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Abstract: Decentralization problems in Africa have caused some infrastructure disparity between
country capitals and distant districts. In Ghana, less public investment has created a gap between
implementation results and theoretical benefits. Spectral indices are a good approach to extracting
impervious surfaces, which is a good method of measuring urbanization. These are restricted by
complexity, sensor limitation, threshold values, and high computational time. In this study, we
measure the urbanization dynamics of Wa District in Ghana by applying a proposed method of
impervious surface extraction index (ISEI), to evaluate the decentralization policy using Landsat
images from 1984-2018 and a single S2A data. Comparing our proposed method with five other
existing indexes, ISEI provided good discriminated results between target feature and background,
with pixel values ranging between 0 and +1. Other indexes produced negative values. ISEI accuracy
varied from 84.62-94.00% while existing indexes varied from 73.85-90.00%. Our results also showed
increased impervious surface areas of 83.26 km?2, which is about 7.72% of total area while the
average annual urban growth was recorded as 4.42%. These figures proved that the quantification of
decentralization is very positive. The study provides a foundation for urban environment research in
the context of decentralization policy.

Keywords: impervious surface extraction index (ISEI); decentralization; Wa District; impervious
surfaces; urban expansion; urban growth

1. Introduction

Detailed acquisition of global and synoptic information about the Earth and its environment
is possible now with Earth-orbiting satellite sensors. These satellite sensors provide a platform for
assessing, evaluating, and determining features of spatial phenomena for effective urban planning,
expansion, and monitoring studies [1-3]. Digital image processing of remote sensing images can
now be used to improve image visual quality. It can selectively enhance and highlight particular
features, classity, identify, extract spectral, and spatial patterns representing different phenomena [4].
Applications are now in greater aspects of environmental studies such as population trends, urbanization
and its associated dynamics, and other environmental related fields. With over four decades of data
collection and information, physical environmental processes are now easily monitored using the
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repetitive coverage capability of satellites. Seasonal, annual, and longer-term observation such as
urbanization and urban growth [5], urban expansion and urban sprawl [6,7], can also possibly be
monitored. These phenomena are driven by the rising percentage of the urban population of which
it is estimated that the world’s urban population will be 2.5 billion by 2050, with almost 90% of this
growth occurring in Asia and Africa [8]. Impermeable surfaces, such as concrete, roads, buildings,
asphalts, walkways, sidewalks are also called impervious surfaces [9], which is a characteristic of
urbanization and modernization. To understand the impact of urbanization, different methods
have been expansively studied by [10-14], who further developed a system for retrieving annual
and long-term fields of impervious surface cover of urban growth [15]. Previous studies have also
developed various ISEI for urban mapping and monitoring studies [16,17], rate of urbanization, urban
growth and expansion [18-20], and recently applied to megacities [21]. The idea is to develop a very
good extraction method that work in a particular area with different conditions and environmental
factors. Normalized difference impervious surface index was modified [12] by fusing night-time light
luminosity, land surface temperature, and multispectral reflectance to produce a better result. Another
fusion involved synthetic aperture radar (SAR) and optical data at the decision level [22] yielded
better accuracies.

As a phenomenon, imperviousness has also been used to study the economic transitions for
cities [23], in which land-use and land-cover change signify the eco-environmental restoration planning
that respond to formulated policies. Despite the effectiveness of the impervious extraction method, the
relative accuracy of an extraction index depends on the complexity of the image used (very high or
medium resolution), the expertise of the user and the kind of index adopted or developed. Researchers
of urbanization in developing countries such as [24,25] have argued that the disparity of infrastructure
development between the capitals of countries and the less urbanized distant districts can be addressed
by decentralization. However, in developing countries such as Ghana, there is a gap between the
theoretical benefits and the actual implementation yields of decentralization, mostly due to less public
investment [26]. Decentralization is a reform that is aggressively embarked on by developing countries,
which seeks to transfer power and resources to sub-national government bodies [27]. However, such
expectations have not been realized over the decades in most countries because revenue collected at
the local districts is insufficient for self-postulated infrastructure development [24,25,28,29]. On the
other hand, others have advocated for more of such decentralization [29,30], resulting in the creation
of smaller administrative boundaries. These come with rapid population growth associated with
important environmental, infrastructural and social impacts [31,32]. This rapid urbanization brings
about dramatic expansion of impervious surface areas [33].

In Ghana, a hybrid of the various aspects of decentralization [24] is practiced, where there is a
transfer of administrative and fiscal responsibilities from the nation’s capital [29], to the district and
municipal capitals. Mapping this expansion is important for monitoring and understanding physical
changes in land development [34]. In January 2019, 6 new regions were created to bring the total
number of regions in Ghana to 16. In this paper, impervious surface extraction is used to quantify the
urban development in assessing the impact of the decentralization in Ghana. The study quantifies the
impact by extracting the built-up (impervious surface) areas in the newest created regional capital,
until January 2019, Wa District of the Upper West Region. It measures the growth and coverage
of imperviousness to examine the spatial evidence of physical infrastructure development (growth
expansion of infrastructure). Nevertheless, Ghana is in a semi-arid region with different environmental
conditions. This makes it difficult to use the existing indexes for the study. As such, we develop an
impervious surface extraction index (ISEI) that can be applied in Ghana or similar environment to
achieve the objectives of this study. We also compared the developed index with five impervious
surface areas (ISA) indexes, which are discussed in Section 2, to ascertain the extraction capability of
the new index and its accuracy in relation to the others within the spectral signatures.
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2. Review of Five Existing Comparable Impervious Surface Areas (ISA) Indexes

In this section, we give a brief background of comparable existing ISA indices, whose results
will be compared with the proposed method in the subsequent sections. Indices are a form of an
algorithm that combine different spectral bands of an image to highlight a feature of interest in the
data. Furthermore, these indices are place-specific, as different environmental factors influence the
attained results. The five existing indices (Equations (1)—(5)) that will be compared to the proposed
index are the Urban Index (UI), Normalized Difference Built-up Index (NDBI), Enhanced Bareness,
Built-up Index (EBBI), Normalized Built-up Area Index (NBAI), and New Build-up Index NBI. These
five indices are ideal in the comparison, mainly because they focus on analyzing the urban expansion
or growth within a city. Every band in a multispectral satellite image is spectrally biased towards a
specific feature within the environment or a group of features usually with similar spectral properties.
Notwithstanding, spectral reflectance may represent the combination of several land class as mixed
pixel or impure pixel [35]. These spectral properties are enhanced when two or more bands are
mathematically manipulated. An extraction index is a ratio between the strongest or maximum
reflectance band to the weakest or minimum reflectance band, for a specific feature or genre cluster of
features. Indexes basically, combine bands to extract specific land cover. The performance of these
indices depends greatly on the spectral response of these features as espoused by [36]. However,
climate and topographical differences influence the performance of these indexes on urban features.

Urbanization is mainly characterized by increase in imperviousness. Within the peri-urban
and rural settings, especially of Sub-Saharan Africa, impervious surfaces might only be roads and
building (rooftops). It is, therefore, important to consider the imperviousness in the context of a typical
urban area of residential, industrial, commercial service centers, parking lots, and transportation, bus
terminals, airports, which mainly is made up of rooftops, asphalt, and concrete. Therefore, comparison
of the proposed index is made to the indices that consider the urban mix (urban indexes) instead of
those that deal with “only impervious surfaces”. Furthermore, these indexes are known to have been
used in different climate and topography but rarely in the semi-arid environment of Africa. In addition,
the intended application of the proposed index to four sensors necessitated the consideration of indexes
that make use of bands common to the applicable sensors and not affected by economic constraints.

Generally, spectral indices take advantage of the unique spectral response of built-up areas and
other land covers through arithmetic manipulation. In recent years, Sun, Z. et al. [37] developed
an index for impervious extraction that combined and altered some existing indices by using the
brightness temperature of the thermal band. This index gave better results compared to the unaltered
indices [38]. The first of the indexes, called Ul, which is described by Equation (1), is not ideal because
it is difficult to separate the urban from the soil due to high reflectance in the same short wavelength
for both soil and urban [39]. The second one, called the NDBI, shown in Equation (2), can serve as a
worthwhile alternative for quickly and objectively mapping built-up areas [40]. However, the index is
unable to distinguish properly between urban and bare land area [41]. The third index (Equation (3))
was developed through a combination of all the three features in the development [38]. A root function
is then applied to cluster the numbers that contrast identical objects based on the different levels of
reflectance values. These were multiplied by a factor of 10. Wagqar et al. [36] identified unique patterns
in bare soil and built-up area spectral signatures, combining bands with almost similar reflectance with
minute differences, to develop new indices (NBAI), as shown in Equation (4). The NBAI (Equation (4))
was then improved to become NBI, as shown in Equation (5). The improvement was in such a way
that it provides features that can better discriminate barren lands from residential lands [42].

Urban Index = Ul = [(((Bswir1 — Bnir)/(Bswir1 + Bnir)) + 1) X 100], 1)

Normalized Difference Built-up Index = NDBI = (Bgwir1 — Bnir)/(Bswirt + Bnir), (2)
Enhanced Bareness, Built-up Index = EBBI = (Bgyir1 — Bnir)/[10 X v(Bswir1 + Bnir)], 3)
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Normalized Built-up Area Index = NBAI = [Bsyirz — (Bswir1/ Bgreen)]/ [Bswir2 + (Bswirl/Bgreen)]/ 4)
New Built-up Index = NBI = (Byeq + Bgwir1)/Bnir, 5)

A few limitations exist in other indices, which has also enabled us to develop an index that suits
our study environment. For instance, high heterogeneous terrains in EBBI are still problematic when
subdividing urban areas. Secondly, EBBI is limited in distinguishing between homogeneous bare land
and heterogeneous bare land mixed in urban areas with high temperature radiations. For most of the
indexes described, the application is only possible after bare soil and water bodies have been masked,
which is also very challenging [38,43]. These indexes from time to time use complex computational
formulas in cases where better results were achieved. Also, the application of some are limited to only
a few sensors, in that the whole array of Landsat sensors cannot be used when a historical analysis
study of a phenomenon is to be investigated. As the spectral response of land-cover features varies
from region to region due to topographic and climatic changes, so are their spectral curves. Indexes
developed for one area is rarely effective when applied to another area.

3. Materials and Methods

3.1. Study Area

The study was applied to the Wa District that falls within latitudes 9°32" N to 10°20" N and
longitudes 1°40” W to 2°45" W [44], as shown in Figure 1. It covers an area of approximately 1078
km?, representing about 19.74% of the region [45]. In pursuant of the decentralization policy, Wa
Municipal was carved of the Wa District in 2004. However, the new municipal status was attained due
to the increase in population, thus the study focuses on the Wa District status instead of the municipal.
The climate of Wa is made up of long dry season and short raining season. The dry season records
temperatures between 4045 °C and annual mean temperature of about 27-28 °C. The total annual
rainfall ranges from 910 to 2000 mm with an annual mean rainfall of 1027 mm and an annual average
relative humidity of 59.3% [44,46]. The dry season is normally from November to April while the
remaining months experience the raining season with its peak in August and October.

3.2. Datasets

This study used Landsat; Thematic Mapper 5 (Landsat TM 5) Enhanced Thematic Mapper Plus
(Landsat ETM+) and Operational Land Imager (Landsat OLI) for the period 1984-2018 and a single
2018 Sentinel 2A (1C) multispectral images, all downloaded from the United States Geological Survey
(USGS) website (Table 1: http://earthexplorer.usgs.gov), to map the impervious surfaces in Wa District.
We also used these four sensors to test the robustness and flexibility of the proposed index. The
multispectral imagery is important as different bands can visually distinguish features of interest. For
instance, false-color imagery is good for detecting pervious/impervious features. Infrared (IR) is mostly
useful in detecting and extracting vegetation while Red band is useful for discriminating bare soil.
Blue is useful for discriminating urban features. Bands 11 and 12 of Sentinel 2 were rescaled to 10 m to
conform to the other bands of the image.

The satellite images were subjected to atmospheric correction and radiometric correction to
maintain spectral indices variables loyalty with magnitudes of brightness values [47]. The images were
for the month of August to December with very little to no clouds. As such, it was not necessary to
remove clouds and cloud cover. Then, we clipped the Wa District from the images using the boundary
shapefiles of the city, by applying an area of interest (AOI) algorithm in ERDAS software. As shown in
Figure 2, the images were converted from digital numbers (DN) to top of atmosphere (TOA) reflectance.
We then stacked the bands of the images to serve as input for the proposed index creation in the model
maker of ERDAS.
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Figure 1. Left: Map of Ghana with Wa District shown in red. Right: Map of Wa District showing some
urban features.
Table 1. Information and Description of Data Used.
Band Landsat5 Landsat7 Landsat8 Sentinel Pixel Year Tvpe Acquisition Image Size
Name ™ ETM+ OLI 2A(1C)  Size M Date &
B1 B1 B2 B2
Blue (045-052) (0.45-0.52) (0.45-0.51)  (0.490) 30,10 1984 ™™ 5 09/Sep/1984 170 x 183
B2 B2 B3 B3
Green (052-0.60) (0.52-0.60) (0.53-0.59)  (0.560) 30;10 1986 ™ 5 20/Dec/1986 170 x 183
B3 B3 B4 B4
Red (0.63-0.69) (0.63-0.69) (0.64-0.67) (0.665) 30;10 1990 ™™ 5 15/Dec/1990 170 x 183
B4 B4 B5 B8
NIR (0.76-0.90) (0.77-0.90) (0.85-0.88)  (0.842) 30;10 1995 ™™ 5 07/Aug/1995 170 x 183
B5 B5 B6 B11
SWIRT 1 o™ o) (55475 (157165 (Lelo) %20 2000 ETM+  18Dec2000 170 x 183
SWIR 2 B7 B7 B7 B12 30;20 2005 ETM+ 16/Dec/2005 170 x 183

(2.08-2.35) (2.09-2.35) (2.11-2.29)  (2.190)

2010 ™ 5 22/Dec/2010 170 x 183
2015 OLI 20/Dec/2015 180 x 185
2018 OLI 12/Dec/2018 180 x 185
2018 SENT2A  21/Dec/2018 100 x 100

NB: Landsat bands have pixel size of 30 m while Sentinel 2 bands have pixel sizes of 10 m and 20 m shown under
column Pixel Size. Bands wavelengths are in micrometers (um). Image sizes are in kilometers. These image data
have an Universal Transverse Mercator (UTM) projection on the WGS 84 Datum. NIR is Near infrared, and SWIR is
Shortwave infrared
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Figure 2. Methodology Workflow and Processes.
3.3. Proposed Index—Impervious Surface Extraction Index (ISEI)

The stacked TOA images were used in the model maker to create the proposed index. The
accuracy for index was conducted using digitized Google Earth data, which gives a real-time historical
imagery of spatial features. The use of point samples as training data or validation data is only very
effective if the points were/are picked for the respective year for which the classification is being done.
The model maker facility in ERDAS enables the representation, in a simplified form, aspects of the
computational mathematics and provides real-time feedback of the index manipulation results. The
main advantage here is the capacity and ability to create self-contained functions that can be used
later. The development of the proposed ISEI as indicated in Equation (6), is based on mathematical
consideration and manipulations of five bands. Three different Landsat sensors and a Sentinel sensor
were used to test the new index. Processed images were subjected to five established impervious
surface (built-up, considering man-made structures) extraction indices whose accuracies were used as
a comparison case for the new index. The proposed new index is aimed at its suitability to be applied
to four sensors thus it is developed based on the six common bands of the four Landsat sensors using
band math algebra manipulations of the bands. For robustness and effectiveness, it has been tried with
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different sensors. This same explanation has been adduced by [36]. Also, these images stretch between
19842018, thus testing the atmospheric and climatic influence on the quality of images obtained.

ISEI = (Bred X Bblue)/[(Bnir/Bswirl) + (Bnir/Bswir2)]/ (6)

Man-made objects reflect highly in the SWIR spectrum. On the other hand, it is noted for its
significant absorption by water, water vapor, and CO,. Unlike the visible spectrum, not all sunlight
passes through the atmosphere due to the bands of absorption, especially water vapor around 0.938
pum, 1.13 pm, 1.38 um, 1.88 pm and 2.68 um. This distinct property of SWIR has been exploited in this
study where the net result of a reduced Equation (6) makes use of the multiple effect of SWIR; and
SWIR; at the numerator section. Most literature review has revealed that researchers develop spectral
indices for rapid built-up areas extraction based on the peculiar response of urban features of specific
image data.

Thus, it is essential to develop spectral indices for other types of satellite images, which may not
have been applied on most geographic terrains [48]. Most high-resolution images are very expensive
and non-available globally. Most often, extraction methods use other data sources that cannot be
obtained by most researchers. Therefore, it is important to use methods that are easy to replicate and
not restricted by data availability and economic constraints. This is what was done.

3.4. Growth and Change Analysis Formula

We analyzed the change from the extracted results by the proposed index. The change rate
indicates when much imperviousness or built-up have occurred which can be a measure of the economic
status of the region. It is expressed in Equations (7) and (8) [49]. Change and growth rates are known
phenomena and have been used by [50,51] to examine the urban impervious surface distribution and
change dynamics where the surface area coverage was determined for various years for Hangzhou
and Xiamne cities. The change rate is this paper was calculated using Equation (7) while the growth
rate is calculated by Equation (9).

Change Rate = (CR) = A(x) = [f(x2) - f(x))/[x2 = x1] = (y2 = y1)/(x2 — x1), @)

f(xp) = %07 — (2 X x0); f(x1) =312 = (2 X xq), (8)

where x; is the final year, and x; is the initial year; the functions are defined as in Equation (8):
Different formulas exist for the calculation of growth rates; however, in this study the formula of
Equation (9) [52] was adopted.

Growth Rate = (GR) = T(x) = [present/past]l/ "1, 9)

where present and past represent the impervious surface area coverage figures for the current and past
years, respectively. n is the interval over which the growth is computed.

To assess the spatial distribution of built-up expansion intensity, an annual urban expansion
intensity index (AUEII) by [53] was adopted and modified to Built-Up Expansion Intensity Index
(BUEII) for use as an indicator of the urbanization rate of the study area. BUEII is expressed as in
Equation (10).

BUEII = [(Ap+i — Aj)/nTAp4] X 100%, (10)

where TA,4; is the total area of the target unit at time n + i; Ap4; and A; the built-up area within the
target unit at time n + i and i, respectively, and n the interval period (in years).

3.5. Index Performance—Accuracy and Background Discrimination

An accuracy assessment and pixel value comparison were used to assess the performance of
the proposed index and the other five comparable indexes. There are always errors in land-cover
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maps derived from remote sensing data. The performance of the spectral indices and classification
algorithms are measured by various means. Important among them is the accuracy test which assess
how well the “classification” worked. It measures the degree of agreement between a correctly assumed
standard and a classified image of unknown quality. It estimates how accurate the land-cover data are
in terms of thematic categories to determine whether the derived maps meet the requirements of the
intended application.

To assess the performance of the proposed index, an agreement comparison was made and the
proposed ISEI was found to have a higher agreement percentage than the other five indexes. To do
this, points were picked from Google Earth, which was saved as point layer for each year. After the
index manipulation, the binary images were superimposed with the point layers and the agreement
percentages were calculated based on how many points that were picked as either an impervious
surface or as pervious surface, and actually, fall within the impervious surface zone or the pervious
surface zone. Using four statistical indicators the degree of agreement was measured as the overall
accuracy. The statistical indicators as defined and explained by [54], have been compared with other
methods by [55]. They are shown in Equations (11)-(14). True Positives (IP) are the points that were
picked as ISA and correctly agreed with the actual class of ISA during superimposition. True Negatives
(TN) are the points that were picked as PSA and incorrectly fall within the actual class of ISA during
superimposition. False Positives (FP) are the points that were picked as PSA correctly agreed with the
actual class of PSA during superimposition. False Negatives (FN) are the points that were picked as
ISA and incorrectly fall within the actual class of PSA during superimposition. The accuracy test is
its ability to differentiate the ISA classes correctly. It is the most natural performance measure and it
is simply a ratio of correctly predicted observation to the total observations. Precision is the ratio of
correctly predicted positive observations to the total predicted positive observations. Sensitivity is the
ratio of correctly predicted positive observations to the total observations of all positives. F-score is the
weighted average of Precision and Recall, thereby considering both FP and FN.

Accuracy = ACC = (TP + TN)/(TP + TN + FP + EN), (11)
Precision = P = TP/(TP + FP), (12)

Sensitivity = S = TP/(TP + FN), (13)

F-score = 2*TP/(2*TP + FP + FN), (14)

Using this approach requires a very good source of reference data. Training points or validation
points were picked for the various years on Google Earth and as ground truth, the platform gives
geometrically corrected high-resolution image. This serves as a great free source of validating data
because Google Earth can go back in time to give a real-time training data. It has been successfully
used by [56]. The classification results using a combination of Google Earth imagery and object-based
classification techniques can attain an overall accuracy above 70.00% [57], which is the case in this
paper. The other performance assessment used is the pixel value of the binary results. This result will
usually range between —1 and +1 depending on the type of index used. The target feature usually
shows as bright white representing the target features which are found in areas with pixel values close
to +1, while the background is either mostly 0 or less than 0.

4. Results

4.1. Results of Binary Image Index for the Respective Years

In this section, we provide the results of the index algorithms in a binary form of black
and white. The contrast between white and black are the representation of target features and
background, respectively.
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However, sometimes the error is usually the grey representation which indicates the level of
features that are shown as background and vice versa. Visually, how much contrast there is, the better
the result or performance of the index used. Notice that white portions are meant to be impervious
areas (built-up areas). Between Figures 3-12, results of the index algorithms are displayed, in which
the ISA (built-up in this context) are shown as bright white and the pervious surface areas as dark. The
grey portions depict other features that may have similar spectral characteristics as the ISA, such as
bright and exposed rocks or bare soil. Generally, as much as possible, images were obtained in the dry
seasons to avoid clouds. Nothing was done to those with little clouds; however, it is noticeable the
proposed index discriminated well compared to the other indexes as shown in Figure 6. Table 2 shows
results of the ISA coverage after extraction. It complements the results of Figures 3-12.

Figure 3. (a) Very small area results of index algorithms. A small community within Wa township. (b)

Small area results of index algorithms. Wa Township enclosed in red box.
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NDBI

NBAI EBBI

NDBI

Figure 5. 1986 results of index algorithms. Three years after the establishment of the Wa District.

Generally, highways in the urban areas and urban built-up or paved areas appear as brighter
tone while forests, water body, and croplands appear darker. Indexes mostly enhance these spectral
properties, where the index that does the enhancement better is said to have performed better. The
analysis was grouped into four periods; 3 years (e.g., 1984-1986), 4 years (e.g., 1986-1990) and 5
years (e.g., 1990-1995). Along such groupings allow analysis on how long any visible change is
realized. With this argument, it is assumed that both the citizens and the government do the built-up
(imperviousness) activities. While the government is building roads and big structures, citizens put up
their residence which all add up to the impervious surfaces increase. The area coverage percentages
have been analyzed on three bases; on the original Wa District, the newly created municipality, and the
Wa township itself. The results as displayed in Table 2.



Sustainability 2020, 12, 380 11 of 25

NDBI

NBAI

Figure 6. 1995 results of index algorithms. Twelve years after the establishment of the Wa District, and
nine years to the conversion to a municipal.

NDBI

Figure 7. 2000 results of index algorithms. Seventeen years after the establishment of the Wa District

and four years to the conversion to a municipal.

In the period 1984-1986, there was a change rate (CR) of 36.23% of its impervious surfaces, close
to 4 years after the establishment of the district capital. This has increased steadily over the entire
period of 35 years. Table 2 has the full results. By 2000, the imperviousness had increased from 18.73%
in 1984 to 21.98% representing a land surface area of 201.89 km? and 236.98 km? respectively. This is
an increase of only 3.25%. However, by 2010, over 27 years, the built-up areas occupied 24.55% of the
surface area. By 2018 the district had seen an average increase of 0.97% per year which translate to
10.46 km? additions between years. The growth rate (GR) over the period 1984-1986, 19952000, and
2005-2015 were 2.04%, 0.58%, and 1.02% respectively. Interestingly, over the entire period of 1984-2018,
34 years, there was a growth rate of 1.02%. This figure means that the area coverage of imperviousness
grew by 2.06 km? more of what existed in 1984 in-between years. This does not necessarily mean lack
of development (urbanization) but rather it tells the spatial coverage of development within the district
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since infrastructure density can be another factor to consider in analyzing urbanization. Full results
are complemented by Figure 13 and Table 4.

NDBI

NBAI

Figure 8. 2005 results of index algorithms. Twenty-two years after the establishment of the Wa District,

and a year since conversion to a Municipal.

Table 2. Results of area coverage of Imperviousness (Built-Up) for the three different area description.

Year Built-Up Areas (ISA) in km? Wa District (%) Wa Municipal (%)  Wa Township (%)
1984 201.89 3.70 18.73 34.81
1986 210.20 3.85 19.50 36.24
1990 221.96 4.07 20.59 38.27
1995 230.24 422 21.36 39.70
2000 236.98 4.34 21.98 40.86
2005 250.96 4.60 23.28 43.27
2010 264.65 4.85 24.55 45.63
2015 277.81 5.09 25.77 47.90
2018 285.15 5.22 26.45 49.16

NB: Total Land Area for Wa District = 5460 km?; Wa Municipal = 1078 km?; Wa Township = 580 km?. Upper West
Region has an area of 18,476 km?.

The accuracy performances of the various algorithm indexes are shown in Table 3. Notice the
comparable close performance results of NBI to ISEL It shows robustness to an extent.

Table 3. Statistical Evaluation of Classification Accuracy Assessment.

YEAR Ul NBAI EBBI NBI NDBI ISEI INDICATOR
1984 73.85% 75.38% 78.46% 83.08% 74.60% 86.15% Overall Accuracy
1986 76.92% 78.38% 83.08% 80.00% 73.85% 84.62% Overall Accuracy
1990 77.14% 82.86% 84.06% 85.71% 81.43% 90.00% Overall Accuracy
1995 85.71% 82.86% 81.94% 87.14% 84.29% 89.71% Overall Accuracy
2000 84.72% 83.33% 84.72% 85.71% 81.94% 90.28% Overall Accuracy
2005 - - - 60.00% 68.75% 88.75% Overall Accuracy
2010 77.65% 82.35% 81.18% 83.53% 80.00% 92.94% Overall Accuracy
2015 83.33% 82.22% 85.56% 90.00% 82.22% 93.33% Overall Accuracy
2018 83.00% 84.00% 86.00% 88.00% 85.00% 94.00% Overall Accuracy

NB: The full results with other indicators are shown in Appendix A.
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NDBI

Figure 9. 2010 results of index algorithms. Twenty-seven years after the establishment of the Wa
District, and six years since conversion to a Municipal.

NDBI ]

Figure 10. 2015 results of index algorithms. Thirty-two years after the establishment of the Wa District,
and Fifteen years since conversion to a Municipal.

Although the country experienced some military era prior to 1992, the country had a stable
environment for growth. This is clearly shown in Figure 13 for the periods 1984-1986 and 1986-1990.
Newly created regions received the needed attention. The highest annual increase occurred for the
period 1984-1986 up till 1990. In Table 4 it is observed that there is a slight decrease between 1990 and
2000. This was so because of the economic hardship that befell the country which necessitated some
capital expenditure restrictions and support from International Monetary Fund (IMF). In an earlier
study conducted this year by Oteng-Ababio et al., [58], it was realized that the municipal had a 66.3%
concentration of urban settlers compared to 16.3% and 50.9% for the regional and national population,
respectively. This is a slight reduction from the municipal figures of 2018 of 70.73% as displayed in
Table 4.
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NDBI

NBAI EBBI

Figure 11. 2018 results of index algorithms. Thirty-five years after the establishment of the Wa District,
and Fifteen years since conversion to a Municipal.

NDBI

Figure 12. 2018 Sentinel 2A results of index algorithms. S2A comes in TOA, so no conversion needed.

4.2. Change Rate and Growth Rate Calculations and Analyses

The government of Ghana, having implemented the decentralization policy, proposed to establish
a university in every region. Wa District saw the establishment of two tertiary institutions, the
University of Development Studies (UDS) in 1992 (Wa campus in 2002) and Wa Polytechnic in 2003.
Wa township was upgraded to a municipality in 2004. This lifts up the population of the regional
capital, providing jobs and lifting the economic status of the district.

In 1984, only the area within the central district, now the municipal had good roads and a few
urban facilities hence such a high urban population, as shown in Table 4 above. This led to a lot of
the village folks coming to settle within the town. Notice in Figure 14 how the trend of district and
regional population follow similar growth. Wa urban population depicts similar rise. Impervious area
coverage from the proposed algorithm is shown in Table 2, while Table 5 shows the impervious rate
analyses results. Population analysis have been added in columns 2 and 3 of Table 5. In Figure 13 it is
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clear that there is an addition within each analyzed period. This compared to Figure 15, shows that the
amount of change within some periods were great while others were minimal.

2.50%
2.00%

1.50%

1.00%
0.00%

1984 - 1986 1986 - 1990 1990 - 1995 1995 - 2000 2000 - 2005 2005 - 2010 2010 - 2015 2015 - 2018

Growth Rate

Period

Figure 13. Graph of imperviousness growth rate for the Wa District.

Table 4. Statistical Evidence of Impact of Decentralization.

Year Regional Wa Dist’ Regional Wa Urban Regional Wa Mun.
Population (Municipal) Urban Pop Population = Urbanization  Urbanization
1984 438,008 65,354 47,742 36,067 10.9% 55.19%
1986 458,594 66,444 76,431 38,954 16.7% 58.63%
1990 484,592 * 79,379 83,649 42,950 17.3% 54.11%
1995 526,343 90,084 94,958 49,605 18.0% 55.07%
2000 576,583 98,675 100,902 66,441 17.5% 67.73%
2005 648,658 * 103,856 * 110,487 68,486 17.0% 65.94%
2010 702,110 107,214 114,653 71,051 16.3% 66.27%
2015 737,215 121,689 125,543 85,261 17.0% 70.06%
2018 785,199 135,000 132,698 95,491 16.9% 70.73%

Source: Figures are culled from [45,59,60]. * Estimated from Ghana Statistical Services (GSS) records.

Table 5. Imperviousness change and growth rates of Wa District (Municipality).

Period GRR.Pop. GRD.Pop. ChangeRate GrowthRate Ann.ISAlInc. Urban Growth

1984-1986 8.14% 3.93% 36.23% 2.04% 0.39% 4.12%
1986-1990 4.62% 5.00% 38.09% 1.37% 0.27% 5.59%
1990-1995 6.55% 7.47% 39.95% 0.74% 0.15% 3.73%
1995-2000 3.08% 15.73% 41.34% 0.58% 0.13% 2.93%
2000-2005 4.64% 1.53% 43.26% 1.15% 0.26% 5.90%
2005-2010 1.87% 1.86% 45.83% 1.07% 0.25% 5.46%
2010-2015 4.64% 9.54% 48.32% 0.98% 0.24% 4.97%
2015-2018 2.81% 5.83% 50.22% 0.87% 0.23% 2.64%

NB: GR R. Pop. = Regional Population Growth Rate; G R D. Pop. = District (Municipal) Population Growth Rate,
Ann. ISA Inc. = Annual impervious surface area increase.

Wa municipality is one of the urban areas of Ghana that has seen a significant increase in population
partly due to the establishment of the Wa Polytechnic and the University for Development Studies.
There is a clear distinction between Wa District (until 2004), Wa municipal (since 2004) and Wa township
(eternal). However, some researchers tend to confuse these names when commenting on their land
area or size. Wa township is the ‘central business district” of the Wa municipal which was carved out of
Wa District. Wa township has remained the capital town of the Upper West Region since its creation in
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1983. Likewise, in land size terms Wa township is smaller than Wa municipal which is also smaller
than the then Wa District (does not exist anymore).

80.00%
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=
[« 4}
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=
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(b)

Figure 14. (a) Graph of urbanized population for region and district. (b) Graph of urban population
for region and district. NB: Reg. Pop is on the secondary axis (right axis).

60.00%
50.00%

40.00%
30.00%
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Figure 15. Graph of imperviousness change rate for the Wa District.
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4.3. Accuracy Assessment of Results

The use of the visual interpretation of the binary images as presented in Section 4.1. Visual
examination shows that the contrast between the white (ISA) areas and the darker (pervious surface
areas) areas. Impervious surface responds well to light does show whitish zones while pervious
surfaces are the darker areas. Table 6 shows the maximum and minimum pixel values of the various
algorithms. Table 3 shows the comparison of accuracy performance of these indices.

Table 6. Pixel Value Comparison of Algorithm Results.

YEAR Ul NBAI EBBI NBI NDBI ISEI RANGE
1984 1.10972 0 0.0079212 0.246518 0 0.648605 max
0 —-0.439463  —0.042412 0 —-0.448671 0 min
1986 1.57745 0 0.0513746 0.494804 0.479347 0.606685 max
0 -0.868018  —0.014118 0 -0.271827 0 min
1990 1.62941 0 0.0536924 0.478664 0.729015 0.681482 max
0 -1.01229 -0.020217 0 -1.17461 0 min
1995 1.46634 0 0.0231187 0.44238 0.584233 0.730034 max
0 -1.00185 —-0.058413 0 -1.03123 0 min
2000 1.55239 0 0.0473303 0.426802 0.305929 0.6879379 max
0 —-0.96422 -0.011877 0 —-0.756471 0 min
2005 9.75193 1018.37 0.0783485 0.599117 2.05405 0.785481 max
—4.26604 -20238 -0.080975 -5.12228 —0917242 0 min
2010 1.68435 0.0150807 0.0056370 0.494565 0.397209 0.620761 max
0 -0.933617  —0.025738 0 —-0.467078 0 min
2015 1.79866 0 0.091276 0.717943 0.510876 0.776112 max
0 —-0.946106  —0.285984 0 —-0.473098 0 min
2018 1.79531 0 0.0920677 0.587983 0.554011 0.8357515 max
0 -0.951719  -0.028792 0 —-0.37435 0 min
2018 S2A 1.8296 0 0.107353 1.0593 0.56833 0.751928 max
0 —-0.935889  —0.040678 0 —0.418055 0 min

Range values: Ul = —1 to +1; NBAI = ~1 to 0; EBBI = —1 to +1; NBI = 0 to +1; NDBI = —1 to +1; ISEI = 0 to +1.

As shown in Table 6 the worst performing index is EBBI since it produced zero even as the
highlighted feature and mostly negative values. Although Ul produced positive maximum values, all
of them were above +1 which shows an over estimation. NBAI maximum figures were mostly zero
meaning it could not properly discriminate between built-up areas and background. The closest well
performed index to ISEI is NBI which produced both positive and negative values as maximum and
minimum, respectively. Usually with such application of indices the binary image pixel values will
range from —1 and +1. Target feature are the highlighted thus will usually be representing pixels close
to +1 while the background is either mostly 0 or less than 0.

5. Discussion

5.1. Established Satellite ISA Extraction Indexes

UI usually is not used alone but in conjunction with normalized difference vegetation index
NDVI; however, this relationship cannot be quantified as a single index, since it is visually assessed
using the UI-NDVI diagram [61]. With EBBI there is still a problem with heterogeneous terrains in
distinguishing bare land mixed with dried vegetation [38]. NDBI is limited by the semiautomatic
approach which depend on training samples [62]. The performance of NBI and NBAI are strongly
affected by drier month images [63] where there is difficulty to differentiate between bare land and
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urban areas. Scenes with some pixel values of zero, end up giving blank or plain result especially with
most normalized equations or index algorithms. This was experienced in this study also as shown in
Figure 7 of 2005 results where three algorithms produced a blank result because of the scan line off
effect in ETM+ images where some pixel values have 0 as DN value.

5.2. Impervious Surface Extraction Index (ISEI)

Depending on the target within the environment, in a given wavelength, sensors record the
reflected part of the energy from the spectrum of incident energy. The apparent reflectance, or
reflectance at the TOA, provides that part of the solar energy reflected by Earth’s surface and the
atmosphere at the level of the satellite sensor. Conversion into reflectance enables image normalization
in an interval of continuous values between 0 and 1 and thus the comparison of the images. Ratio
indexes suppress the background features while highlighting the targeted feature, in that the bands
sensitive to the targeted feature is kept as the numerator while the bands that absorb energy from
background features are kept as the denominator enhancing the properties more. The bands chosen
for this index were carefully considered in these advantages. The NIR wavelength from multispectral
sensors reflects vegetation very strongly. In Equation (6), this band is kept as a denominator to suppress
the background vegetation.

Data-rich SWIR imagery is ideal for locating, categorizing, and classifying man-made features.
They are very useful for discerning differences in bare earth and for telling what is wet and what is
dry in a scene, one more important reason dry season images were preferred. SWIR bands reveal
information that is not visible to the naked eye to unlock critical information. These wavelengths
penetrate smoke and haze, so decisions can be made with confidence as easily as possible. The special
property enables high-confidence decision-making with information not available from other bands.
From the results presented under Section 4, it can be seen that a lot of rocks and bare soil are exposed but
the discrimination by ISEI is better, in that it was able to suppress the background better, highlighting
the town center better than the peripherals which is an indication of less imperviousness if any at the
peripherals. At worse exposed bare land with very similar pixel values to impervious areas are even
very faintly shown. ISEI works well both on medium resolution and on high-resolution images. The
use of dry season images is deliberate, to test the robustness in discriminating exposed rocks and bare
soil because as a developing town, a lot of construction works is ongoing.

Some extraction index such as NDVI results in —1 and +1, other indexes simply range between 0
and +1. The range of the binary results is always between these figures. The background features in a
scene is usually represented by minimum range values, while the targeted features are represented
by maximum range values. Table 6 gives the minimum and maximum values of the binary result of
the extraction index. ISEI results show better suppression of background and a better highlight of
impervious areas. Even with 2005, whereas some indexes could not produce any result, due to 0 DN
values of some pixels, the proposed index showed robustness even though the scanline off reduced
the spectral reflectance of the bands. Finally, the proposed index does not use a combined effect of
more indexes.

5.3. Indices Accuracy Performance

In reference to Table 3 (full results in Appendix A), TP and TN are always good in they show how a
good representation the classification is. The higher their value the better the situation. FP are just false
representation and with iterative methods, these could be easily corrected. However, false negative
actually mean a false representation, in that a pervious pixel has been categorized as an impervious
pixel and vice versa. This is actually the error representation of these algorithms. Therefore, specificity
value is 60% means that 4 of every 10 pervious pixels are in reality are miss-labeled as impervious
pixels and 6 are correctly labeled as pervious pixels. A sensitivity value is 70% means that 3 of every
10 impervious pixel in reality are missed by the algorithm and 7 labeled as impervious pixels. A
precision value of 80% means that on average, 2 of every 10 impervious pixel labeled by the algorithm
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is pervious, and 8 is impervious. An accuracy value of 90% means that 1 of every 10 labels is incorrect,
and 9 is correct. The agreement performance between the training samples and the delineated urban
area is displayed in Table 3. The minimum overall accuracy for comparable five indices is 73.85% while
the maximum is 84.62%. This is 10.77% and 4.00% less, respectively, compared to the proposed index
ISEL This type of assessment has been comprehensively explained by [55]. Again, NBI performed
closely better to ISEI than the other indices. Maximum accuracy achieved for ISEI is 94.00% and a
minimum of 90.00%.

5.4. Impact of Decentralization on Impervious Surface Areas

The Wa township is also growing as also demonstrated by [64]. Usually, the growth factor is a
quantity factor by which a quantity multiplies itself over time whereas GR, on the other hand, is the
addend by which that quantity changes over time. The urban growth for the initial 3 and 4 years
after the creation of the regional capital is 4.12% and 5.59% for 1984-1986 and 1986-1990, respectively.
These growths declined for the period 1990-2000 largely due to the economic hardship the country
experienced. The average annual increase of imperviousness is 1.10% which translate to 0.35 km?
per year over the 34 years, which compares to the 0.27 km? per year results achieved by [46]. The
CR in this study for the period 1986-2010 is 42.05% which is slightly higher than the 34.15% results
obtained by [46] for the period 1986-2011. However, it should be noted that the mapping accuracy
achieved in that study for built-up was 84.85% whereas, as high 94.00% accuracy was achieved in
this study. Population increase does not essentially mean an increase in imperviousness but can be
an indicator of urban sprawl and expansion. This is clearly shown in column 3 of Table 4 where the
district population GR is highest for the period 1995-2000 but does not correspond proportionally to
the increase in imperviousness. Now, the built-up and imperviousness of the district or municipality
has expanded beyond the Wa township or the central business district [64] if it is compared with the
area as quoted by [46].

The adoption of the National Urban Policy Framework has coincided with the formulation and
implementation of numerous projects and programs that directly affect urban development [65].
Utilities such as water supply have been aggressively pursued [58] which rates compare to other big
cities such as Accra and Kumasi. It is, therefore, estimated that between 2010 and 2030, a period
of 20 years, the government will be able to increase the urban share of the population from 52%
to 65% [66], which evidence is shown in Table 4. The built-up area of the municipality increased
by 8.37 km? between 1984 and 1986 which compares to 6.14 km? in 1986 obtained by [67]. The
same author obtained 20.12 km? increase in 2001 compared to our results of 35.09 km? by 2000. The
slight differences may be due to the inherent errors, both intrinsic and extrinsic, associated with
the methods used for the classifications and the quality of the validation or training samples used.
Any community or city urbanizing at these rates is very fast and shows the effective implementation
of the decentralization policy in Ghana. For instance, the significant increase in imperviousness
(urbanization) can be attributed to the establishment of the Wa Polytechnic and the University for
Development Studies which have attracted a lot of people into the municipality, and most importantly
the implementation of decentralizing in that part of the country.

Research has proven that decentralization links to growth, inequality, and political stability [68], as
supported by the assertion that rapid urbanization in Africa is associated with low levels of economic
development, short life expectancy, poor nutrition, and low levels of education [69]. This, however, is
not the case for Wa District and in Ghana as a whole as decentralization, development and economic
transformation are all achieved and improved together [70].

6. Conclusions

The causes of the massive change within urban centers are partly due to human-related events such
as urbanization and expansion of agricultural lands. However, urbanization is another process of land
transformation that can be monitored using Landsat data. With the continuous global urbanization,
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sustainable development will increasingly depend on the management of urban growth within low to
middle-income countries with the fastest projected urbanization. In meeting the needs of the growing
urban populations many of these countries will face a lot of challenges. These include providing
energy, housing, transportation and other infrastructure as well as jobs and basic services of better
schools (education), health care, decent work, and a safe environment. This is very critical in achieving
the goals of the 2030 agenda for sustainable development. The integrated policy of decentralization
needs to be adopted and implemented to improve the economic, social, and environmental standards
of the people, whether rural or urban.

In this paper, the impact of decentralization has been quantified by measuring and analyzing
the ISA coverage within Wa District (Wa municipal by 2004), the recent newly created district until
2019. Both Landsat and Sentinel images were used to test the flexibility of the index. Again, stripes
on ETM+ images were not filled. An image with some cloud presence was also used, all in the
attempt to examine the robustness of the discriminating capacity of the proposed index. The proposed
method of ISEI made use of the special properties of SWIR and NIR bands. It performed an average of
7.39% better than the other indices. Additionally, the automation in model maker makes it simple to
apply. Furthermore, this index can be used to develop images that can serve as a reference for other
classification techniques to check their accuracy. Impact of decentralization has not been studied in the
context of impervious surface growth and expansion, especially in West Africa and Africa. This study,
therefore, provides a foundation for more of such approach for evaluation. Decentralization has had a
great impact on the Wa District or municipality, with an average annual increase in built-up expansion
intensity of 0.24% and an average urban growth of 4.42%, for such a small area.

The method was found to be very simple to compute and easy to implement with a high accuracy;
however, it needs more testing particularly in a more complex heterogeneous landscape to help
differentiate more land-cover classes [71]. It may be useful to test the method on fused data of
continuous reflectance for the evaluation of urban hydrological systems as explored by [72,73]. In
addition, future work involves how the index can be integrated into Google Earth engine platform
so the issue of data availability, preprocessing, and cloud removal can be dealt with within a single
platform. This will improve the computation time. Again, the issue of training sample could be
eliminated since this extraction index does not use training samples for classification but simply
highlights the targeted feature for delineation. Another angle of application could be the use on very
high-resolution images.

Author Contributions: The following were the various contributions from the authors; conceptualization,
N.Y.D.T. and N.S.; methodology, N.Y.D.T,; validation, N.S., C.C. and N.Y.D.T.; formal analysis, C.C. and N.N.L,;
investigation, C.C. and N.N.L.; resources, N.Y.D.T.; writing—original draft preparation, N.Y.D.T.; writing—review
and editing, O.A.; visualization, O.A.; supervision, O.A. All authors have read and agreed to the published version
of the manuscript.

Funding: This research was funded by National Key R&D plan on Strategic International Scientific and
Technological Innovation Cooperation special project (2016 YFE0202300), Fundamental Research Funds for the
Central Universities (2042016kf0179 and 2042016kf1019), the Wuhan Chen Guang project (2016070204010114), the
Guangzhou Science and Technology project (201604020070), the Special Task of Technical Innovation in Hubei
Province project (2016AAA018), and the Natural Science Foundation of China (61671332, 41771452 and 41771454).

Acknowledgments: Gratitude is expressed to Zhenfeng Shao for his administrative role, securing funds and
support for the success of this research.

Conflicts of Interest: With regards to the materials, methods, and data used in the whole of this paper. The
authors declare no conflict of interest. Although this study was funded, the funders had no role in the design of
the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision
to publish the results.



Sustainability 2020, 12, 380 21 of 25

Appendix A

Table A1. Full results of Statistical Evaluation of Classification Accuracy Assessment.

YEAR Ul NBAI EBBI NBI NDBI ISEI INDICATORS
90.48% 84.78% 86.96% 87.50% 82.61% 92.00% Precision
74.51% 81.25% 83.33% 89.36% 82.61% 90.20% Sensitivity
1984 71.43% 58.82% 64.71% 66.67% 52.94% 71.43% Specificity
81.72% 82.98% 85.11% 88.42% 82.61% 91.09% F-Score
73.85% 75.38% 78.46% 83.08% 74.60% 86.15% Overall Accuracy
84.78% 80.39% 91.30% 87.50% 81.25% 92.16% Precision
82.98% 87.23% 85.71% 85.71% 82.98% 88.68% Sensitivity
1986 61.11% 44.44% 75.00% 62.50% 50.00% 66.67% Specificity
83.87% 86.67% 88.42% 86.60% 82.11% 90.38% F-Score
76.92% 78.38% 83.08% 80.00% 73.85% 84.62% Overall Accuracy
86.27% 89.29% 88.89% 90.91% 85.71% 93.22% Precision
83.02% 89.29% 90.57% 90.91% 90.57% 94.83% Sensitivity
1990 58.82% 57.14% 62.50% 66.67% 52.94% 66.67% Specificity
84.62% 89.29% 89.72% 90.91% 88.07% 94.02% F-Score
77.14% 82.86% 84.06% 85.71% 81.43% 90.00% Overall Accuracy
94.44% 87.27% 87.50% 92.86% 90.74% 92.98% Precision
87.93% 90.57% 89.09% 91.23% 89.09% 94.64% Sensitivity
1995 75.00% 58.82% 58.82% 69.23% 66.67% 66.67% Specificity
91.07% 88.89% 88.29% 92.04% 89.91% 93.91% F-Score
85.71% 82.86% 81.94% 87.14% 84.29% 89.71% Overall Accuracy
92.59% 87.27% 92.86% 89.09% 92.45% 93.44% Precision
87.72% 90.57% 88.14% 92.45% 84.48% 95.00% Sensitivity
2000 73.33% 63.16% 69.23% 64.71% 71.43% 66.67% Specificity
90.09% 88.89% 90.43% 90.74% 88.29% 94.21% F-Score
84.72% 83.33% 84.72% 85.71% 81.94% 90.28% Overall Accuracy
- - - 61.22% 78.57% 93.65% Precision
- - - 69.77% 77.19% 92.19% Sensitivity
2005 - - - 48.65% 47.83% 75.00% Specificity
- - - 65.22% 77.88% 92.91% F-Score
- - - 60.00% 68.75% 88.75% Overall Accuracy
84.85% 89.23% 87.69% 88.06% 86.15% 95.71% Precision
86.15% 87.88% 87.69% 90.77% 87.50% 95.71% Sensitivity
2010 50.00% 63.16% 60.00% 60.00% 57.14% 80.00% Specificity
85.50% 88.55% 87.69% 89.39% 86.82% 95.71% F-Score
77.65% 82.35% 81.18% 83.53% 80.00% 92.94% Overall Accuracy
89.86% 90.00% 90.14% 93.24% 88.57% 96.10% Precision
88.57% 87.50% 91.43% 94.52% 88.57% 96.10% Sensitivity
2015 65.00% 61.11% 65.00% 70.59% 60.00% 76.92% Specificity
89.21% 88.73% 90.78% 93.88% 88.57% 96.10% F-Score
83.33% 82.22% 85.56% 90.00% 82.22% 93.33% Overall Accuracy
91.14% 89.29% 92.50% 92.68% 91.36% 96.51% Precision
87.80% 91.46% 90.24% 92.68% 90.24% 96.51% Sensitivity
2018 61.11% 50.00% 66.67% 66.67% 61.11% 78.57% Specificity
89.44% 90.36% 91.36% 92.68% 90.80% 96.51% F-Score
83.00% 84.00% 86.00% 88.00% 85.00% 94.00% Overall Accuracy
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