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Abstract

Flooding remains a major environmental problem in many parts of the world
including Nigeria, causing untold losses. This study modelled the flood susceptibility
of Calabar Metropolis using frequency ratio and geographical information system
(GIS). Direct field observation and key informant approaches were used to obtain
127 previous and current flood locations in the study area from which a database
of historical flood occurrence was developed. Using the geostatistical analyst tool
within a geographical information environment the flood locations were split into
two parts in the ratio of 70:30 percent for the training and testing processes,
respectively. Eight flood conditioning factors (elevation, slope, aspect, curvature
topographic position index, topographic wetness index, land cover and normalized
difference vegetation index) were extracted from SRTM-30m DEM and Landsat 8
data accordingly and used in the geospatial analysis of flood occurrence within the
GIS. The frequency ratio model was then developed using the training dataset.
The final product was the flood susceptibility map of the study area. The results
revealed that 9.3 percent of the study area was considered to have very high flood
susceptibility, 19.97 percent was classified as high flood susceptibility while 31.79
percent was under moderate risk area. About 39 percent of the study area was
classified at least under low flood susceptibility. The order of contribution of the
conditioning factors to the model were topographic position index (TPI),
elevation, normalized difference vegetation index (NDVI), land cover, curvature,
aspect, slope, and topographic wetness index (TWTI). The validation of the model
using the receiver operating characteristics (ROC) curve returned an AUC value
of 74.81 percent. Hence, the result was acceptable for the prediction of flood
locations in the study area. The findings would assist urban planners,
environmental managers, risk reduction and management agencies, land
developers, policy makers, and indeed the general public.
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Introduction

Globally and on a yearly basis, natural disasters
including droughts, earthquakes, landslides, and floods
have continued to cause untold deaths and property
destruction. However, flood has been adjudged as the

most destructive of all natural disasters due to its wide-
spread impacts whenever it occurs [1]. Flood occurrence
could hinder a lot of activities in the environment such
as transportation systems, agriculture, socio-cultural and
general human life. Flood is said to account for about
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40 percent of all losses due to natural disasters [2-3].
Several factors account for impact of flood in any
location. They include topography, land use pattern,
population growth, forest removal, poor infrastructure,
low residence, social mentality and so on [4-7].

There are several types of floods which include river
flood, coastal flood, storm surge, inland flood and flash
flood. When water levels rise over the top of river banks
because of excessive rain over the same area for an
extended period, it is termed river flood. A coastal flood
occurs due to the inundation of land areas along the
coast. Storm surge results from the abnormal rise in
water levels, over and above regular astronomical tides
in coastal areas. This is often caused by forces generated
from severe storms, wind, waves, and low atmospheric
pressure. Inland flooding arises when moderate pre-
cipitation accumulates over a period or due to dam
failure. Heavy and excessive rainfall over a short period
of time (generally less than 6 hours) often leads to flash
floods. Flash flood can also occur due to dam failure. It
has been stated that almost one-third of the global land
area is vulnerable to the risk of flooding [8].

Flooding has become a recurrent decimal in many
parts of Nigeria with its attendant negative impact [9-
13]. In 2012, flood affected 30 states in Nigeria killing
363 people while over 2.1 million others were displaced,
with an estimated cost of 9.6 billion USD on the Nigerian
economy. The 2012 flood was the worst in 40 years [13]
affecting over 7 million people [15]. The total damages
and losses due to the flood were estimated at 2.6 trillion
[16]. The National Emergency Management Agency
(NEMA) noted that 30 of Nigeria’s 36 states were
affected by the 2012 flood. Be that as it may, the 2022
flood experience in Nigeria is argued to be worse than
the 2012 flood.

In recent years, Calabar City, like many other cities
in Nigeria, has witnessed an increase in flood events,
leading to significant economic losses, displacement of

(a)

Figure 1 Impacts of flooding in Calabar (a) flooding along Target by Goldie Street in Calabar (Lat. 4°57'17"N; Lon.
8019'41"E. Date: 22/09/2022), (b) flood pulled down a fence along Ebito Street in Calabar (Lat. 4°57'07"N, Lon.
8°19'38"E. Date: 17/06/2023), and (c) flood water on Target Road (Lat. 4°57'16"N; Lon. 8°19'39"E: 14/07/2023).

populations, and environmental degradation (Figure 1).
The Cross River State Emergency Management Agency
reported that no fewer than 15 persons died between the
months of August and September 2017 due to flooding
along Target, Murray, Goldie, Ebito and the lower parts
of Nelson Mandela streets in Calabar [17]. The recurrent
nature of these floods underscore the vulnerability of
the region to such natural disasters, exacerbated by a
combination of geographical, climatic, and human factors.
Despite the critical need to understand and mitigate flood
risks, there remains a significant gap in comprehensive
flood risk management strategies that are informed by
reliable and localized flood susceptibility models.

Current approaches to flood management in Calabar
City are primarily reactive rather than proactive, with
emergency responses that focus on post-event relief
efforts. Such approaches are not only costly but also
insufficient in reducing the long-term impacts of
flooding on the community and infrastructure [5, 11—
12]. Moreover, the lack of precise, data-driven models
to predict flood-susceptible areas hampers effective
planning and implementation of mitigation measures.
Traditional flood risk assessments in the area have often
overlooked the complex interplay of various factors
that contribute to flood susceptibility, such as topography,
land cover, drainage patterns, and changing climatic
conditions [11, 18-19]

The accurate prediction of flood susceptibility of a
particular region has become an important step in land
management and policy formulation for the mitigation
of flood risk [20]. Hence, flood susceptibility modelling
has become the beginning stage of flood management
all over the world [3, 21-24]. To achieve this, researchers
use robust approaches to provide maps with precise
and accurate results. Such map outputs often help in
proposing flood management plans [3, 22].
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Flood susceptibility modelling involves the use of
various data and techniques to identify areas prone to
flooding. The approach analyses conditioning factors
such as topography (elevation, slope, aspect, etc.), geology,
land use and land cover (urbanization, vegetation), pre-
cipitation patterns, rainfall amount, and their relation-
ships with flood locations. When these factors are
combined using either statistical, machine learning, or
even physical modelling approaches, flood susceptibility
models can be developed. These models have the capacity
to predict the likelihood of flooding in the various
segments of a study area. The information can then be
used for several purposes including flood risk assessment
and mapping, urban planning and development,
emergency preparedness and response, environmental
management, and conservation.

Literature is replete with common approaches and
techniques used in flood susceptibility modelling. They
include logistic regression [25-26], decision trees [27—
28], random forest [29-30], support vector machines
(SVM) [31-32], artificial neural networks (ANN) [33—
34], frequency ratio [35—42] and analytical hierarchy
process (AHP) [43—47]. The use of any of these techniques
depend on the interest of the study. Meanwhile the
frequency ratio, which is a bivariate statistical method,
has been shown to offer an excellent quantitative approach
to evaluate the impact of each contributing factor on
flood occurrences, thereby enabling targeted interventions.
Hence, the reason for its adoption in the present study.

The absence of such models has posed a serious
barrier to the effective allocation of resources for flood
risk reduction, land-use planning, and urban development
policies in the study area. Without a detailed under-
standing of flood dynamics and susceptibility patterns
within Calabar City, efforts to minimize the impact of
floods and enhance community resilience remain
hampered. Consequently, there is an urgent need for an
integrated flood susceptibility model that can guide
decision-makers in prioritizing areas for intervention,
enhancing early warning systems, and implementing
sustainable flood management practices.

In view of the above, this study; 1. examined the nature
of the various flood conditioning factors in Calabar
City; 2. investigated the influence of the various condi-
tioning factors on flood susceptibility of Calabar City;
3. developed a robust flood susceptibility model for the
study area; 4. validated the developed model in 3 above.
The output can significantly contribute to the reduction
of flood risks and the promotion of a safer, more

resilient urban environment in Calabar City, Cross River
State, Nigeria. This work is therefore significant to urban
planners, environmental managers, risk reduction and
management agencies (e.g. The National Emergency
Management Agency), land developers, policy makers,
and indeed the general public.

Materials and methods
1) Study area: Calabar

The geographical location of Calabar is shown in
Figure 2. It is a coastal city in Nigeria and the capital of
Cross River State. Calabar is sandwiched by two great
rivers: the Calabar River and the Great Kwa River. The
two rivers meet at the Cross River estuary which empties
into the Atlantic Ocean. The city sits on a landmass of
approximately 137 km?2.

Major geomorphic features which could have
significant controls on flooding in the city include:

1. The bold Marina escarpment or cuesta, which
occupies the western flank of the city fronting the
Calabar River meander loop and runs from Calcemco
(Larfarge) Beach through Nsidung Beach.

2. The two main ridges running parallel to each other,
one to the west and the other to the east. The main ridge
to the west runs from Ikot Ekpo/Tinapa Area in the
northern part of the city to Mbukpa in the south and
covers about 40 percent of the entire city [4]. The
second ridge runs almost along the well-known Eastern
Highway and rises only to about 60 m above sea level.
Runoff from both ridges empties into the geosyncline
or depression which cuts across the city.

3. The geosyncline which separates the two ridges
and runs in the north-south direction. This depression
originates from the New Secretariat axis and runs through
Big Qua Town, Otop Abasi Barracks, Bogobiri, Target,
Murray and Palm streets to the University of Cross
River State Staff Quarters. This geosyncline is the lowest
portion of Calabar City and constitutes the greatest
drainage problem in the city. Locations along this
depression always experience periodic flooding [4].

Rainfall in the study area is continuous throughout
the year. It has a double-maxima rainfall regime with
peaks in June/July and September/October. The average
annual rainfall is above 2,000 mm. Temperature rarely
falls below 19°C and averages 27°C all year round [48].
Based on Koppen’s climatic classification, the area is
described as a tropical rainforest climate. With the
above climatic characteristics, the area is considered a
humid tropical environment.
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Figure 2 Study area showing historical flood locations.

Most of the original land cover (vegetation) in the
study area has been replaced as a result of urban
development. There are marginal wetlands on the eastern
and southern flanks of the city which are currently
under serious threats of urban encroachment. These
conditions would certainly have an influence on flooding
in the city. Geologically, the study area is situated
within the Benin Formation of the Niger Delta Basin.
The Formation comprises coarse grained, unconsolidated
sands and gravel with minor intercalation of clays of
Tertiary age. It lies unconformably on the Nkporo
Shales of the Calabar Flank. On top of the sands are
the alluvial deposits [49]. This kind of geology could
enhance infiltration of water into the soil. However, the
area has been seriously modified by urban development
with associated high runoff volume.

2) Data collection

Data for the extraction of flood conditioning factors
used in the development of flood susceptibility map
were collected and extracted from the Shuttle Radar
Topography Mission (SRTM)-30 m resolution digital
elevation model (DEM) and Landsat 8 satellite imageries
via the internet at [50] and [51] respectively. The choice
of SRTM DEM was because it offers worldwide
coverage of void filled data at a resolution of 1 arc-
second (30 m) and provides open distribution which is
readily available and at no cost. Moreover, flood
susceptibility maps produced using SRTM-30m DEM

have been found to be of reasonably good accuracy
[38]. Flood conditioning factors such as elevation,
slope gradient, aspect, curvatures, topographic position
index (TPI) and topographic wetness index (TWI)were
extracted from the DEM.

Landsat 8 imagery date was 12th January 2023, a
period with the highest chance of obtaining cloud-free
imageries of the study area. The land cover map of the
study area was produced from the obtained satellite
imagery using the supervised classification algorithm.
The normalized difference vegetation index (NDVI) was
also produced from satellite imagery. A total of 127 flood
locations were identified and mapped using historical
records from published and unpublished documents
and direct field observation from 2012 to 2023 (Supple-
mentary Material 1). Figure 3 presents the flow chart
for the methodology that was adopted in the study.

3) Development of flood inventory map

From the 127 flood locations that were identified
and mapped, a flood database was created from where
a flood inventory (FI) map was developed in the GIS.
Seventy (70) percent of flood locations were used to train
the model, while the remaining 30 percent were used
for testing. The training and testing datasets were
statistically determined from the inventory of flood
locations in the study area with the use of the geo-
statistical analyst tool within the GIS environment.
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Figure 3 Flow chart of the methodology applied for flood susceptibility analysis.

4) Methods for preparing flood conditioning factors

The development of flood susceptibility model of an
area is usually a very complex process, requiring several
inputs variables of topographic and hydrologic nature.
The selection of flood conditioning factors in a particular
region to be included in the model is critical to the
validation and accuracy of the susceptibility map [22].
Based on available literature and nature of the study
FTPI important and used to model the susceptibility of
Calabar in Cross River State of Nigeria to flooding. The
factors were elevation, slope, aspect, curvature, TPI, and
TWI. Others were land cover and NDVI. These are
common conditioning factors used in previous studies
(23, 35-39, 44-45]. They were all transformed into raster
format with spatial resolution of 30 m. Moreover, the
small size of the study area (137 km?) made it difficult
to include other data sets because they could not
present any significant variance in their distribution.
For instance, data on rainfall distribution, soil and
geology were excluded from the study due to the uniform
nature of their distribution over the study area.

4.1) Elevation

Elevation in this study was taken simply as the height
above or below a fixed reference point of a geographic
location. It was obtained from the digital elevation
model. Elevation was measured in metres.

4.2) Slope

One of the first derivatives of elevation is slope and
was obtained for the purpose of quantifying the variations
in elevation over distance. It is an important parameter
in hydro-geomorphological studies including flooding
and management of flowing water. Slope was calculated

based on the elevation of a point and its 8 neighbours. The
slope algorithm was taken as Eq. 1 [52].
Slope = arctan[/x? + y?)] (Eq. 1)

where x and y are the cell sizes in the x and y
directions respectively. Slope generally decresases with

the flattening of the terrain and as such has significant
effect on water flow. Slope was measured in degrees.

4.3) Aspect

Aspect is another derivative of elevation that affect
the directions of water flow, though indirectly. It was
determined as the angle between the y-axis and the
direction in which the slope is steepest from the
clockwise direction [52]. Aspect is usually measured in
degrees with values varrying from 0 to 360° and has
direct influence on rainfall intensity, a major contributor
to flood episodes. Aspect was obtained using the
following Eq. 2 [52].

Aspect = arctan (slope in x/slope in y) (Eq. 2)
4.4) Curvature

Curvature is simply described as the "slope of the
slope" of a surface [52]. It distingushes the convergent
and divergent runoff locations [53]. While the convergent
operations relates to negative value regions, the divergent
operations goes with the positive. Convergent areas are
highly susceptible to flash floodings. Generally, curvature
affects the flooding budget and has been used by several
scientists to predict areas that are susceptible to future
flood occurrence [22]. Curvature was obtained by fitting
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a fourth-order polynomial to a 3 x 3 window of a DEM
and expressed as Eq. 3 [52].

4.5) Topographic position index (TPI)

Topographic position index (TPI) reflects the differ-
rence between the focal cell elevation and the mean
elevation of all cells in the neighbourhood of the focal
cell [41]. TPI is an effective factor for debris and water
flow. Positive TPI values represent areas that are higher
than the average of their surroundings (ridges). Negative
TPI values represent locations that are lower than their
surroundings (valleys). Areas with negative TPI have
higher risk of flooding than those with positive TPI
[54]. TPI is a dimensionless parameter.

4.6) Topographic wetness index (TWI)

Topographic wetness index (TWI) It reflects the
amount of water contained in every pixel size of the
study area [52]. Lower TWI represents areas with steepest
slope and tend to be ridges or crests present on the
landscape. Higher TWI represents areas with increased
accumulated runoff potential. TWI for this study was
calculated based on the Eq. 4-5 [52].

4.7) Land cover

Land cover describes the materials which are present
on the surface such as vegetation, soil-rock, water, and
others. The land cover map for the study area was
developed from Landsat 8 data using the supervised
classifier algorithm within the GIS. The Landsat 8 data

Z = Ax*y? + Bx?y + Cxy*+ Dx*+ Ey*+ Fxy+ Gx+ Hy+ I

was obtained via: [48]. Four bands (2 — 5) were downloaded
and then stacked using Erdas Imagine 2014. The bands
had the following properties: Band 2 —blue (0.45—0.52 pm);
band 3 — green (0.53-0.59 pm); band 4 — red (0.64 — 0.67
pum) and band 5 — near-infrared (0.85-0.88 um). Spatial
resolution of the data was 30 m and was acquired on
12th January 2023 having Path/Row no: 188/056. Land
cover was measured in terms of areal coverage (m?2).

4.8) Normalized difference vegetation index (NDVTI)

The normalized difference vegetation index (NDVI)
was used to quantify vegetation greenness and is useful
in measuring the difference between vegetation and
impermeable surfaces. NDVI was obtained from Landsat
8 data obtained on 12th January 2023. It was calculated
using the band ratio method on Landsat 8 OLI data in
ArcGIS (Raster calculator) as follow Eq. 6-7 [55].

NDVI is a dimensionless parameter with values
varrying from -1 to 1. Generally, low values of NDVI
indicate impermeable areas and high values suggest
vegetation cover. Specifically, NDVI = -1 to 0 represents
water bodies. NDVI = -0.1 to 0.1 represent barren rocks,
sand, or snow. NDVI = 0.2 to 0.5 represent shrubs and
grasslands or senescing crops. NDVI = 0.6 to 1.0 represents
dense vegetation or tropical rainforest [55].

5) Frequency ratio (FR) model

FR was given as the ratio of points in factor class
divided by total points to the factor class area divided by
total area. FR is expressed mathematically as in Eq. 8 [23].

(Eq.3)

where A, B, C, D, E, F, G, H and I are coefficients determined from the surface. Curvature was measured in degrees

per metre.

[od
tanB+C

TWI = In

(a+1)*Cell size
tan (B* m/180)+C

(Eq.4)

(Eq.5)

where o is the flow accumulation, B is the slope (in rad) and C (constant term) given as 0.001. TWI is a

dimnsionless parameter.

(NIR-R)

NDVI=
(NIR+R)

__ (Band 5—-Band 4)
(Band 5+Band 4)

NP/N

FR = i

(Eq. 6)

(Eq.7)

(Eq. 8)

where N/ is the number of pixels in each flood conditioning factor class, N is the number of all pixels in the study
area, Nil”is the number of flood locations in each flood conditioning factor class, and N is the total number of floods
in the study area.
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Values of FR greater than 1 indicate a stronger
correlation, which means that the percentage of flooding
is greater than the region while values less than 1
indicate a weaker correlation [40]. Results of the FR of
each class of each conditioning factor were determined
as shown in Table 1.

Next, the FR was normalized as the relative frequency
(RF) for a range of probability levels (0, 1) using Eq. 9
[22] and the results are on Table 1.

Factor class FR
RF =

" X Factor class FR (Eq.9)

Next, to solve the problem of assigning equal weights
to all conditioning variables and to discover the mutual
interdependence of flood conditioning factors, a pre-

diction rate (PR) was determined. This was achieved by
ranking each flood conditioning factor using the training
data set as shown in Eq. 10 [31].

PR = (RFmax - RFmin)/(RFmax - RFmin) (Eq 10)
Where (RFinax — REmin)min is the minimum value among

all computed RFmax — RFminvalues for the conditioning
factors.

6) Flood susceptibility map

A flood susceptibility map was developed by calcu-
lating and classifying flood susceptibility index (FSI)
for Calabar. Using the prediction rates of the individual
flood conditioning factors obtained during the training
process (Table 1), the FSI was obtained using Eq. 11.

FSI = Landcover = by + NDVI b, + Slope * bs + Aspect * by + TPI x bs — TWI * bg + Curvature * b; + Elevation = bg (Eq. 11)

where b1 — bs are the prediction rates associated with each of the conditioning factors. The calculated FSI values
were classified, using the Natural breaks (Jenks) method, into five classes: very low, low, moderate, high and very
high. Table 2 shows the percentage area coverage of the various classes of the flood susceptibility map.

Table 1 Determination of frequency ratio and prediction rate

Conditioning  Class Class Name/range Class % Class  Flooded % Flood FR=a/b RF PR
factor pixels  pixels(b) points  points (a)
Land cover 1 Undisturbed forest 35958 23.56 7.87 0.33 0.006 1.48
2 Disturbed forest 13544 8.88 4 4.49 0.51 0.009
3 Grassland/open parks 27 0.02 1 1.12 56 0.946
4 Cropland 42795 28.04 14 15.73 0.56 0.009
5 Built-up 59540 39.01 63 70.79 1.81 0.03
6 Water body 744 0.49 0 0 0 0
NDVI 1 0.02-0.11 29944 19.58 65 73.03 3.73 0.695 1.52
2 0.11-0.15 32969 21.56 13 14.67 0.68 0.127
3 0.15-0.19 32146 21.02 4 4.49 0.21 0.039
4 0.19-0.22 41949 27.43 3.37 0.32 0.059
5 0.22-0.38 15926 10.41 4 4.49 0.43 0.08
Slope 1 0-2.36 64767 42.36 71 79.78 1.88 0.5 1.09
2 2.36 — 4.73 49670 32.49 12 13.48 0.41 0.109
3 4.73-7.93 22145 14.49 6 6.74 0.47 0.125
4 7.93-12.25 11814 7.73 0 0 0 0
5 12.25-26.15 4487 2.93 0 0 0 0
Aspect 1 -1-68 29456 19.27 13 14.6 0.76 0.154 1.21
2 68 — 141 32760 21.43 16 17.98 0.84 0.171
3 141 -212 30730 20.1 24 26.97 1.34 0.273
4 212 -282 31672 20.72 32 35.96 1.74 0.353
5 282 — 359 28265 18.49 4 4.49 0.24 0.049
TPI 1 3.2 7818 5.11 10 11.24 2.2 0.395 2.89
2 -0.75 36155 23.65 39 43.82 1.85 0.332
3 -0.25-0.25 64685 4231 26 29.21 0.69 0.124
4 0.25-1.03 36080 23.6 13 14.61 0.62 0.111
5 1.03 - 4.47 8145 5.33 1 1.12 0.21 0.038
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Table 1 Determination of frequency ratio and prediction rate (continued)

Conditioning  Class Class Name/range Class % Class  Flooded % Flood FR=a/b RF PR
factor pixels  pixels(b) points  points (a)
TWI 1 4.12-6.43 37063 24.24 8 8.99 0.37 0.072 1
2 6.43 —7.53 60917 39.85 37 41.57 1.04 0.202
3 7.53 - 8.89 32858 21.49 30 33.71 1.57 0.304
4 8.89 — 10.60 15657 10.24 10 11.24 1.1 0.214
5 10.60 — 16.69 6388 418 4 4.49 1.07 0.208
Curvature 1 -4.4 28839 18.86 12 13.48 0.71 0.281 1.43
2 -0.23-0.19 79103 51.74 68 76.41 1.48 0.585
3 0.19 —3.02 44941 29.4 9 10.11 0.34 0.134
Elevation 1 <10m 23531 15.39 82 92.14 5.99 0.965 2.56
2 10-30m 59026 38.61 6 6.74 0.17 0.027
3 30 — 50m 33510 21.92 1 1.12 0.05 0.008
4 50 — 70m 28538 18.67 0 0 0 0
5 70 — 96m 8278 5.41 0 0 0 0

Note: FR — Frequency ratio; RF — Relative frequency; PR — Prediction rate

Results
1) Nature of the flood conditioning factors

Eight flood conditioning factors (elevation, slope,
aspect, curvature, TPI, TWI, land cover and NDVI) were
examined in this study and their overlays with flood
points are shown in Figure 4.

The results reveal that elevation in the study ranged
from 0 to 96 m above sea level (Figure 4a). About 39
percent of the study area has elevation < 30 m above the
mean sea level. Of this, 15 percent of the area lies below
10 m above mean sea level. Slope in the study area
ranged from 0 and 26.26° (Figure 4b). Curvature for
the study area ranged from -4.6 to 3.1 (Figure 6d). The
TPI values for Calabar ranged from — 4.20 to 4.48
(Figure 6e) while TWT layer ranged in values from 2.00
to 6.00 (Figure 6f). Six (6) land cover classes were
extracted as follows: undisturbed forest, disturbed forest,
grassland/open parks, cropland, built-up and water body
(Figure 6g) while NDVI in the study area varies bet-
ween 0.02 and 0.38 (Figure 6h).

2) Influence of conditioning factors on flood susceptibility

Table 1 presents results of the frequency ratio analysis
and prediction rates for all the flood conditioning
factors that were included in the study. It also shows the
distribution of flood points (training data set) over the
various classes in each of the factors. An inspection of
the table with respect to the distribution of elevation
reveals that about 92.14 percent of the flood points
occur on elevation of <10 m. Hence most of the flooding
in the study area occurred in areas with elevation of <10
m mean sea level. Table 1 also reveals occurrence of
76.41 percent of flood points on near flat surfaces.
About 13.48 percent of flood points overlay on concave

slopes while the remaining 10.11 per cent were found
on convex slopes. For the 5 classes of TW1, 8.99 percent
of flood points occured within class 1; 41.57 percent
within class 2 and 33.71 percent within class 3. Also,
11.24 percent of flood points were within class 4 while
4.49 percent was within class 5. TPI also exhibited a
similar trend like TWI.

On the influence of slope on flood susceptibility,
Table 1 reveals that 79.78 percent of the flood points
occurred within for slope class 1 (0-2.36°), 13.48 percent
occurred within class 2 (2.36-4.73°) while 6.79 percent
within slope class 3 (4.73-7.93°). There was no flood
occurrence on slope classes 4 (7.93-12.25°) and 5 (12.25
-26.15°). Table 1 again reveals high occurrence of flood
points on locations with lower NDVT in the study area.
For instance, 73.03 percent of the flood points occurred
within NDVI class 1 (0.02-0.11). NDVI class 2 had the
second highest occurrence (14.67 percent) of flood points.

Also, there were significant variations in the occur-
rence of flood across the various land cover classes in
the study area. For instance, Table 1 reveals that about
70.79 percent of flood in the study area occurred over
built-up surfaces. This accounted for the highest for all
land cover types. It was followed by cropland with 15.73
percent while no flood point occurred over waterbody.
Further, land cover distribution reveals that 7.83 percent
of flooding occurred in undisturbed forest.

Figure 5 presents a summary of the influence of flood
conditioning factors on flood susceptibility in Calabar
city. Individually, TPI with the prediction rate of 2.89
made the highest contributor to flooding in the study
area. This was followed by elevation, NDVI, land cover,
curvature, aspect, slope and TWI, in that order.
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3) Analysis of flood susceptibility model

The FSlas obtained in this study is given as Eq. 12.

Eq. 12 consists of the summation of 8 flood condi-
tioning factors (land cover, NDVI, slope, aspect, TP,
TWI, curvature and elevation). The calculated FSI values
ranged from 99.26 — 716.01 and was classified using the
Natural breaks (Jenks) method into five classes. This
resulted in the FSI map in Figure 6. The 5 classes of the
flood susceptibility map were interpreted as follows:
very low (FSI: 99.26-226.15), low (FSI: 226.15-348.38),
moderate (FSI: 348.38—428.20), high (FSI: 428.20-517.69)
and very high (FSI:517.69-716.01). Table 2 shows the
percentage areal coverage of the various classes of the
flood susceptibility map.

Table 2 Flood susceptibility coverage of the various zones

Class Area (km2) Area (%) Susceptibility level
1 14.49 10.59 Very Low
2 38.70 28.28 Low
3 43.50 31.79 Moderate
4 27.33 19.97 High
5 12.82 9.37 Very High
4) Model validation

One important aspect of hazard susceptibility
mapping is the validation of the potentiality of the
occurrence of the hazard. The area under the curve

FSI = Landcover * 1.48 + NDVI x 1.52 + Slope * 1.09 + Aspect * 1.21 +

(AUC) is a common, all-encompassing technique of
assessing accurateness of the forecast and success rates
[41, 56], that was adopted in this study. It was executed
by comparing defined flood data with the likelihood map
of acquired flooding. The techniques involved splitting
the probability map into categories of equal-area, with
the performance and prediction curves determining the
category of each probability. In adopting this approach
for flood susceptibility assessment, the x-axis of the AUC
represents specificity (the probability of misprediction
of the non-flood points), while the y-axis highlights
sensitivity (the success rate of the flood point). The
prediction accuracy of the model is determined by the
size of the area enclosed by the curve and the abscissa.
If the sensitivity and specificity of the model is high, the
Receiver operator curve (ROC) will hug the top left corner
of the plot. This means that, the closer the curve is to
the upper left corner of the plot, the higher the accuracy
of the model. AUC values range from 0 to 1, where the
value of 0 indicates a perfectly inaccurate test and the
value of 1 reveals a perfect test. Generally, an AUC of
0.5 suggests no discrimination in the test, 0.7 to 0.8 is
considered acceptable, 0.8 to 0.9 is taken as excellent,
and greater than 0.9 is said outstanding. In the present
study, the AUC was found to be 0.7481 or 74.81 percent
(Figure 7). Hence, the result of the test was considered
acceptable for flood susceptibility prediction in the
study area.

(Eq. 12)

TPI %« 2.89 — TWI = 1 + Curvature * 1.43 + Elevation * 2.56

100

Sensitivity

31 41

51

1-Specificity

==4==Reference line
FR (AUC=74.81%)

61 71 81 91

Figure 7 Receiver operator curve (ROC).
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Discussion

The four main objectives that were set for this study
were to: 1. examine the nature of the various flood
conditioning factors in Calabar City; 2. investigate the
influence of the various conditioning factors on flood
susceptibility of Calabar City; 3. develop a robust flood
susceptibility model for the study area; 4. validate the
developed model in 3 above. Eight flood conditioning
factors (elevation, slope, aspect, curvature, TPI, TWI,
land cover and NDVI) were adopted in this study.
These factors revealed different levels of relationships
with flood occurrence in the area. The discussion follows
the level of contribution of each of the factors based on
the prediction rate.

TPI with a prediction rate of 2.89 made the highest
contributions to the explanation of flooding in the study
area. The results further reveal that over 90 percent of
flooding occurred where TPI values are negative. It has
been shown that areas with negative TPI pose higher risk
to flooding than those with positive TPI values [57].
Hence, areas with negative TPI are susceptible to flooding
in Calabar City.

Elevation in the present study has a prediction rate
of 2.56 and was rated as the second most significant
contributing factor to flooding in the study area. The
result shows that there is an inverse relationship between
elevation and flooding in the study area. The importance
of elevation in hydrological studies cannot be misplaced.
It has been established that elevation sets environmental
control and provides the basis for spatial variation in
hydrological conditions in a particular region [40]. It is
also considered as the most important factor affecting
flood modelling [54, 58]. As a major variable in topo-
graphy, elevation has been found to have significant
impact in flood incidence since water often flows from
higher elevations to lower land areas [59, 23]. There is
a low probability of flooding in higher elevations and a
high likelihood in the lowland areas [46]. Hence, eleva-
tion was found to play a significant role in flooding in
the study area because places with lower elevation classes
experienced more flooding than those in higher classes.

The third most significant flood conditioning factor
in the study is the NDVI, with a prediction rate of 1.82.
Negative NDVI values are often an indication of water
while positive values reflect vegetation. Hence, there is
astrongassociation between negative NDVI and flooding.
Invariably, higher NDVI values suggest a lesser flood
risk and vice versa [52]. Again, the results from this
study showed that over 90 percent of flood points
occurred where NDVI ranged between 0.02 and 0.15,
representing bare surfaces, shrubs and/or crops [55].
Areas of bare surfaces (including build-up), tend to
reduce infiltration, hence increasing runoff that leads to

flooding. In the same vein, land cover distribution was
the fourth most significant contributor to flood suscep-
tibility in the study area with a prediction rate of 1.48.
The 6 land cover classes which were extracted in this
study included undisturbed forest (23.56 percent),
disturbed forest (8.88 percent), grassland/open parks
(0.02 percent), cropland (28.04 percent), built-up (39.01
percent) and water body (0.49 percent). Here, over 70
percent of flooding occurred on built-up and cropland
areas. Built-up presents bare surfaces and reduces
infiltration of water into the soil. This enhances runoff
which leads to flooding. This confirms the assertion
that unprotected areas are more susceptible and
vulnerable to flooding than protected areas [23].

Curvature is a second derivative of topography and
also has a significant role in water movement on the
surface of the earth. From the results (Table 1), curvature
made the fifth most significant contribution to flood
susceptibility in the study area with a prediction rate of
1.43. Table 1 again showed that approximately 76 percent
of previous floods occurred on slopes with flat or
convex forms. Hence, flat and convex surface plays
significant roles in flooding in the study area. This finding
is in agreement with the fact that runoff convergence
operation is related to the negative value regions [60]
and such areas have been shown to be highly suscep-
tible to flooding [22].

Aspect has proved to be a very useful indicator of
hydrologic conditions since it is linked to topographic
trends and soil moisture patterns [46]. Aspect is one of
the first derivatives of elevation with significant impact
on hydrologic processes including frontal precipitation
direction and evapotranspiration [41]. Aspect was the
sixth most significant conditioning factor to flood in
this study, with a prediction rate of 1.21. The results of
the present study revealed higher FR for high aspect
ranges. For instance, aspect range of 141-212 and 212-
282 has FR > 1. Similarly, slope as one of the first deri-
vatives of elevation has significant controls on the
occurrence of flooding. Slope controls the speed of the
flowing water [61]. The lower the angle of slope, the
higher the possibility of water stagnation, the higher the
rate of infiltration and the lower the speed of water
flow. Studies have shown that flooding and flood events
are more likely to occur with low slope gradient. Higher
gradients reduce penetration while increasing surface
runoff and vice versa. Hence, where slope gradient is low,
a large amount of water becomes inactive, resulting in
flooding [23]. In the present study, slope had a prediction
rate of 1.09, with about 79 percent of historical floods
occurring where slope gradient is < 2.36° (Table 1).
These findings are similar to those of other studies [23].
Hence slope in the study area play significant role in flooding.
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Another topographic index that was developed in
the present study is TWI which had a prediction rate of
1. Generally, topographic indices have been found to
play significant roles in the occurrence of most hydro-
logic hazards [41]. Topography therefore plays a very
significant role in occurrence of flooding in the study
area, with two major anticlinal structures with a syncline
serving as the major topographic features that control
movement of surface water in the city [4].

The flood susceptibility map (Figure 6) reveals that
about 9 and 20 percent of the study area falls under very
high and high susceptibility levels respectively. These
account for about 30 percent of the study area covering
about 40.15 km? of the total surface of the study area. If
we include the portion with the moderate susceptibility
level, this will account for about for about 60 percent of
the entire area. The most affected parts of the city are
those in the southern part (Calabar South), the north
central portion, the eastern and western fringes (Figure
6). This is because elevation in the southern part of the
study area is generally low when compared with the
northern portion. Also, the study area slopes towards
the southern part of the city and the rivers on the
eastern and western flanks of the city (Figure 1). These
areas fall with the high and very high flood suscep-
tibility classes in the study area. Only about 40 percent
of the entire area falls under low and very low flood risk
zone (Table 2).

The FR model used in this study has shown that
elevation, slope gradient, aspect, curvature, TWI, TPI,
NDVI and land cover type were able to predict flood
susceptibility in the study area (Eq. 13). For purposes
of clarity, low elevation, low slope gradient, high aspect
range, flat surfaces, low NDVI and presence of cropland
and build-up areas were responsible for flooding in the
study area. In terms of success rate and prediction
accuracy, the FR model’s performance returned an AUC
of 0.7481 per cent (Figure 7), indicating an acceptable
predicting ability [41, 56, 59].

Conclusion

The frequency ratio model was used to investigate
the flood susceptibility of Calabar City in Cross River
State of Nigeria. Eight flood conditioning factors
(elevation, slope, aspect, curvature, TWI, TPI, land
cover and NDVI were identified and included in the FR
model. It was concluded that Low TPI, low elevation,
low slope gradient, high aspect range, flat surfaces, low
NDVI and presence of cropland and build-up areas
were responsible for flooding in the study area. The
southern part of the study area and parts of the fringes
are more susceptible to flooding that the northern and
central part, except for areas that lies within the major

geosyncline in the study area. The ROC that was used
to assess and measure the significance of the current FR
model for vulnerability mapping revealed an AUC of
0.7481 which was considered acceptable for modelling
flood susceptibility of the city. The resultant flood
susceptibility map has implications of land development
in the study area and will assist the government officers,
planners, and policy makers in implementing appro-
priate administrative plans to mitigate risk due to flash
floods in the study area. Hence, geospatial scientists and
allied professionals, particularly those in town planning
office in Calabar should make the output of this work
their veritable companion in suggesting and or giving
approval for land development to avoid flood impacts
in the future. However, the findings of this study are
limited to only land surface information that were
included in the FR model. With recent interest in flood
management, particularly in Nigeria, flood suscepti-
bility mapping should be extended to other cities and
river basins across the country to safeguard lives and
property. Moreover, machine learning approaches, known
for higher prediction accuracies, could be adopted in
future research in the study area and other similar
locations.
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