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Abstract: Incessant flooding is a major hazard in Lagos State, Nigeria, occurring concurrently with
increased urbanization and urban expansion rate. Consequently, there is a need for an assessment
of Land Use and Land Cover (LULC) changes over time in the context of flood hazard mapping
to evaluate the possible causes of flood increment in the State. Four major land cover types (water,
wetland, vegetation, and developed) were mapped and analyzed over 35 years in the study area.
We introduced a map-matrix-based, post-classification LULC change detection method to estimate
multi-year land cover changes between 1986 and 2000, 2000 and 2016, 2016 and 2020, and 1986
and 2020. Seven criteria were identified as potential causative factors responsible for the increasing
flood hazards in the study area. Their weights were estimated using a combined (hybrid) Analytical
Hierarchy Process (AHP) and Shannon Entropy weighting method. The resulting flood hazard
categories were very high, high, moderate, low, and very low hazard levels. Analysis of the LULC
change in the context of flood hazard suggests that most changes in LULC result in the conversion
of wetland areas into developed areas and unplanned development in very high to moderate flood
hazard zones. There was a 69% decrease in wetland and 94% increase in the developed area during
the 35 years. While wetland was a primary land cover type in 1986, it became the least land cover
type in 2020. These LULC changes could be responsible for the rise in flooding in the State.
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1. Introduction
Located in Nigeria’s southwestern zone, Lagos State is regarded as a hotspot in
terms of urban expansion. Among all the 36 states in Nigeria, it is the smallest in area,
comprising 19 local government areas, including the City of Lagos, the nation’s largest
metropolitan area (Figure 1). The United Nations predicted there would be a megacity
in Africa by 2015 [1], the City of Lagos made that mark by 2020 [2]. The city currently
ranks number seven in the fastest growing cities and urban areas globally, with an average
annual growth of 4.4% in population from 2006 to 2020. It continues to grow in population
density and urbanization, with a current population of over 21 million and over 6000
residents per square kilometer. A rise in population in urban areas is known to directly
affect the demand for housing, which in turn leads to an increase in developed land. Urban
development in Lagos State is taking place by land reclamation [3] through dredging
from lagoons and converting coastal wetlands into urbanized communities, which is
a direct result of urban sprawl. Urban sprawl means the loss of wetland, forest, and
agricultural land to houses, roads, and industries, leading to environmental challenges and
changing demographics [4]. Environmental challenges, such as flooding, are the major
natural disaster that plagues Lagos State, which is assumed to be stimulated by urban
sprawl. The expansion of developed land is taking place in many flood-prone areas and
has also led to a change in the coastline geometry (Figure 1). Monitoring urban sprawl
and identifying the pace of the spread and spatial pattern is a primary concern for urban
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The area comprises islands of different water bodies, ranging from lagoons and beaches
to creeks, making it naturally susceptible to flooding. Urban flooding in Lagos State is
to creeks, making it naturally susceptible to flooding. Urban flooding in Lagos State is
expected, and the socioeconomic impact keeps increasing over the years. Urbanization is a
expected, and the socioeconomic impact keeps increasing over the years. Urbanization is
common phenomenon in different parts of the world [20]. However, intensive unplanned
a common phenomenon in different parts of the world [20]. However, intensive unurban growth has negative consequences on many environmental aspects [21]. For instance,
planned urban growth has negative consequences on many environmental aspects [21].
urbanization resulting in a decrease in wetland, vegetation [22,23], and soil cover leading
For instance, urbanization resulting in a decrease in wetland, vegetation [22,23], and soil
to an increase in impermeable surfaces can reduce rainfall infiltration and increase runoff
cover leading to an increase in impermeable surfaces can reduce rainfall infiltration and
to streams and rivers, and eventually cause flooding [24,25]. Vegetation can significantly
increase runoff to streams and rivers, and eventually cause flooding [24,25]. Vegetation
affect hydrological fluxes due to variations in the physical characteristics of the land surface,
can significantly affect hydrological fluxes due to variations in the physical characteristics
soil, and vegetation [22,23]. The adverse effects of flooding could be reduced with proper
of the land surface, soil, and vegetation [22,23]. The adverse effects of flooding could be
urban planning, starting with the identification of flood-prone areas through flood hazard
reduced with proper urban planning, starting with the identification of flood-prone areas
mapping and assessment of LULC changes causing flooding in those areas [26].
Flood hazard mapping requires specific hydrologic measurements [27,28] from flood
monitoring systems such as river and stream gauges, which are valuable but can be time-
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consuming, and expensive [29]. More so, in most developing countries, such hydrologic
records are insufficient or absent, and the cost of installing these systems could be limiting [30]. Consequently, flood hazard studies based on direct measurements may be
impossible in most developing countries because there are no historical data available to
determine certain flood levels and recurrence intervals for a particular flood event [30].
Flood hazard evaluation based on satellite data and damage reports could substitute for
unavailable quantitative data [31–33]. Here, we created a remote sensing and GIS-based
flood hazard map using seven criteria combined in a weighted overlay analysis. Each
criterion’s weight was estimated using the Multiple-Criteria Decision-Making (MCDM)
methods which suggest the different influence each criterion has on the hazard delineation
process.
Multiple-Criteria Decision-Making (MCDM) and Geographic Information System
(GIS) methods have been considered by several researchers [34–41] to be very versatile in
terms of providing the techniques and strategies for analyzing complex decision-making
problems comprising incomparable criteria. The MCDM methods are broadly categorized
into objective and subjective methods [42], with each category based on the role of the
decision-maker in the context of determining the importance of a criterion. Of all the
different MCDM methods for determining the weights of each criterion in GIS applications,
the Analytic Hierarchy Process (AHP) [42–54] is commonly used, while the Shannon
Entropy weighting method is less widely used [55–58]. A combined AHP and GIS approach
was used in Kenya and Greece for urban flood vulnerability and risk mapping [59,60]. This
study applied a combined (hybrid) AHP and entropy MCDM method for flood hazard
mapping in Lagos State, an approach suggested to be efficient for determining criteria
weights for GIS-based applications [56,59].
Therefore, this work aims to detect the link between LULC dynamics and flooding in
Lagos State over 35 years through a multi-year (1986, 2000, 2016, and 2020) study. A mapmatrix-based post-classification method was used to investigate LULC changes to identify
the losses or increase in the specified land cover types. Additionally, a flood hazard map
was created to evaluate LULC morphology and impacts to the continuous rise of flooding
in the State using a hybrid weighting MCDM approach. This study could ultimately bring
awareness to the general public, urban planners, and land-use managers on increasing
flood hazard areas due to the loss of wetland and the expansion of the developed area,
hence, promoting a better practice of land use in Lagos State.
2. Data and Methods
This section presents the data acquisition and data processing methods for LULC
analysis and flood hazard mapping. Approaches used to analyze the accuracy of the
studies are also included in this section.
2.1. Land Use and Land Cover (LULC) Analysis
The purpose of the LULC analysis was to quantify the changes in the land cover types
over time in Lagos State, Nigeria, and ascertain how these changes influence flooding.
Certain land cover losses, such as loss of wetland and vegetation, when replaced with an
impervious surface such as pavements, could decrease rainfall infiltration and increase the
surface runoff.
2.1.1. Data Acquisition and Preprocessing
The Landsat 5, Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8
Operational Land Imager (OLI) scenes were downloaded via the United States Geological Survey (USGS) Global Visualization Viewer (Glovis—https://glovis.usgs.gov/app?
fullscreen=1 (accessed on 11 December 2020)) for this study. The satellite images were used
as they provide data dating back to 1986, which is the start of our time step. The spatial
resolution of the Landsat images is 30 m. Table 1 shows the Landsat data types and their
corresponding acquisition date for the multispectral scenes.
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Land Cover

Land Cover
Water
Water
Wetland
Wetland
Vegetation
Vegetation
Developed
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Description
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Several change detection methods have been proposed, including image differencing,
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performing map matrix (in ArcMap) calculations categorized into two steps. The first step
was LULC map recoding, followed by raster calculation comprising map multiplication
and addition. We reclassified the LULC maps for all the years (1986, 2000, 2016, and
2020) using the recoding values listed in Table 2. Furthermore, we paired the years from
past to recent such that the resulting intervals were 1986–2000, 2000–2016, and 2016–2020.
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Raster multiplication was performed on each pair of LULC maps. Finally, we performed a
raster addition between the raster multiplication output and the most recent years in each
interval. The resulting maps from the above calculations quantitatively depict the changes
for the different land covers over time. Equations (1) and (2) explain the above process
mathematically.
Yt = Yt1 ∗ Yt2
(1)
CD = Yt + Yt2

(2)

where: Yt1 is the LUL map from a previous year, Yt2 is the LULC map for a recent year, Yt
denotes LULC map product from previous and recent years, CD is the detected change,
which is the addition of the LULC map product (Yt ) and the LULC map for a recent year
(Yt2 ).
2.1.3. LULC Map Accuracy Assessment
An assessment of the LULC map accuracy was made to evaluate the reliability of the
classified images. This accuracy assessment is based on ground referencing, also known
as ground-truthing. Ground referencing includes comparing data collected in the field or
data from higher spatial resolution imagery to a classified map. As a result of the field
data unavailability, we compared our classified images to images from Google Earth. The
imageries from our analysis and Google Earth were used to calculate an error matrix,
which is a table comparing the land cover classes found on the Google Earth imagery
to those in the classified images at the same location. To ascertain the classified images’
accuracy, we sampled 100 points on the derived landcover maps to Google Earth imageries
by constructing a confusion matrix and estimated the producer’s accuracy, user’s accuracy,
and kappa.
2.2. Flood Hazard Analysis
This analysis was essential to delineate the different levels of hazard and exposure
of various areas of Lagos State to flooding categorically. Additionally, apart from getting
an insight into the most dominant criteria responsible for flooding in the study area, the
spatial distribution of the changes in the wetland, vegetation, and developed land covers
in relation to the identified flood hazard zones could be assessed.
2.2.1. Criteria for Flood Mapping
A combination of criteria has been suggested by several researchers [65–70] to be
factors at play in flood-prone areas. Seven criteria were identified and defined to be critical
for delineating flood hazard areas in Lagos State, Nigeria. These factors include elevation,
rainfall intensity, Flood Potential Index (FPI), Storage Deficit (Sdef), flow accumulation,
proximity to water areas, and stream network. For these data, we created a rainfall intensity
map from the downloaded Global Precipitation Climatology Center (GPCC) at the NASA
GES DISC Earth Data website. A 30 m Shuttle Radar Topography Mission (SRTM) Digital
Elevation Model (DEM) was downloaded from the USGS Earth Explorer website. The
slope and stream polyline map for our area of interest were generated using the DEM
data, while the water area map was downloaded from the ArcGIS online map service in
ArcMap. The FPI and Sdef were calculated following the methodology by [71]. Based on
the workflow displayed in Figure 3, we produced a flood hazard map for the entire area of
Lagos State.
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was produced by applying Equation (4).

FH I =

∑ Ci ∗ wi

(4)
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where FHI is the Flood Hazard Index resulting from the weighted overlay analysis, Ci is
the ith criterion, wi represents the ith criterion’s corresponding weight, i = 1 . . . n, and n is
the total number of criteria.
2.2.4. Model Validation
The flood hazard map produced was qualitatively validated using the flood inventory
map created by compiling past flood events in the study area from 1968 to 2020. Table 3
summarizes the flood events in 26 locations within Lagos State throughout the years. We
also compared the flood hazard map generated from our study to the flood reports by the
Dartmouth Flood Observatory (DFO) in Lagos State over the years. The DFO reports flood
events worldwide based on news, governmental, instrumental, and remote sensing sources
and might be biased towards more significant flood events [71].
Table 3. List of recorded flood events in various locations within Lagos State from 1968 to 2020 compiled based on
literature [19] and online news sources (e.g., Aljazeera, Arise News, GistNigeria by Channels, and Floodlist).
Location

Dates

Number of Flood
Events

Longitude

Latitude

Lagos Island

June 1968, July 1970, July 1971, July 1972, July 1990,
July 2002, June 2004, July 2005, October 2008, July
2009, October 2010, July 2011, October 2012, and
June 2020

14

3◦ 220 51.69500 E

6◦ 270 23.1700 N

Lekki Phase 1

June 2015, July 2017, October 2019, and June 2020

4

3◦ 280 35.33400 E

6◦ 260 37.68800 N

Victoria Island

June 2000, July 2000, September 2000, June 2015,
July 2017, and October 2019

6

3◦ 240 52.97900 E

6◦ 250 57.2600 N

Ijora

June 1968

1

3◦ 210 35.89200 E

6◦ 270 53.49100 N

Surulere

June 1969, July 1974, October 2010, and June 2020

4

3◦ 200 50.4100 E

6◦ 290 34.56100 N

Yaba

June 1969 and July 1974

2

3◦ 220 41.58800

E

6◦ 290 49.72200 N

Idiaraba Mushin

June 1974, May 1999, June 1999, July 1999, July 2011,
and June 2020

6

3◦ 210 5.57100 E

6◦ 310 15.63100 N

Ikorodu

August 1974, June 2015, and June 2020

3

3◦ 290 51.13700 E

6◦ 370 39.69900 N

Ikoyi

August 2007, June 2000, July 2000, September 2000,
and June 2015

5

3◦ 260 44.15700 E

6◦ 270 23.1700 N

Kosofe

August 2007 and July 2017

2

3◦ 250 13.19300 E

6◦ 360 3.68200 N

Apapa

October 2010 and June 2015

2

3◦ 210 51.05300 E

6◦ 260 37.68800 N

Lagos Mainland

June 2015

1

3◦ 220 16.3200

E

6◦ 300 45.3100 N

Ikeja

July 2011, June 2015, and October 2019

3

3◦ 200 45.35700 E

6◦ 360 34.00300 N

Oshodi

October 2019

1

3◦ 200 20.08900

E

6◦ 330 37.1300 N

Badagry

June 2015

1

2◦ 530 43.17700 E

6◦ 250 52.20600 N

Ketu

June 2015

1

3◦ 230 1.80200 E

6◦ 350 13.14700 N

Ojota

May 2018 and June 2020

2

3◦ 220 41.58800

E

6◦ 340 17.55800 N

Bariga

May 2018

1

3◦ 220 51.69500 E

6◦ 320 21.32700 N

Maryland

May 2018 and October 2019

2

3◦ 210 30.83900

E

6◦ 340 17.55800 N

Ogba

July 2011, June 2015, and October 2019

4

3◦ 200 30.19600 E

6◦ 380 4.96700 N

Oworonshoki

May 2018

1

3◦ 240 32.76500

E

6◦ 320 46.59500 N

Shomolu

May 2018

1

3◦ 230 32.12300 E

6◦ 320 31.43400 N

Ebute Ero

October 2010, July 2011, October 2012, and June
2020

4

3◦ 240 32.76500 E

6◦ 260 57.90200 N

Agege

July 2011, June 2015, and October 2019

3

3◦ 190 9.3400 E

6◦ 380 4.96700 N

Agbede

June 2015 and June 2020

2

3◦ 300 36.61900 E

6◦ 360 23.89600 N
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3. Results
This section describes the results from landcover classifications for the images acquired
in 1986, 2000, 2016, and 2020, as well as the LULC change detection in the context of flood
mapping. Assessment of the accuracies of the classification and change detection analysis
were also presented.
3.1. Land Cover Classification
Using the Iso Cluster unsupervised classification, four major land cover types were
classified. These include water, wetland, vegetation, and the developed areas. Figure 4
visually depict the land cover changes for 1986, 2000, 2016, and 2020. Figure 5a,b explain
each land cover type’s area relative to the total area of the study area between 1986 and
2020. In 1986, water, wetland, vegetation and developed were 14%, 33%, 27% and 26%,
respectively, and by 2020, they were 13.3%, 10.3%, 26.4% and 50%, respectively. Table 4
further explains a pair-wise evaluation of the change across the 35 years included in the
study. There is a dramatic increment in the developed areas and a significant loss of
wetland. The negative and positive signs associated with the table’s values depict an
increase (positive values) or decrease (negative values) in a particular land cover type in
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Figure 4. LULC classification maps for (a) 1986, (b) 2000, (c) 2016, and (d) 2020 for the State of Lagos, Nigeria.
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Table
Pair-wise
percentage
change
the
yearofof
study.

Land-Cover
Land-Cover
Types
Types
Water
Water
Wetland
Wetland
Vegetation
Vegetation
Developed
Developed

1986–2000
1986–2000
5
5
−50
−50
24
24
37
37

Percentage Change (%)
Percentage Change (%)
2000–2016
2016–2020
2000–2016
2016–2020
−6
−3
−6
−43
8−3
−43
8
−18
−3
−18
−3
40
11
40

1986–2020
1986–2020
−4
−4
−69
−69
−2
−2
9494

We compared 100 points sampled on the derived land cover maps from this analysis
to higher resolution Google Earth imageries by constructing a confusion matrix to ascertain
the accuracy of the classified images. We found that the producer’s accuracy, user’s
accuracy, and kappa are 0.96, 0.98, and 0.87, respectively.
3.2. Change Detection
The post-classification change detection analysis resulted in a map showing the transformation of one land cover type to another. The change detection process was estimated
for the paired timeframes of 1986–2000, 2000–2016, 2016–2020, and 1986–2020, respectively.
Figure 6 visually displays the LULC changes from 1986 to 2020. For the purpose of visual
illustration of all changes, especially those related to developed areas, we grouped all
changes from water-developed, wetland-developed, and vegetation-developed together
as developed areas for 2020 (developed area 2020) in Figure 6a. We kept these land cover
changes separate in Figure 6b. In contrast, developed areas in 1986 were classified as
developed to developed in Figure 6b and within the cross-hatched area in the landcover
change map of Figure 6a. Overall, half (52%) of the total study area changed between 1986
and 2020.
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Assessment of the post-classification change detection accuracy was carried out by
Assessment of the post-classification change detection accuracy was carried out by
comparing the changed areas to Google Earth imagery and identifying areas of known
comparing the changed areas to Google Earth imagery and identifying areas of known
changes
in Lagos State. Figure 7 is the visual comparison of three areas of known changes to
changes in Lagos State. Figure 7 is the visual comparison of three areas of known changes
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3.3. Flood Hazard Mapping
We applied the weighted overlay method in creating the flood hazard map. In order
to perform this analysis, we estimated the weights of the seven criteria identified as contributing factors to flooding in Lagos State. The AHP and Shannon Entropy weighting
methods were used for the weight estimation, and eventually, a combined (Hybrid)
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3.3. Flood Hazard Mapping
We applied the weighted overlay method in creating the flood hazard map. In order
to perform this analysis, we estimated the weights of the seven criteria identified as
contributing factors to flooding in Lagos State. The AHP and Shannon Entropy weighting
methods were used for the weight estimation, and eventually, a combined (Hybrid) weight
was adopted in our hazard map production. Table 5 summarizes the result of the AHP
weighting method, which is considered a subjective method of criteria weight estimation.
The method weighted rainfall intensity (31.9%) more than the other criteria and suggests the
criterion to be the most important criteria for flood hazard in the study area. However, the
entropy weighting method is considered an objective method of generating criteria weights.
The method weighted elevation (34.0%) more than the other criteria. A combination
(hybrid) of both methods’ values by simply averaging them gave elevation (30.3%) more
weights than the other criteria.
Table 5. Criteria weights from the AHP, Entropy, and Hybrid weighting methods.
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AHP Weights (%)

Entropy Weights (%)

Hybrid Weight (%)

Elevation
Rain
FPI
Sdef
Flow Accumulation
Stream
Water

26.5
31.9
14.2
14.2
5.4
3.9
3.9

34.0
20.4
15.4
15.4
5.2
4.5
5.1

30.3
26.2
14.8
14.8
5.3
4.2
4.5
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Table 6. Percentages of the flood inventory points within the flood hazard categories.

Flood Hazard Category
Very High
High

Percentage of Inventory Points (%)
19
54
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Table 6. Percentages of the flood inventory points within the flood hazard categories.
Flood Hazard Category

Percentage of Inventory Points (%)

Very High
High
Moderate
Low
Very Low

19
54
19
8
0

In addition to comparing the flood hazard map to past flood events, we also compared
the flood hazard map to the DFO-reported flood in Lagos State. Each entry in Table 7
represents a discrete flood event displayed in polygons with the center point coordinates.
For our study area, large flood events archived by the DFO are for the years 1990, 2002,
2004, and 2007, respectively (Table 7). The areas where the DFO reported flooding were
within the flood hazard zone of the map we produced.
Table 7. Dartmouth Flood Observatory reported flood events in the study area.
Longitude

Latitude

Began

3◦ 310 2.5900 E
6◦ 300 43.16500 N
3 July 1990
3◦ 160 51.80500 E
6◦ 340 50.350900 N
24 July 2002
◦
0
00
◦
0
00
3 29 11.065 E
6 34 54.5939 N
17 June 2004
0 59.0489
00 N
Water
2021, 0013,
PEER
REVIEW
3◦ 170 54.902
E x FOR
6◦ 29
1 August 2007

Ended

Validation

Dead

Displaced

Main Cause

4 July 1990
26 July 2002
17 June 2004
15 August 2007

News
News
News
News

5
2
0
6

3000
0
0
5000

Heavy rain
Heavy rain
Heavy rain
Heavy rain

Severity
1
1
1
131 of 18
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Table 8. Analysis of changes in flood hazard areas.

Flood Hazard Category
Very High
High
Moderate
Low
Very Low

Percentages of Developed Areas (1986–2020) %
26.5
46.4
18.2
6.5
1.8
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Table 8. Analysis of changes in flood hazard areas.
Flood Hazard Category

Percentages of Developed Areas (1986–2020) %

Very High
High
Moderate
Low
Very Low

26.5
46.4
18.2
6.5
1.8

4. Discussion
We classified the study area into four major land cover types, including water, wetland,
vegetation, and the developed areas, based on satellite images acquired in 1986, 2000, 2016,
and 2020. Rapid growth in population results in urban sprawl into wetland and lagoons
areas. The creation of impervious surfaces and ultimately more runoff could be the major
reason for flooding in Lagos State.
The post-classification change detection analysis resulted in a map showing the transformation of one land cover type to another. The change detection process was estimated
for the paired timeframes of 1986–2000, 2000–2016, 2016–2020, and 1986–2020, respectively.
Figure 6 visually displays the LULC changes from 1986 to 2020. Our study revealed that
of all the land cover types identified in Lagos State, decrement in wetland and increment
in developed areas consist of the most land cover changes from 1986 to 2020. Our study
further revealed that urban development encroachment into wetland areas is supported by
estimating the wetland areas and developed land areas in 1986 and 2020, respectively. With
33% of the study area’s total area, the wetland was the primary land cover in 1986, and it
became the least with 10.3% of the total area by 2020. The developed area also increased
from 26% to 50% of the total area, almost doubling in the study area over 35 years. The
areas of vegetation and water bodies remained approximately the same over the same
period.
Seven causative criteria or contributing factors were used for flood hazard mapping.
We used the weighted overlay MCDC method in combining these criteria and creating the
flood hazard map. The weights of the seven criteria were estimated by a combined (hybrid)
AHP and Shannon Entropy methods. We reclassified the resulting flood hazard map using
the Jenks natural breaks classification into five categories: very high, high, moderate, low,
and very low. Our results have also shown that over the years, urbanization has been
happening in areas susceptible to very high to moderately high flood hazard zones, which
is evident by the recent increase in flood occurrence in these areas.
We could not perform an accuracy assessment based on ground referencing or groundtruthing due to the lack of field data. Instead, we compared our classified maps to higher
resolution images from Google Earth. An assessment of its accuracy was made to evaluate
the reliability of the classified images. The outcome of the accuracy assessment of the LULC
classification against the Google Earth imagery showed that 93 of 100 points were correctly
classified. Evaluation of the accuracy of the post-classification change detection was also
carried out by comparing the changed areas to higher resolution Google Earth imagery due
to the unavailability of in situ data. Three areas within known LULC changes in Lagos State
were used for the comparisons. These comparisons show good agreement. For validation
of flooding analysis, the flood hazard map produced from this study was compared to
flood inventory in Lagos State. The comparison showed that 92% of the flooding events fell
within the very high to moderate flood hazard zones, while 8% was within the low flood
hazard zone. In general, the flood inventory points show good agreement with our flood
mapping and flood hazard classification. In addition, we also compared the flood hazard
map to the DFO reported flood in Lagos State. The large flood events archived by the DFO
were within the flood hazard areas of the map produced in this study. The highlights of
our study include (1) introduced a map-matrix-based, post-classification LULC change
detection method to estimate multi-year land cover changes over a few decades; (2) used a
combined (hybrid) Analytical Hierarchy Process (AHP) and Shannon Entropy weighting
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method to carry out a weighted overlay MCDM flooding mapping; (3) put the LULC
changes in the context of flood hazards and identify the possible causes of continuous rise
in flooding in Lagos State, Nigeria.
5. Conclusions
Lagos State is bounded on the south by the Atlantic Ocean, which makes it flood-prone
geographically., Our study reveals the extent to which different regions of the State are
vulnerable to flooding and provides insights for urban planning, urban regulation, hazard
awareness, insurance of property, and mitigation actions to alleviate flood hazards. Lagos
is currently a megacity with a population of over 21 million people, and at the present rate
of population rise, 2.5 billion people will live in urban areas by 2050. More so, our study
revealed that there is a significant loss of wetland, and this has doubled in developed areas
during the past few decades. Most developed areas are already in flood hazard zones.
Consequently, more attention should be given to flood mitigation measures for existing and proposed developed areas. Existing developed land cover, such as buildings
already situated in flood hazard zones, could be flood-proof to minimize flood damages
to properties. New developed areas could make provisions for flooding during the initial design and construction of structures by avoiding floodplains and/or incorporating
necessary drainage measures to construct flood-proof facilities.
The assessment of the LULC changes in the context of flooding hazards in Lagos
State brings insights into how these changes are worsening the already flood-prone areas.
The situation can be mitigated by practicing adequate urban planning and regulation.
Inadequate urban planning and lacking regulations have direct consequences of incessant
flooding in the State. Additionally, our study emphasized the importance of remote sensing
and GIS for LULC assessment and flood studies in developing countries, where there are
no data from “standard” hydrology and climatology, and there is an increased rate of urban
expansion in high flood hazard zones. Here, we present a low to no cost method to estimate
LULC changes and identify flood hazard levels where ground-based data unavailability or
security prohibits installing such systems. It should be emphasized that the accuracy of the
presented method cannot be compared with modern techniques based on well-sampled
water bodies. Still, in this case, those data are practically inaccessible. Our study tackled a
complex problem with the help of publicly available data and their detailed analysis.
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