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ABSTRACT

The study used remotely sensed tools to map the impact of land use changes on Awka's
forest cover and cultivated land. These changes tend to impact the city’s forest cover and
cultivated land, leading to climate change and food insecurity. The UN SDGs 2 and 13
outline plans of action that must be followed in order to attain sustainability and mitigate
against the effects of climate change and food insecurity.

The study aims to analyze the impact of land use changes on forest cover and cultivated
land in Awka from 2010 to 2020.

In this study, three remotely sensed satellite data sets (Landsat 7 ETM+ 2010 and Landsat 8
OLI 2015, 2020) were used to map the impact of land use change on forest cover and
cultivated land in Awka. The remote sensing techniques adopted were image pre-processing
and supervised classification. Ground-truth information was utilized for validation of the
result.

The classification analysis shows that built-up area had increased positively throughout the
study period, while cultivated land decreased. Water bodies, bare land, forest cover, and
grass land had also witnessed positive and negative changes. The NDVI and NDBI values
also highlight negative changes in vegetation biomass and positive changes in built-up areas
in Awka.

The study shows that remote sensing (RS) and geographic information systems (GIS) are
effective tools for studying land use patterns. It suggests using the tools as a foundation for
planning and decision-making. Hence, land use analysis should be observed and updated
periodically

Keywords: Climate change, Cultivated land, Food insecurity, Forest cover, Land-use,
SDGs.
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INTRODUCTION

Anthropogenic processes and their driving forces have profoundly altered the world's
ecosystems. As a result of these alterations, only a small portion of these landscapes still
retain their original form (Chang et al., 2018; Esa ef al., 2018). As man continues to exploit
his environment, a situation is reached where its natural state is devastated (Singh et al.,
2015; Bazai & Panezai, 2020). Teshome et al. (2022) assert that these devastations can be
traced to demographic pressure, which persists as man explores his environment through
deforestation, agriculture, and urbanization (Ariti et al., 2015; Msofe et al., 2019). These
exploitations of natural resources have led to land-use change (hereafter LUC). According to
Osman et al. (2023), understanding LUC is increasingly important for managing the
available ecosystems and then keeping track of their changes through time at the local,
regional, and global levels (Zenebe ef al., 2018; Rigden & Li, 2017). LUCs are the results of
historical processes as human activities, agricultural practices, technological developments,
and societal growth has shaped the natural landscapes into their current configurations (Enoh
et al., 2022). 1t is the alteration of resources, including water, soil, and vegetation, and the
direct impartation of groundwater infiltration, run-off, and evapotranspiration (Chakilu &
Moges, 2017; Hegazy & Kaloon, 2015; Sewnet, 2015). LUC are inherently linked to human
existence and can be traced to natural and anthropogenic drivers. It is motivated by man’s
desire to acquire food, energy, and other resources in its environment (Saifullah et al., 2017,
Yuan et al., 2015). The natural drivers of LUC are identified as flooding, fire, weather,
erosion, desertification, drought, and volcanic eruptions. Anthropogenic drivers include
population expansion and have been reported to impact resources such as forest cover (FR),
cultivated land (CL), wetlands, and green spaces, resulting in losses (Zhou et al., 2017,
Yirsaw et al., 2017).

The UN's member states created the 2030 Agenda to address global concerns (UN 2015).
The Agenda contains 17 sustainable development goals (SDGs), 169 globally recognized
targets, and 232 indicators in light of the accomplishment of the Millennium Development
Goals (MDGs) (Fu ef al., 2017; UN, 2015). While the targets explain the objectives, the
indicators serve as a gauge of their achievement. The SDGs are not isolated. They
acknowledge that development is interrelated, meaning that decisions made in one location
can affect others made in another location. Accordingly, if we halt deforestation and enhance
the forest cover (SDG 15), food insecurity will be improved (SDG 2) and climate change will
be mitigated (SDG 13). Hence, the SDGs is a universal roadmap for all countries to follow in
order to attain a sustainable future by 2030. According to the World Bank, the SDGs are
a call to action for all countries to raise their standard of living while eradicating hunger,
poverty, and environmental degradation (United Nations and Nations, 2015). SDG-2 focuses
on accomplishing "zero hunger". Its stated goals include eradicating hunger, improving
nutrition, achieving food safety, and advancing sustainable agriculture. According to reports
by the United Nations (UN, 2015), approximately 690 million people, which roughly
represent 10 % of the world population, are undernourished. The first five SDG-2 targets
(2.1-2.5) are directly linked to food safety and agricultural sustainability, while the latter
three (2a—2c) pertain to markets intended to encourage agricultural investment and reduce
market barriers, distortions, and volatility. SDG 13 urges us to mitigate the impact of climate
change (Enoh ef al., 2023). It addresses a range of issues related to climate change with five
goals and eight indicators.

Conventional ground techniques have often been used to analyze the impact of LUC on FR
and CL. These methods, which include field surveys, maps, and available records, are
time-consuming, labor-intensive, vigorous, and infrequent (Ayele et al., 2018; Hc et al.,
2020). With conventional methods, land use (hereafter LU) maps quickly become obsolete,
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especially in terrains where information regarding LU changes rapidly (Dash et al., 2015).
Remote sensing (RS) has been provided as an alternative method to traditional techniques.
RS is more valuable and cost-effective for monitoring LU changes (Chew et al., 2016;
Saleem et al. 2020; Malik et al., 2020). It can be integrated with Geographic Information
System (GIS) techniques for rapid detection and mapping LUC (Pal & Ziaul, 2017,
Kharazmi et al., 2018; Romaguera et al., 2018). Remotely sensed data covers a large
geographic area and can provide vital information about the location, rate, nature, trend, and
magnitude of LUC. Globally, RS and GIS have been established as important tools for
analyzing LU spatial-temporal changes. Vegetation indices, an important aspect of RS, have
been acknowledged and adopted for monitoring LU changes as well as extracting features of
interest from satellite data. Among these indices are the normalized difference vegetation
index (NDVI) (Congedo, 2020; Abebe et al., 2022), the normalized difference built-up index
(NDBI) (Zha et al., 2003), the normalized difference snow index (NDSI) (Khan et al., 2005),
and the normalized difference water index (NDWTI) (Satir et al., 2016). The NDVI is the most
popular method for identifying green vegetation. NDSI, NDWI, and NDBI have been
identified as indices for extracting snow, water, and built-up areas, respectively. All over the
world, the relevance of RS and GIS as tools to monitor urban LU spatial-temporal changes
has been acknowledged. These tools were applied by researchers such as Appiah et al., 2021;
Aderele et al., 2020; He et al., 2020; Satir et al., 2016; Fu et al., 2017; and Chew et al., 2016
to analyze the impact of LU changes on forest cover, cultivated land, urban green space, and
wetland losses.

Awka has witnessed tremendous changes in its LU classes since its inception as the
administrative capital of Anambra State, Nigeria. The city grew from an estimated
population count of 104,682 in 1991 to 301,657 in 2006 (National Population Commission,
2013), and at a population growth rate of 2.2 %, Awka is simulated to reach a population
count of approximately 507,600 by 2030 (24-year planning period). This statistic shows that
the study area is expanding and quickly developing into a continually built-up area, which
may transform into a large urbanized zone. Following the results, Awka's R and CL may be
exploited and converted into residential sites. This exploitation and degradation of the area’s
FR and CL have been found to be the major reasons for food insecurity and climate change in
the zone. Research findings have shown that despite persistent LU changes in Awka, there
are no up-to-date LU classification records, which are relevant for the achievement of
a sustainable city. As a follow-up, this study intends to fill the identified gap. It involves
analyzing the impact of LU changes on FR and CL in Awka from 2010 to 2020. It views
built-up, as a key driver of these changes, which can result in climate change and food
insecurity. This study also intends to serve as an improvement over many citations analyzed
in LU studies, as it relates LUC dynamics to the UN’s SDGs. In this study, Landsat 7 ETM+
and 8 OLI were the RS datasets adopted for the classification analysis, and the maximum
likelihood post-classification method was utilized to identify the LUC dynamics. Other
analyses identified in the study to analyze the LUC were net change, accuracy assessment,
and transition analysis.

DESCRIPTION OF THE STUDY AREA

Awka is the administrative capital of Anambra, a state in Nigeria. The city is located
between latitudes 6 °09'N and 6 °19'N and longitudes 7 °01'E and 7 °12'E. Awka is found
between Onitsha and Enugu, two important cities in southeastern Nigeria. Some important
towns that make up Awka and its environs are Nibo, Amawbia, Nise, Mgbaku, Umuawulu,
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Isiagu, Ezinato, and sections of Okpuno, Amansea, Urum, and Nawgu (Fig. 1). The soils that
characterize the study area are lateritic, with a red or brown color, and prone to flooding. The
rivers that drain the area are Haba, Obizi, and Obibia in the south; Obizi Okpuno in the north;
and the Mamu River in the east (Ezenwali et al., 2014). Awka’s vegetation cover is
predominantly deciduous trees. These trees include palm trees, raffia palms, iroko trees, oil
bear trees, and gravelina trees. Awka has a tropical wet and dry climate with a distinct
seasonal cycle. Its wet season runs from April to September, with frequent thunderstorms and
lightning. Awka’s dry season lasts for six months. It begins in October and ends in March
with harmattan weather, which is dry, dusty, and reduces visibility (Nzoiwu et al., 2016).
Annually, Awka receives approximately 1,600 mm of rain. Its temperature is between
27 °C-30 °C during the months of June and December but rises to 32 °C-34 °C during the
latter months of the dry season (Ezenwali et al., 2014). Awka is predominantly inhabited by
the Igbo people, who are known for their low income, unemployment, and restricted access
to basic healthcare. These issues are frequently connected to substandard housing and
inadequate education.

Fig. 1: Map of (a) Africa, (b) Nigeria, (c) Awka and its environs
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MATERIALS AND METHODS

Data acquisition and their sources

In this study, three cloud-free remotely sensed data sets, namely Landsat 7 ETM+ 2010 and
8 OLI (2015 and 2020), were used to examine the LU change dynamics. The data were
acquired from the United States Geological Survey portal (http://earthexplorer.usgs.gov/)
with path 188 and row (55, and 56) and then projected to a 32 N UTM map zone using
a WGS 84 datum. Ground control points (GCPs) were used to georectify the satellite data
collected in January (the same months) with the aim of minimizing classification error and
preventing seasonal changes (Verpoorter et al., 2012). Table 1 depicts the parameters of the
study’s Landsat sensor. Fig. 2 is the study’s methodological flow diagram. It shows auxiliary,
Landsat ETM+, OLI, and ground truth as datasets acquired for this study. The Landsat data
(ETM+ and OLI) were pre-processed and classified using the supervised classification
approach (maximum likelihood classifier) to produce the LU maps of the study periods
(2010, 2015, and 2020). Accuracy assessment was observed to ascertain the accuracy of the
classification process. Change analysis and change maps were also produced using the land
change modeler (LCM) tool embedded in the IDRISI Selva program.

Table 1: Parameter of study’s Landsat sensor

Satellite WRS Sensor Cloud Cover Date of UTM | Spatial Resolution
Name Path/Row Type (%) Acquisition Zone (Meters)
Landsat 7 188/055, 188/056 ETM+ <10% 10/01/2010 32N 30x30
Landsat 8 188/055, 188/056 OLI/TIRS <10% 12/01/2015 32N 30x30
Landsat 8 188/055, 188/056 OLI/TIRS <10% 11/01/2020 32N 30x30

Fig. 2: The study’s methodology flow diagram
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Preprocessing

Preprocessing is crucial in change detection analysis, as imperfections attributed to image
sensors, atmospheric conditions, and the curvature of the Earth, if not corrected, might lead to
incorrect results (Parsa et al., 2016). Preprocessing enhances image quality by reducing or
eliminating radiometric and geometric errors (Islam ef al., 2018; Enoh et al., 2022). In our
study, preprocessing was carried out with Erdas Imagine (ver. 2015) and the ArcGIS 10.5
program. Here, gap filling, subsetting, and enhancement were performed on the Landsat
satellite data. Landsat 7 ETM+ data acquired after May 31, 2003, often show traces of
a zig-zag pattern over the satellite ground route (Fig. 3a). This error came into existence as
a result of a failure in the ETM+ sensor's scan line corrector (SLC). The failure resulted in
gap lines and a loss of approximately 22 % of the scene (Langford, 2015). For our study, we
use the Landsat toolbox embedded in the ArcGIS program to pre-process the zig-zag pattern
displayed in the Landsat 7 ETM+ (2010) data (Fig. 3b). To highlight the visual perception of
the study’s remotely sensed data, a false color composite (FCC) was created by combining
spectral image bands in the RGB format (4, 3, and 2) for ETM+ data (Fig. 4a) and (5, 4,
and 3) for OLI/TIRS (Fig. 4b and 4c). The image was enhanced with the histogram
equalization tool and sub-set with the shape file of the study area, in order to create the area of
interest (AOI). The enhanced images were co-registered with the Universal Transverse

Mercator (UTM) zone 32N coordinate system on the 1984 World Geodetic System (WGS)
ellipsoid.

Fig. 3: The study’s Landsat 7 ETM+ (2010) sensor before and after the zig-zag pattern
remova
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Fig. 4: False color composite (FCC) of Landsat sensors for 2010, 2015, and 2020
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Image Supervised Classification

Supervised image classification is an important technique in remote sensing (Wang et al.,
2015). It aids in the detection, identification, and classification of image features by
highlighting the LU classes they depict on the earth's surface (Al-Sharif & Pradhan, 2013). In
our study, the maximum likelihood classifier (MLC) was adopted as a technique for
classification due to its ease of training and availability (Tariq et al., 2022; Zainab et al.,
2021). This approach to classification was based on our expertise, visual interpretation, and
understanding of the study area's physiography (Ratnaparkhi et al., 2016; Zubair & Javed,
2018). Image clusters are defined as LU classes in the supervised classification process, and
each class frequently occupies a feature space. It involves delineating training sites, which
we defined according to Anderson et al.’s (1976) classification scheme. The training
involved grouping similar pixels into a category based on their spectral pattern. Table 2
defines the classification scheme adopted for this study. In our study, ERDAS Imagine 2014
and ArcGIS 10.5 were the software adopted for the classification process.

Table 2: The study’s classification scheme (after Anderson et al., 1976)

LU classes Description
Built up (BU) These include residential, commercial, and industrial sites.
Forest (FR) These covers areas of dense and coniferous trees.
Water body (WB) This includes rivers, lakes, streams, gravel, canals, and reservoirs.
Bare land (BL) These are areas of barren land; boulders; stock quarries; dump sites; exposed

soil; and active excavation.

Cultivated land (CL) | These are areas of permanent and annual crops and for irrigation sites.

Grass land (GL) These are areas covered with grass, meant for grazing sites.

200




Journal of Landscape Ecology (2026). Vol: 19 /No. 1

Accuracy Assessment

Accuracy assessment is the final stage of the image classification process. It utilizes a
stratified random approach to represent different LU classes. Based on the ground truth
information and visual interpretation, an error matrix was used to compare the reference data
with the classification results as a square array that equates the number of LU classes being
assessed to the number of classes in rows and columns (Disperati &Virdis, 2015). The
correctly classified entries are displayed as diagonal, while non-diagonal entries are
omissions (non-diagonal column entries) or commissions (non-diagonal row entries). Other
accuracy measures, namely overall accuracy (OA), producer accuracy (PA), and user
accuracy (UA), are also computed (Coppin et al., 2004; Boschetti et al., 2004). PA is
computed as the correctly categorized pixels divided by the total reference pixels for the
selected class (Bradley, 2009; Mohammady et al., 2015). UA is calculated by dividing the
correctly classified pixels by the total classified pixels, and OA is the total number of
correctly categorized pixels divided by the total number of pixels for all classes (Congalton &
Green, 2019; Liu et al., 2007). The Kappa test (K) compares predetermined producer ratings
with ratings supplied by users. K is rated strong to perfect agreement if its value is greater
than 0.8. It is moderate if its agreement is between 0.6—0.8, and good agreement if it is
between 0.4-0.6. (Fardaus ef al., 2014; Ziyad & Prakash, 2020). K can be computed with
equation I:

_ N;—X i _;X i—X +i

K M
N - ZX i+X +
i=1

(D

Where N is the total number of observations; K is the Kappa coefficient; r is the matrix’s
number of rows; Xii is the total observations in row i, and in column /, Xi+ is row #'s marginal
total and X + i's marginal total.

LU change detection

LU Post-Classification

In our study, the Post-Classification (PC) method was used to analyze the LU changes
(Firdaus et al., 2014; Ziyad & Prakash, 2020). Here, PC was performed with ArcGIS 10.5
and the Idrisi Selva program to generate a cross-tabulation of two thematic maps by overlay
operation. During the operation, cross-tabulation produces pixel agreement and
disagreement, which are determined by the error matrix table. In the table, the reference data
are represented in rows, while the classified data are in columns (Teferi et al., 2013).
Thematic maps generated for 2010, 2015, and 2020 are used for the 2010-2015, 2015-2020,
and 20102020 relationships in order to analyze the net change (gain or loss), change maps,
change matrix, and transition probabilities for the respective LU study classes.

Net Change (Gain and Loss Analysis)

Net change analysis is computed as differences between gains and losses for each LU class
(Pontius et al., 2004; Teferi et al., 2013). Gains are the amount of LU class i that is added
from time 1 to time 2, while losses are the lost LU class j during the classification process
between time 1 and time 2. In our study, gain and loss dynamics were determined with
cross-tabulation analysis.
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LU change analysis

Change analysis is the process of computing the differences between the timing of an
object (Singh, 2017; Rawat & Kumar, 2015). In remote sensing, overlay operation is
a technique that relates to change analysis. It involves observing pixel-by-pixel comparisons
in order to determine the pixels that changed during the classification analysis. (Abebe et al.,
2019; Abraham et al., 2016; Mozumder & Tripathi, 2014). By overlaying, a new image is
formed to highlight changes that took place during the classification process. Change trend
(CT), and change percentage (CP) are operations linked with change analysis. CT is
a technique that is often used to measure the magnitude of change between two LU classes. It
can be negative (-) or positive (+). It is negative if the LU classes are decreasing and positive
if they are increasing in size (Teferi et al., 2013). CP is computed using the values of CT
according to equations 2, and 3.

Change trend (CT) = A2— A 2)

Change percentage (CP) = (Ai; Ai *100) 3)
1

Where n is the time in seconds between the areas A; and A» (in years). A, and A; are
expressed in km?.

Estimation of the Normalized Difference Vegetation Index (NDVI)

NDVI is one of the most important indices that can be used to study the health status of
green vegetation. It is estimated with remote sensing data based on the spectral
characteristics of vegetation. NDVI absorbs visible light from vegetation and photosynthetic
energy and reflects near-infrared (NIR) radiation (Forkel ez al., 2013; Kidane ef al., 2019;
Yuan et al., 2015). In our study, NDVI was computed from ETM+ 2000 and OLI (2015,
2020). It is an indicator created to distinguish green vegetation from other surfaces based on
the vegetation reflectance characteristics of the area (Naz & Rasheed, 2017; Zoungrana et al.,
2018). NDVI measurements range from -1 to +1 (Khan et al., 2020; Rizvi et al., 2020).
NDVI values higher than zero depict the presence of green vegetation. The higher the NDVI
value, the higher the likelihood that an area on the ground is densely covered in green
vegetation. Negative values of NDVI depict the absence of green vegetation cover and areas
covered with water bodies. In this research, NDVI was computed using equation 5, with its
final values grouped as low and high NDVI (Usman et al., 2013; Mohammed et al., 2019).

Normalized Difference Vegetation Index (NDVI) = [ NIR (ant 45~ Red @ud 3 j “4

NIR (Band 4,5+ Red (Band 3,4)

Where NIR (Band 4) for Landsat 4-5 TM is 0.76-0.90 um, and NIR (Band 5) for Landsat 8 OLI is
0.85-0.88 um. For Landsat 4-5 TM and Landsat 7 ETM+, RED (gand 3) is 0.63-0.69 pm, and
NIR (Band 4) is 0.64-0.67 m for Landsat 8 OLI.

Estimation of the Normalized Difference Built-up Index (NDBI)

The normalized difference built-up index (NDBI) is another important index that is often
used to extract information about the extent of built-up regions from remotely sensed data
(Bhatti & Tripathi, 2014). As opposed to other LU areas, built-up areas reflect more light at
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the MIR wavelength of 1.55-1.75 pm and the NIR wavelength of 0.76-0.90 pm. Built-up
values range from -1 to +1. Higher NDBI values indicate a high-density built-up area, and
low NDBI values depict a low-density built-up area distribution. NDBI can be computed
using equation 6 (Zha et al., 2003).

Normalized Difference Built-up Index (NDBI) = ( MIR (ends)~ NIR @and 4 j (&)

MIR (Band 5,6) + NIR (Band 4,5)

Where MIR (Bang 5) for Landsat 4-5 TM and Landsat 7 ETM+ is 1.55-1.75 pm, and MIR (Band
6) for Landsat 8 OLI is 1.57-1.65 um. For Landsat 4-5 TM and Landsat 7 ETM+, RED (Band 4)
is 0.76-0.90 um, and NIR (gand 5) 1s 0.85-0.88 m for Landsat 8 OLI.

RESULTS AND INTERPRETATION

Table 3(a) depicts the overall area and percentage of LU class categories and their
associated changes from 2010 to 2020. According to the study, BU and GL class areas had
respectively increased from 98.56 km? (18.99 %) and 104.30 km? (20.10 %) in 2010 to
113.35 km? (21.84 %) and 118.11 km?(22.76 %) in 2015 and to 145.41 km? (28.02 %) and
185.48 km? (35.74 %) in 2020. In contract, CL decreased from 69.40 km? (13.37 %) in 2010,
t020.92 km? (4.03 %) in 2015, and to 7.44 km?(1.43 %) in 2020. FR, WB, and BL classes had
also changed. FR, WB, and BL changed from 139.92 km? (26.96 %), 7.05 km? (1.36 %), and
99.79 km? (19.23 %) in 2010 to 116.41 km? (22.43 %), 32.34 km? (6.23 %), and 117.89 km?
(22.71 %) in 2015, and to 126.51 km? (24.38 %), 8.56 km? (1.65 %), and 45.62 km? (8.79 %)
in 2020.

Table 3: The study’s classification analysis in area and in percentage

(a) LU Area in square kilometer Area in percentage
Classes 2010 2015 2020 2010 2015 2020
Built up (BU) 98.555 113.352 145.407 18.989 21.840 28.016
Forest (FR) 139.922 116.410 126.509 26.959 22.429 24.375
Water body (WB) 7.052 32.335 8.564 1.359 6.230 1.650
Bare land (BL) 99.788 117.887 45.616 19.226 22.714 8.789
Cultivated land (CL) 69.403 20.917 7.441 13.372 4.030 1.434
Grass land (GL) 104.295 118.114 185.478 20.095 22.757 35.737
Total 519.015 | 519.015 519.015 100 100 100
(b) LU Change trend (CT) (in Km?) Change percentage (CP) (in %)
Classes (2010- (2015- (2010- (2010- (2015- (2010-2020)
2015) 2020) 2020) 2015) 2020)
Built up (BU) 14.797 32.055 46.852 15.01 28.28 47.54
Forest (FR) -23.512 10.099 -13.413 -16.80 8.68 -9.59
Water body (WB) 25.283 -23.771 1.512 358.52 -73.51 21.44
Bare land (BL) 18.099 -72.271 -54.172 18.14 -61.31 -54.29
Cultivated land (CL) -48.486 -13.476 -61.962 -69.86 -64.43 -89.28
Grass land (GL) 13.819 67.364 81.183 13.25 57.03 77.84

Table 3(b) highlights the change trend (CT), change percentage (CP), and annual rate of
change (R) of the study classes. During the first phase (2010-2015), second phase (2015—
2020), and third phase (2010-2020) of the study, BL and GL classes had changed positively
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by 14.80 km? and 13.82 km?; by 32.06 km? and 67.36 km?; and by 46.85 km? and 81.18 km?.
The positive change in the BL classes may be a result of infrastructural development,
population growth, and immigration. Similarly, the positive change in the GL may be traced
to low grazing, low encroachment, and a favorable climate. CL had changed negatively by
48.49 km? during the first period, by 13.48 km? during the second period, and by 61.96 km?
during the third period. The negative change in CL may be linked to the neglect of farming
activities as well as the conversion of farmlands into BA areas. FR, WB, and BL had changed
positively and negatively during the first, second, and third phases. The areas changed by
-23.512 km?, 25.28 km?, and 18.10 km? during the 2010-2015 phase, 10.10 km?, -23.77 km?,
and -72.27 km? during the 2015-2020 phase, and -13.41 km?, 1.51 km?, and -54.17 km?
during the 2010-2020 phase.

Fig. 5: The study’s LU supervised classification maps of Awka during 2010, 2015, and
2020 years
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The positive change in the FR cover may be a result of forest conservation practices,
including tree regeneration practices. The negative change may be traced to deforestation and
urbanization. The changes in WB may be due to sand deposition, land reclamation, and other
developmental activities that exist along the coast. The changes in bare land may be linked to
overgrazing, indiscriminate bush burning, and deforestation. Fig. 6 is a chart that depicts the
study’s classification analysis and change trend (C7).

Fig. 5 depicts the final supervised LU classification maps during the 2010, 2015, and 2020
study years. The maps are based on Landsat 7 ETM+ and 8 OLI data, with red pixels
depicting built-up areas and brown, yellow, blue, light, and dark green pixels highlighting
bare land, cultivated land, water bodies, grassland, and forest, respectively.

Change Detection analysis

LU Gains and Losses analysis

Table 4 illustrates the respective net changes (gains and losses) of the study’s LU classes
from 2010 to 2020. From the analysis, we see that during the first period (2010-2015),
second period (2015-2020), and third period (2010-2020), cultivated land lost 500 km?,
170 km?, and 800 km? of their previously existing area to other LU classes, while also gaining
180 km?, 90 km?, and 20 km?. Cultivated land may have lost its area because a greater part of
it may have been converted to built-up areas. Similarly, forest cover suffers losses and also
gains from other LU classes during the first, second, and third periods. FR lost 900 km?,
710 km?, and 550 km? during the first, second, and third periods, while also gaining 610 km?,
680 km?, and 330 km?. The negative changes in the study’s FR may be linked to
deforestation, urban development, and logging activities. Other LU classes also recorded
losses and gains during the study periods. Fig. 6 is a chart that depicts the losses, gains, and
net changes of the study’s LU classes.

Table 4: Net change (Gains and losses) analysis

LU 2010-2015 (Period 1) (in km?) 2015-2020 (Period 2) (in km?) 2010-2020 (Period 3) (in km?)
Classes Losses | Gains | Netchange | Losses | Gains | Net change | Losses | Gains | Net change
Built up (BU) -500 750 250 -610 580 -30 -530 650 120
Forest (FR) -900 610 -290 =710 680 -30 -550 330 -220
Water body (WB) -48 200 152 -190 110 -80 -20 100 80
Bare land (BL) -680 980 300 -900 600 -300 -720 820 100
Cultivated land (CL) -500 180 -320 -170 90 -80 -800 20 -780
Grass land (GL) =700 720 20 -570 1150 580 -480 1050 570

Fig. 6: Charts depicting gains and losses (in km?) for the study’s LU classes
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Fig. 7 shows maps that show the study’s net change (gain and loss) analysis during 2010
and 2020, based on Landsat 7 (ETM+) and 8 (OLI) satellite data. The maps were prepared
with a focus on built-up areas, forest areas, water bodies, bare land, cultivated land, and grass
land as the respective LU types.

Contribution to net change experienced by the study classes

Fig. 8 shows charts that identify the major contributors to LUC in the study classes. The
chart was prepared with the Land Change Modeler (LCM) tool embedded in the IDRISI GIS
program. From the chart, we see that in Fig. 8(a)—(b), cultivated land is the major contributor
to build-up and grassland areas, followed by bare land and forest cover. This shows that
built-up area is one of the key drivers of cultivated land loss in the study area. In Fig. 8 (c),
cultivated land is the only LU class that contributes to forest cover. Cultivated land
contributed to BU, GL, and FC as part of its area may have been converted to BU sites,
grassland, or used up for developmental activities. Fig. 8 (d)—(e) shows that forest cover was
the largest contributor to water bodies and bare land, followed by cultivated land. Forest
cover had contributed to WB and BL, as part of its area may have been submerged, exploited,
or degraded for developmental activities. In Fig. 8(f), none of the study’s LU classes
contributed to cultivated land. This implies that farming activities are depreciating in the
study area as cultivated land is being used up by other LU classes.
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Fig. 7: Net changes in the study’s LU classes
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Transition Matrix

Table 5 is a transition matrix table that shows the study’s transition analysis between 2010—
2015, 2015-2020, and 2010-2020. The analysis reveals that during the 2010-2015 period,
built-up areas, forest cover, and grassland were more stable, while cultivable land and
grassland were transition classes. The transitions from cultivated land to grassland and from
grassland to bare land were 6.2 % and 5.8 %, respectively. Water bodies had the least
transition during this period. Between 2010 and 2020, built-up areas, forest cover, and
grassland were constant, while the transition from cultivated land to grassland areas was the
most significant. Fig. 11 is a map that shows the transition classes during the 2010-2020

period.
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Table 5: The study’s LU transition analysis (2010-2020)

2020
LU classes Built-up | Forest cover | Water body | Bare land Cultivated Grass land
(BU) (FR) (WB) (BL) land (CL) (GL)
Built up (BU) 41.7861 0.1035 0.0675 12.1752 0.6570 6.0858
Forest (FR) 0.0864 51.9309 2.2563 0.9594 22.7331 5.1219
2010 |  Water body (JWB) 0.0135 6.7617 6.9120 0.4212 3.1833 0.5337
Bare land (BL) 13.4262 0.1521 0.3807 78.5700 4.5180 39.6171
Cultivated land (CL) 0.5265 3.9816 0.5112 2.5092 34.6392 14.4270
Grass land (GL) 17.2287 0.1719 0.0387 50.8779 14.0751 81.5553
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Fig. 9: The study’s LU transition map (2010-2020)
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Normalized Difference Vegetation Index (NDVI) and Normalized Difference
Built-up Index (NDBI) changes

Fig. 10 and 11 show the study area’s NDVI and NDBI maps, which are quantified in
Table 6. From our computation, we see that in 2010, the NDVI values ranged from 0.019 to
0.728. In 2015, the NDVI values changed to 0.021 (the minimum value) and 0.579 (the
maximum value). In 2020, the minimum and maximum values were 0.038 and 0.537,
respectively. The computation results show that the NDVI values are decreasing. This
demonstrates the degradation of the area's vegetative biomass during the study period. The
NDBI computation shows that the study’s maximum NDBI values increased from 0.328 in
2010 to 0.530 in 2015 and to 0.549 in 2020. The Increase in NDBI values implies an increase
in the study’s built-up area. The decrease in the study’s NDVI value and increase in its NDBI
show that built-up areas are the major drivers of forest and cultivated land loss in Awka.

Table 6: Computation of NDVI and NDBI

Indices 2010 2015 2020

High Low High Low High Low
NDVI 0.727965 0.0191564 0.579079 0.021 0.537054 0.0380106
NDBI 0.328131 -1.26044 0.530131 -0.345601 0.64893 -0.343272
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Fig. 10: NDVI maps of Awka during 2010, 2015, and 2020 study years
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Fig. 11: NDBI maps of Awka during 2010, 2015, and 2020 study years
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Accuracy Assessment

Table 7 is an error matrix table analyzed for the study. The accuracy evaluation was based
on the creation of this table. It shows the overall accuracy and kappa statistics as 91.0 % and
0.861n2010; 85.0 % and 0.78 in 2015; and 83.0 % and 0.75 in 2020. Thus, the classification
results are reliable, as the overall accuracy is high. The kappa coefficient is also acceptable.

211



Njoku et al.: Spatial-temporal mapping of the impact of Land Use Changes on Forest cover and Cultivated Land in
Awka: A key driver of Climate Change and Food Insecurity

Table 7: Error Matrix Table (2010-2020)

Error Matrix Table (2010)

Class Name Reference Classified Number Producers Users
(2010) Totals Totals Correct Accuracy Accuracy
Bare land 7 7 5 71.43% 71.43%
Cultivated 11 9 8 72.73% 88.89%
area
Forest cover 51 54 51 100.00% 94.44%
Built up 18 19 17 94.44% 89.47%
Grass land 12 10 9 75.00% 90.00%
Water body 1 1 1 100.00% 100.00%
Total 100 100 91

Overall Classification Accuracy = 91.00%

Overall Kappa statistics = 0.8644

Error Matrix Table (2015)

Class Name Reference Classified Totals Producers Users
(2015) Totals Number Correct Accuracy Accuracy
Bare land 6 7 4 66.67% 57.14%
Cultivated 14 9 8 57.14% 88.89%
area
Forest cover 50 54 48 96.00% 88.89%
Built up 17 19 16 94.12% 84.21%
Grass land 12 10 8 66.67% 80.00%
Water body 1 1 1 100.00% 100.00%
Bare land 6 7 4 66.67% 57.14%
Total 100 100 85

Overall Classification Accuracy = 85.00%

Overall Kappa statistics = 0.7757

Error Matrix Table (2020)

Class Name Reference Classified Number Producers Users
(2020) Totals Totals Correct Accuracy Accuracy
Bare land 9 7 6 66.67% 85.71%
Cultivated 12 9 7 58.33% 77.78%
area
Forest cover 48 54 46 95.83% 85.19%
Built up 16 19 15 93.75% 78.95%
Grass land 12 10 8 66.67% 80.00%
Water body 3 1 1 33.33% 100.00%
Total 100 100 83

Overall Classification Accuracy = 83.00%

Overall Kappa statistics = 0.7504
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DISCUSSION

This study focuses on the use of RS and GIS as tools to analyze the impact of LU changes
on forest cover and cultivated land in Awka. The UN outlines 8 targets and 13 indicators for
achieving SDG 2. It also highlights 5 targets and 8 indicators for attaining SDG 13. The
targets emphasize the goals, while the indicators are metrics that countries aim to
comprehend. Tables 8(a)-(b) review and relate the study’s findings to the selected SDG 2 and
13 targets and indicators.

Table 3 in Section 4 provides an overview of the findings of the LU changes in Awka.
According to our research, the BU area increased from 98.56 km? (18.99 %) in 2010 to
113.35 km? (21.84 %) in 2015 and to 145.41 km? (28.02 %) in 2020. In contract, CL and FR
reduced from 69.40 km?(13.37 %) and 139.92 km? (26.96 %) in 2010, to 20.92 km?* (4.03 %)
and 116.41 km? (22.43 %) in 2015, and to 7.44 km?(1.43 %) and 126.51 km? (24.38 %) in
2020. The NDBI computation shows that the BU areas of Awka are increasing, with a
maximum value of 0.328 in 2010, 0.530 in 2015, and 0.649 in 2020. The NDVI computation
shows that green vegetation decreased from a maximum value of 0.728 in 2010 to 0.579 in
2015 and 0.537 in 2020. BU may have been rising in the study area as a result of migration,
urbanization, and infrastructural development. It threatens the existence of CL and FR and is
found to be a crucial driver of climate change and food insecurity in the study area. CL is
essential to food security and the achievement of SDG 2. FR mitigates against climate change
and food insecurity. It is crucial for the achievement of SDG 2, as it contributes directly and
indirectly to food security and nutrition. From our study, we see that BU has been expanding
while CL and FR decreased from 2010 to 2020. Following our study’s findings and reports
from the United Nations (UN, 2020), we simulate that by 2030 (10-year planning period), BU
will have further increased in the study area. Since BU has been found to be a driving force
behind CL and FR loss in the study area, we report that by 2030, CL and FR will further
decrease in size. If CL and FR are simulated to reduce the size of the study area by 2030, then
Awka will be facing challenges of food insecurity and climate change. Thus, if Awka seeks
to address issues of food insecurity and mitigate against climate change in order to achieve
SDGs 2 and 13 by 2030, it must adopt sustainable agriculture, practice forest regeneration
techniques such as continuous cover forestry, and then ignite laws against the conversion of
CL and FR to BU areas.
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Table 8: Review that relates the study’s findings with SDGs 13 and 2 output targets/indicators

(a) Review that relates the study’s findings with SDG 13 output targets and its indicators

Output Targets

Indicators

Background Information

13.1
“Boost resiliency to withstand risks and adapt to
natural disasters brought on by climate change.”

13.1.1
“Fatalities recorded, missing persons, and those directly
influenced by disasters per 100,000 people.”

13.1.2
“Countries that enforce and implement measures to reduce
the danger of natural disasters”

13.1.3
“Local councils that develop and implement disaster risk
reduction measures that are in line with national plans”

Fatalities in Awka as a result of climate change can be
traced to losses in FR and CL and an increase in the BU
areas. Our classification results show that Awka’s FR
degraded from 139.92 km? in 2010 to 126.51 km? in 2020.
The NDVI analysis further shows that green vegetation
was degrading in the study area during the same period. If
Awka intends to accomplish SDG 13 by 2030, it must
rehabilitate its damaged forest. Rehabilitating its damaged
forest will prove that Awka is resilient and capable of
adapting to dangers arising from climate change.

13.2
“Embrace national planning, strategies, and
policies that address climate change.”

13.2.1

"Countries that have discussed the implementation of a
common strategy, objective, or policy that increases their
ability to adapt to the adverse effects of climate change,
fosters climate resilience, and boasts greenhouse gas
emissions without endangering food production"

The study’s findings show that Awka’s FR and CL have
been decreasing. This decrease in Awka’s FR is a crucial
factor that contributes to the area’s climate change. To
mitigate against the effects of climate change, the study
region must embrace national planning, strategies, and
policies as measures to combat the effects of global
warming.

133

“Boost institutional and individual capacity for
tackling climate change through enlightenment,
instruction, adaptation, damage mitigation, and
early warning.”

13.3.1
“Countries whose school system curricula cover early
warning, damage reduction, and mitigation”

13.3.2

“Countries whose structural, institutional, and individual
efforts support initiatives for program assistance,
technology transfer, mitigation, and development”

Our final findings show that FR and CL are decreasing in
the study area as a result of an increase in BU. Hence, BU
is a driver of FR and CL losses. If Awka intends to meet
SDG 13 by 2030, it must regenerate its degrading FR
ecosystem by creating public awareness and
enlightenment through educational, skill-building, and
advocacy activities.
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(b) Review that relates the study’s findings with SDG 2 output targets and its indicators

Output Targets

Indicators

Background Information

2.1

By 2030, eradicate hunger and provide
year-round access to safe, nourishing, and
sufficient food for all, particularly the less

2.1.1
“Prevalence of malnutrition”

2.1.2

FR and CL are crucial to achieving food security. The
study’s findings show that Awka is losing its R and CL.
FR and CL are found to decrease from 139.92 km? and
69.40 km? in 2010 to 126.51 km? and 7.44 km? in 2020. If

privileged and vulnerable ones, including | “The percentage of people who experience moderate to | Awka intends to accomplish SDG 2.1 by 2030, it must

infants. severe food insecurity, as determined by the Food Security | regenerate its /R areas and practice sustainable agriculture
Survey”.

2.2 222 The study’s final findings show that Awka is still behind

By 2030, halt all forms of malnutrition by 2025,
including meeting the goals for stunting and
wasting in kids under the age of 5. In addition,
take care of the nutrition of old, adolescent,
pregnant, and breast-feeding mothers.

“Prevalence of under nutrition, by type (wasting and
overweight), in children under the age of 5”

223

“Prevalence of anemia among women within the age
bracket of 15 to 49, stratified by pregnancy status
(percentage)”

in achieving goal 2.2 by 2025. Thus, if Awka is prepared
to eliminate malnutrition by 2025, it must provide
incentives to local farmers, invest in sustainable
agriculture, and publish a stop notice to all forms of
encroachment into CL.

2.3

By 2030, ensure the agricultural output and
wages of artisanal food manufacturers,
especially ~ women,  domestic  peoples,
subsistence farmers, fishermen, and pastoralists,
by ensuring safe and fair access to land,
productive resources and inputs, knowledge,
markets, financial products and opportunities,
and non-farm and value-added jobs

2.3.1
"Production rate per worker unit by classes in agriculture,
forestry, and pastoral enterprises"

2.3.2
"Median income of artisanal food manufacturers, given by
sex and domestic status"

The loss in the study area’s /'R and CL shows that Awka is
on the verge of achieving goal 2.3. Thus, if the study area
intends to achieve target 2.3 by 2030, it must ensure that
agricultural output and wages for artisanal food
manufacturers are guaranteed.
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CONCLUSION

The study used remotely sensed tools to map the LU changes in Awka from 2010 to 2020.
Due to anthropogenic activities, Awka’s LU classes have been experiencing changes in the
last few decades. These LUC, which are driven mainly by an increase in built-up area, impact
the city’s forest and cultivated land areas, thereby leading to climate change and food
insecurity. In this study, three remotely sensed satellite datasets (Landsat 7 ETM+ (2000) and
Landsat 8 OLI (2015, 2020) were used to analyze the LU changes in Awka from 2010-2020.
The ground-truth information was used for validation. The results show that from 2010 to
2015, built-up area increased from 98.56 km? (18.99 %) to 113.35 km? (21.84 %) and 145.42
km? (28.01 %), while cultivated land decreased from 69.40 km? (13.37 %) to 20.92 km?
(4.03 %) and to 7.44 km® (1.43%) during the same period. Forest cover changed from
139.92 km?(26.96 %) in 2010 to 116.41 km? (22.43 %) and to 126.51 km? (24.38 %) in 2020.
Water bodies, bare land, and grassland had also changed. Water bodies, grassland, and bare
land areas changed from 7.05 km? (1.36 %), 99.79 km? (19.23 %), and 104.30 km? (20.10 %)
in 2010 to 32.34 km? (6.23 %), 117.89 km? (22.71 %), and 118.11 km? (22.76 %) in 2015 and
to 8.56 km? (1.65 %), 45.62 (8.79 %), and 185.48 km? (35.74 %) in 2020. The NDBI and
NDVI computations show that built-up areas increased while areas of green vegetation
decreased. From the computation, the NDBI analysis shows that built-up areas increased
with a maximum value of 0.328 in 2010, 0.530 in 2015, and 0.649 in 2020, while the NDVI
results show that green vegetation decreased with a maximum value of 0.728 in 2010, 0.579
in 2015, and 0.537 in 2020. The study shows that the city’s LU classes are changing. These
changes tend to have a detrimental impact on its cultivated land and forest cover, which are
driven mainly by an increase in built-up areas. From the study, we see that the study area may
be threatened by climate change and food insecurity. These threats may hinder the city from
achieving SDGs 2 and 13. Thus, if the study area intends to achieve SDGs 2 and 13 by 2030,
it must invest in agriculture and halt the exploitation of forest resources. It must practice tree
regeneration and sustainable agricultural practices.
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