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ABSTRACT

Urban areas are rapidly expanding due to population growth and development, leading to deforestation and land
degradation. This study employed remote sensing and GIS techniques to assess urban growth and its impact on
deforestation in Bauchi metropolis, Nigeria within the last three decades (1986-2016). The study made use of Landsat
images of four epochs; Thematic Mapper (TM) of 1986 and 1996, Enhanced Thematic Mapper of 2006, and Operational
Land Imager (OLI) of 2016. Color compositions were made after which the images were geometrically and radiometrically
restituted. The images were classified using maximum likelihood algorithm and the accuracy of the classification was
assessed by cross-validation using confusion matrices and ground truthing by the use of a hand-held Global Positioning
System (GPS). The classified images with their kappa indexes were TM of 1986 (0.83%) and 1996 (0.87%), ETM+ of
2006 (0.90%) and OLI of 2016 (0.92%), respectively. Post-classification comparisons and analyses were performed and
the results revealed that changes have taken place in bare surface (+32.43%), built-up area (+565.24%), farm land
(+66.42%), forest (-91.80%) and rock outcrop (-49.21%) in the metropolis between 1986 and 2016. The land cover
features of the metropolis were reclassified into forest and non-forest for cross-tabulation analysis and the result of the
analysis indicates a change-over of 14965.97Ha (39.68%) form forest to non-forest (deforestation) and that of 467.69Ha
(1.24%) form non-forest to forest (afforestation) between 1986 and 2016. This shows a rapid increase in built-up area
(urban growth) and rapid decrease in forest (deforestation), which may be attributed to lack of improper environmental
protection strategy in place in the metropolis. The study demonstrates the potentialities of remote sensing and GIS in
assessing urban growth and its impacts on deforestation. The outcome of the study can serve as input into a relationship

model for predicting the impact of urban growth on deforestation.
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INTRODUCTION

Urban areas are rapidly expanding in both
developed and developing nations [1, 2]. However, urban
land expansion is placing a formidable challenge in many
countries around the globe, especially in terms of
deforestation and land degradation [3]. Presently, more
people dwell in urban areas than rural areas [4], and about
40 percent of the world’s people lives in dry lands
accounting for about 20 percent of the earth’s surface [5].
In spite of the fact that urbanization remains a key to
modernization, economic growth and development, it
equally has some reverberations on the environment [6, 7].
Looking at the influence of urban growth on deforestation,
it becomes imperative to understand how urban areas are
developing and the impacts of their development on the
physical environment especially in terms of biodiversity
and land degradation.

Even though, numerous attempts have been made
to assess urban growth in the last few decades [8, 9] and
its impacts on the environment [6, 10] but assessing the
impacts of urban growth on deforestation is not given
much attention by the researchers. Where there is
deforestation, as in the case of Bauchi metropolis, decision
making for proper environmental management strategy
would require knowledge of the magnitude of the
deforestation and where it has taken place but this remains

a challenging issue. This study therefore seeks to employ
remote sensing and GIS techniques to assess urban growth
and its impacts on deforestation using Bauchi metropolis
as a case study.

STUDY AREA

Bauchi metropolis, the administrative
headquarters of Bauchi State, is situated in the north
eastern Nigeria. It covers an area of 632 sqkm and
geographically located between latitudes 10° 12’ and 10°
27" North of the Equator and longitudes 9° 40" and 9° 57’
East of the Greenwich Meridian (Figure-1). It is connected
by good roads, lies on the Nigeria’s major rail line that
links Maiduguri and Port Harcourt, and serves as an
entrance to the north-eastern states that include Bauchi,
Yobe, Gombe, Adamawa, Taraba and Borno.

There are two seasons that mark the climate
condition of the metropolis; a dry season that lasts from
October to April (about seven months) when humidity is
between 12% and 36%, and a wet season that lasts from
May to September (about five months) when humidity is
between 37% and 68%, with a mean annual rainfall of
1091.4mm [11]. The temperatures of the metropolis are
between 13.3°C in December and 22.1°C in May
(minimum) and between 28.2°C in August and 36.6° in
April (maximum) [12]. The metropolis is situated within
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the belt of open Sudan savannah, characterized by sparse
trees of up to 20ft or more, and had a projected population
of over 318,038 people in 2016 [13].
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Figure-1. The study area.
MATERIALS AND METHODS

Materials

Multitemporal satellite images (Landsat) of four
epochs; Thematic Mapper (TM) of 1986 and 1996,
Enhanced Thematic Mapper (ETM+) of 2006 and
Operational Land Imager (OLI) of 2016, topographical
map (2008 version) of Bauchi N. E. sheet 149 (1:50,000),
training samples, and land use maps were utilized in this
study. The images were obtained from the Earth Resources
Observation System (EROS) Data Centre of the U.S.G.S.
and topographical/land use maps from the Bauchi State
Ministry of Land and Survey, while training samples were
obtained though field survey using GPS. The TM images
of 1986 and 1996 were acquired on November 6 and
December 20, respectively while the ETM+ of 2006 and
OLI of 2016 on December 2 and November 27,
respectively. IDRISI Selva and ArcGIS 10.3 were the
software packages used in the study.

Methods

The methodology employed comprises the
following phases; data collection, image enhancement,
image classification, urban growth/land cover change
analyses and deforestation assessment. Figure-2 describes
the methodological framework adopted. In image

enhancement phase, geometric and radiometric restitutions
of the four sets of Landsat images were performed. In
image classification phase, the images were classified,
after generating training samples, by supervised
classification using maximum likelihood algorithm. In the
urban growth/land cover change analyses phase, post-
classification comparisons and analyses were performed to
reveal the urban growth/land cover change pattern in the
study area. In the last phase, deforestation assessment,
image re-classification and cross-tabulation analysis were
performed to assess the extent of deforestation in the study
area.

. Ancillary Data Remotely Sensed Data
+ Topograhic map ¢ Landsat TM of 1986
» Training data "1 | » Landsat TM of 1996 Phase 1
L® Land use map + Landsat ETM+ of 2006
+ Landsat OLI of 2016
L Image Enhancment
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* Radiometric corr.
—_— Image Classification Phase 3

Urban. Growth/Land Cover Analysis
* Post-classification comparison |Phase 4

==

e bac
* Image re-classification %S
* Cross-tabulation analysis |

Figure-2. The methodological framework.
RESULTS AND DISCUSSIONS

Image enhancement

It is very crucial to perform image pre-processing
or enhancement in remote sensing in order to remove or
reduce the noises and distortions introduced at the time of
imaging. This will force the images’ radiometric and
geometric characteristics to be like that of the original
scene’s radiant energy [14].  For this study, two
corrections were applied to the raw satellite images,
namely; geometric and radiometric. The corrections and
their results are presented below.

Radiometric correction

This study utilized Empirical Line Calibration to
transform the radiance recorded by the sensor to
reflectance [15-17]. The reflectance of two sets of targets
identified on the ground, from dark and light areas, was
measured. The average spectra of the same sets of targets
were extracted after identifying them on the Landsat TM
of 1986 (one of the four images). For each band, a linear
relationship for transforming radiance to reflectance was
derived using regression analysis. The following formulae
were employed to generate gains and offsets used to
arrived at pixel-by-pixel apparent reflectance [15].
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Reflectance = Gain (K) x Radiance + Offset (b) ......... (1)

Where

K_NZ(DNiri)_ZriZDNi @
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The gain and offset stood at 1.0399 and 153.00,
respectively. After substituting these values, Equation (1)

becomes y=1.0399x - 153.00 with an R?value of 0.9533.

Calibration of reflectance was performed by utilizing the
regression value generated using the equations above
which leads to atmospherically restituted image and the
same procedure was adopted for the images of 1996, 2006
and 2016 (Figure-3).

AL b
g

J L

L
Figure-3. Radiometrically corrected images.

Geometric correction

Image-to-map rectification using tallying ground
control points in both the image and topographic map was
the geometric correction approach employed to rectify the
1986 image [18]. This allows for ascertaining the potency
of pixel transposition from image to map grid. The image
was geometrically calibrated using 30 ground control
points. The respective pixel coordinates of each control
point in the image were used to compute its UTM
coordinates. These UTM coordinates and those obtained
from the map were then compared and the differences
(errors) calculated in two directions, Easting and Northing.
The following equations were used to compute root mean
squired errors in the two directions so as to have an overall
picture of the calibration accuracy.

1
RMSE, =[- 3 (9%)°)? @

Where RMSE, = root mean squared error in x direction, n

= number of GCPs and §x; = residual of the i™ Gep.

1
RMSE, =[5 " (9y)° )

Where RMSE, = root mean squared error in y direction, n

= number of GCPs and 8Y; = residual of the i Gep.
A planimetric RMSE (RMSE,) was formed by

matching RMSE, and RMSE, , using the following

formulae:

1
RMSE,, =[RMSE,” + RMSE, ]2 (6)

The root mean squared error (RMSE) of the
geometric rectified image (TM of 1986) was found to be
0.501 of pixel dimension or 15.03m.

After the 1986 image was geometrically rectified,
image registration was employed where the 1986 image
was used as a reference/source image to rectify those of
1996, 2006 and 2016.

Image Classification

The four sets of images were classified, after
generating training samples, using maximum likelihood
classifier by supervised classification [19, 20]. Six land
covers were classified, which include bare surface, built-
up area, farmland, forest and rock outcrop. Cross-
validation statistics using confusion matrix was employed
to assess the classification accuracy. Table-1 presents the
classified images with their overall accuracies/Kappa
indexes. The accuracy was also ascertained using field
validation with the help of a hand-held GPS and an
agreement was found between the classified land covers
and ground features.

Table-1. Classified images with their overall accuracies
and Kappa indexes.

Tmage Overali 0Z;curacy Ii(:([l)fxa
Landsat TM of 1986 86.89 0.83
Landsat TM of 1996 89.47 0.87

Landsat ETM+ of 2006 92.33 0.90
Landsat OLI of 2016 94.32 0.92

The accuracy assessment shows that the
acceptable range of more than 85 percent was achieved
and this may be attributed to the use of five land covers
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only [21]. This also shows that the fewer land cover
classified the higher the classification accuracy.

Urban growth/Land cover (LC) Change analysis

Post-classification comparison

The potencies of using remotely sensed imageries
and ground survey in acquiring training samples were
proven for detecting changes in land cover in the study
area as within the last three decades (1986-2016) shown in
Figure-4.

Table-2 and Figure-5 present the land cover
changes derived from the comparative analysis of the
classified images of the study area, from 1986 to 2016.

B Bare Surface W Forest | .. ]
M Built-up Aren B Rock Outcrop| © ®

Farmland 5

Figure-4. Land cover maps of 1986, 1996, 2006 and 2016.

Table-2. Land cover of the study area, 1986 to 2016.

Land cover 1986 1996 2006 2016
categories Area Area Area Area Area Area Area Area
(Ha) (%) (Ha) (%) (Ha) (%) (Ha) (%)
Bare Surface 571545 15.15 6161.67 | 16.34 | 7072.31 18.75 7569.00 20.07
Built-up Area 525.87 1.39 1006.02 2.67 2993.09 7.94 3498.30 9.28
Farmland 15038.73 39.87 23359.86 | 61.94 | 24757.36 | 65.64 | 25027.29 | 66.36
Forest 15793.56 41.87 6754.59 | 1791 | 2481.48 6.58 1295.46 3.43
Rock Outcrop 643.05 1.71 434,52 1.15 41242 1.09 326.61 0.87
20 | i 65.64 §6.36
60
& 50 3987 41.87
9?«40
3 30 18.75 20.07
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0 — — — — - || —_— . -
SE B H BB EHE S EEEERESNESES B
S 8 B &t 5|8 88 £ 5|@ 885 5|8 8 8 K5 5
BE™ 85~ Y5 FES™ I
= 2| = = | o 2| = oo ez
1986 1996 2006 2016
Land Cover

Figure-5. Distribution of land cover, 1986 to 2016.

From Table-3, it can be seen that a remarkable
increase in built-up area (565.24%) has occurred in the
study area during the last thirty years. Farmland and bare
surface have also experienced positive changes of
+66.42% and +32.43%, respectively. Likewise, forest and
rock outcrop, where negative changes of -49.21% and -
91.80% were observed.

These changes especially the increment in bare
surface/farmland and reduction in forest may not be
unconnected with transition from forest to farmland as
well as unreasonable vanishing of trees for firewood. This
is largely due to over dependency on firewood as the
major source of energy for cocking in the metropolis.
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Table-3. LC and LU changes, 1986 to 2016.

Land cover 1986-1996 1996-2006 2006-2016 1986-2016
categories Change Change | Change | Change | Change | Change Change Change
(Ha) (%) (Ha) (%) (Ha) (%) (Ha) (%)

Bare Surface 446.22 7.81 910.64 14.78 6496.69 91.86 1853.55 3243
Built-up Area 480.15 91.31 1987.07 | 197.52 505.21 16.88 2972.43 565.24

Farmland 8321.13 55.33 1397.50 5.98 269.91 1.09 9988.56 66.42
Forest -9038.97 -57.23 | -4273.11 | -63.26 | -1186.02 | -47.79 | -14498.10 | -91.80
Rock Outcrop -208.53 -32.43 -22.10 -5.09 -85.81 -20.81 -316.44 -49.21

Moreover, the increment in built-up area may be
associated with rapid population growth due to rural-urban
drift which in turn leads to housing and infrastructural
development in the area. Thus, it can be asserted that the
built-up area’s increment is a sign of urban growth, which
at the same time pressurised the available resources.

Deforestation assessment

In order to assess the impact of urban growth on
deforestation in the study area, image re-classification and
cross-tabulation analysis where performed.

Table-4. Forest and non-forest land

Image Re-classification

The 1986, 1996, 2006 and 2016 land cover
classes of the study area were re-classified into two land
cover classes, forest and non-forest. The bare surface,
built-up area, farmland and rock outcrop were merged
together to form a non-forest land cover while the forest
land cover remained as it was. The re-classification result
was presented in Figure-6 and tabulated in Table-4.

cover of the study area, 1986 to 2016.

1986 1996 2006 2016
Land cover
categories Area Area Area Area Area Area Area Area
(Ha) (%) (Ha) (%) (Ha) (%) (Ha) (%)
Forest 15793.56 41.87 6754.59 17.91 2481.48 6.58 1295.46 343
Non-forest 21923.10 58.13 30962.07 | 82.09 | 35235.18 | 93.42 | 36421.20 96.57
3 o 1 . " 12 LEGEND b
B Forest w E
W Non-forest @

Figure-6. Re-classified land covers, 1986 to 2016.
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Cross-tabulation analysis

In order to ascertain the magnitude of the
deforestation and where is has taken place, between 1986
and 2016, in the metropolis; cross-tabulation analysis was
conducted by establishing pixel-to-pixel changes from the
re-classified images of the two periods. The cross-

tabulation result is presented and interpreted in Table 6
and Figure-7.

The accuracy of the re-classification and cross-
tabulation was ascertained through field validation using a
hand-held GPS. A strong agreement was observed
between what is on the re-classification/cross-tabulation
maps and ground features.

Table-5. Interpretation of the change-over between forest and non-forest, 1986-2016.

S.N | Result Area (Ha) Area (%) Interpretation of result Remark
1 111 825.99 2.19 Forest in 1986 and remained forest in 2016 Unchanged
2 211 467.69 1.24 Non-forest in 1986 and turned to forest in 2016 Afforestation
3 12 14965.97 39.68 Forest in 1986 and turned to non-forest in 2016 Deforestation
4 22 21457.01 56.89 Non-forest in 1986 and remained non-forest in 2016 Unchanged

Key: 1 = Forest; 2 = Non-forest

LEGEND

B Forest in 1986 and remained forest in 2016

= Non-forest in 1986 and tumned to forest in 2016

M Forest in 1986 and turned to non-forest in 2016
Non-forest in 1986 and remained non-forest in 2016

Figure-7. Land covers conversion, 1986-2016.

CONCLUSIONS

Recent development in technology has eased the
acquisition of data for different kinds of studies. With this
development, remote sensing and GIS have become potent
techniques for generating and analysing geospatial data
about geographical features. This study made use of
multitemporal Lands at satellite images of four epochs;
TM of 1986 and 1996, ETM+ of 2006, and OLI of 2015 to
assess urban growth and its impacts on deforestation in
Bauchi metropolis, Bauchi Sate, Nigeria over a period of
thirty years (1986-2016). The Lands at imagery was
chosen for this study because of its open source (free
access) coupled with temporal availability. The empirical
line calibration and image-to-map methods used for
radiometric and geometric restitution of the images as well
as maximum likelihood algorithm for image classification
have proved their effectiveness in enhancing the images
and classifying the features within the metropolis. The
accuracy of the classification was assessed by cross-

validation using confusion matrices and the kappa indexes
of the four classified images were 0.83%, 0.87%, 0.90%
and 0.92% for the TM of 1986 and 1996, ETM+ of 2006,
and OLI of 2016, respectively. Ground truthing by the use
of a hand-held Global Positioning System (GPS) was also
conducted as a field validation to assess the classification
accuracy and the result shows a strong agreement between
the ground features and those on the classified images. For
higher classification accuracy and better assessment,
satellite images of higher resolution such as WorldView or
GeoEye and more powerful feature extraction algorithms
such as object oriented should be used for future studies.

The post-classification comparisons and Paired t-
test analyses performed in the study uncovered significant
changes in bare surface (+32.43%), built-up area
(+565.24%), farm land (+66.42%), forest (-91.80%) and
rock outcrop (-49.21%) in the metropolis between 1986
and 2016. After reclassifying the land cover features of the
metropolis into forest and non-forest and performing
cross-tabulation analysis, the result of indicates a change-
over of 14965.97Ha (39.68%) form forest to non-forest
(deforestation) and that of 467.69Ha (1.24%) from non-
forest to forest (afforestation) within the study period. The
rapid increase in built-up area indicates urban growth
while the decrease in forest indicates deforestation. The
deforestation may be attributed to lack of proper
environmental protection strategy in place in the
metropolis and if allowed to be continued like that in the
future, it will have great repercussion on the metropolis.
The study demonstrates the potentialities of remote
sensing and GIS in assessing urban growth and its impacts
on deforestation, and the outcome of the study can serve as
an input into a relationship model for predicting the impact
of urban growth on deforestation.
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