase in impervious surfaces increases runoff to surface water, thereby 
reducing the quality of the water. The water analysis carried out supports studies 
by (Osibanjo et al., 2011; Ajibade, 2004) in Ona and Alaro rivers in Ibadan, it 
agreeing that runoff harms the physical and chemical parameters of surface wa-
ter. The results from the water sampling showed high turbidity, low dissolved 
oxygen, and high electrical conductivity in regions with high imperviousness as 
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generated by the ISAT map. High total dissolved solids found in water reduce 
light infiltration prompting decreased photosynthesis with effects on both phy-
toplankton and zooplankton populations. Also, a striking water quality charac-
teristic of surface water in urban areas is high turbidity (Adefemi et al., 2007). 
Turbidity results revealed that the value from most of the sample points in the 
high, medium and low areas was higher than the 5.0 NTU limit given by WHO 
(2008) which could be linked to runoff effects due to an increase in impervious 
covers (Wakawa et al., 2008). This study also revealed the dependence on UAVs 
and ground-truthing dependence for accuracy assessment carried out.  

The study therefore concludes that as built up and other impervious man-made 
features increase due to rapid urbanization, Ile-Ife city becomes vulnerable to high 
runoff and thereby causes flooding. This has become a frequent and reoccurring 
event in Ile-Ife, such as reduced water quality, degraded and destroyed aquatic 
and terrestrial habitats. Important land use such as water and wetland were also 
adversely affected in terms of low quality and reduction in size. Based on the as-
sessment of the LULC, the impervious surface development will continue to in-
crease uncontrolled because of the high demand for land development by the 
various developers. However, it has been discovered that there is a strong con-
nection between ambient temperature and impervious surfaces as both are criti-
cal in the study area. Finally, the increase in impervious surfaces if not checked, 
could affect other land use and cause an environmental disaster. Further re-
search will focus on the use of artificial intelligence for the assessment of other 
water quality parameters such as the toxicity level of heavy metals in soil and 
water in fast-developing towns that are changing to urban centers. 
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