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Abstract: Consistent data is seldom available for whole-catchment flood modelling in many 

developing regions, thus this study demonstrates how the complementary strengths of open and 

readily available geospatial datasets and tools can be leverage to map flood risk within acceptable 

levels of uncertainty for flood risk management. Available fragmented remotely-sensed and in situ 

datasets (including hydrological data, altimetry, digital elevation model, bathymetry, aerial photos, 

optical and radar imageries) are systematically integrated using 2-dimensional CAESAR-LISFLOOD 

model to quantify and recreate the extent and impact of the historic 2012 flood in Nigeria. 

Experimental modelling, calibration and validation is undertaken for the whole Niger-South 

hydrological catchment area of Nigeria, then segmented into sub-domains for re-validation to 

understand how data variability and uncertainties impact on the accuracy of model outcomes. 

Furthermore, aerial photos are applied for the first time in the study area for flood model validation 

and to understand how different physio-environmental properties influence synthetic aperture radar 

flood delineation capacity in the Niger Delta region of Nigeria. 

Keywords: Open-access; geospatial; remote sensing; hydrodynamic model; CAESAR-LISFLOOD; 

data-sparse; and flood risk management. 

1. Introduction 

The magnitude and frequency of flood events are continuously increasing, owing to climate 

change and anthropogenic factors that exacerbate flood impact into the foreseeable future [1]. The total 

global cost of coastal and river flood damage in 2010 stood at US$ 46 trillion and is projected to increase 

to US$ 158 trillion by 2050 in business as usual conditions [2]. Factors such as population rise and urban 

sprawl towards floodplains also contribute to the high cost of flood disasters [3], especially in 

developing regions where urban planning regulations are less stringent, and the vulnerable are 

disproportionately affected by floods due to limited institutional and technical coping capacity, 

including limited data availability due to financial, institutional, operational and technical 

shortcomings [4].  

 Accurate information on flood magnitudes, including inundation extent, depth and 

propagation velocity are essential to inform flood risk management interventions [5]. Such information 

can are typically generated by flood modelling and mapping processes such as flood frequency 

analysis, hydrodynamic modelling and flood hazard mapping [6]. Flood frequency analysis estimates 

the return period of a flood of a specific magnitude, by fitting a defined probability distribution to 

historical annual maximum or partial discharge time series [7]. For ungauged or sparsely gauged rivers, 

alternative methods based on runoff estimation [8], empirical altimetry forecast rating curve 

extrapolation [9] and regionalization techniques [10] can be applied. Hydrodynamic modelling utilises 

topographic and bathymetric data that characterise river channel and floodplain terrain, as well as 

hydrographic data and Manning’s roughness that defines terrain resistances, to derive flood water 

depth, extent and propagation velocity extent [11]. Lastly, flood hazard and vulnerability maps 

communicate physical and socio-economic exposure [12]. Flood maps can be presented in probabilistic 
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or deterministic formats, depending on the purpose, type of flood information and accompanying 

uncertainty to be communicated [13,14].  

Typically, a network of river gauging stations is usually installed to acquire daily river hydrology 

data which is stored over time to provide historical timeseries [15]. However, logistics and financial 

challenges in developing countries limit the spatial coverage and density of gauge networks [16,17]. In 

some situations, even where gauging stations exist, data collected is often insufficient due to disruption 

of measuring infrastructure by intense flood events, poor planning, institutional and technological 

limitations [18,19]. Likewise, high-resolution ground survey and topography data (e.g. Light Detection 

and Ranging (LiDAR)) are cost intensive.  

In many developing regions, flood modelling and mapping processes are hampered by lack of 

sufficient in situ data [20]. Such regions are termed “data-sparse”, as it challenges flood modelling 

efforts and could flaw flood management interventions, and consequently aggravate flood impacts 

[20,21]. Advances in earth observation technology and availability of open-access remotely-sensed data 

over the past decades has drastically reduced the cost associated with hydrographic, topographic and 

landscape data collection, resulting in improved flood modelling and mapping [4,22]. Therefore, 

hydrologist and researchers alike have shifted focus to applying open-access remotely-sensed in data-

sparse regions to bridge the data-gap and minimise the cost associated with data collection, flood 

modelling, calibration and validation [20,23,24]. Nonetheless, in many cases, these alternative open-

access datasets are usually of insufficient spatial coverage for catchment-scale modelling owing to a 

range of physical, atmospheric and technological factors [22,25] and require systematic data integration 

is essential to draw maximum benefits from all available data.  

This study explores an integrated approach for flood modelling and mapping, combining available 

segmented hydrographic, topographic, floodplain roughness, calibration and validation datasets using 

two-dimensional CAESAR-LISFLOOD-FP hydrodynamic model to quantify and recreate the extent 

and impact of the historic 2012 flood in Nigeria. The specific objectives of this study include: 

1. To systematically harness open-access remotely-sensed and readily available geospatial data to 

improve catchment-scale flood modelling. 

2. To explore the use of freely available aerial photos for flood model validation in vegetation 

dominant regions in comparison to Synthetic Aperture Radar (SAR); 

3. To quantify the magnitude and impact of the devastating 2012 flood in Nigeria. 

1.1. Study area 

The study area, the Niger-South Hydrological Area 5 (Figure 1A) is located downstream of the 

2,170,500 km2 Niger river basin (Figure 1B), collecting an average annual discharge of 6000 m3/s from 

11 riparian countries [26] through the Niger and Benue rivers to the Atlantic Ocean via the Nun and 

Forcados distributaries in the Niger Delta region of southern Nigeria [27]. Due to these high flows, 

many rivers within the Niger basin are dammed for hydroelectric power generation, irrigation or flood 

control purposes [28,29]. In recent years the Niger and Benue Rivers have been heavily influenced by 

excess water released from upstream dams in Nigeria, Niger and Cameroon [30,31], resulting in 

flooding of the low-lying settlements within floodplains [32-34]. The annual average rainfall in the 

region varies from 750 to 1600mm, and the annual average temperature ranges from 18 to 28C.  

The flood model domain for this study is represented by the DEM presented in Figure 1, while the 

sub-domains with variable data availability are defined by the red rectangles to represent Lokoja, 

Onitsha and the Niger Delta. These sub-domains are selected for subsequent analysis and model re-

validation to reflect varying data availability and geomorphological characteristics (i.e. river 

confluence, canyon and delta). The study area was amongst the most affected areas during the 

unprecedented 2012 flooding [30,31]. The convergence of excess water from Niger and Benue rivers 

initiated flooding at Lokoja confluence [34]; the Onitsha/Asaba floodplain was flooded due to high 

upstream flow from Lokoja and river channel constriction that resulted in backwater effect [35]; and 

the Niger Delta region was flooded as a result of its low-lying topography and the influx of rising 

upstream water levels Lokoja and Onitsha [31]. 
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Figure 1 (A) Map of the study area, showing the Niger-South river basin (hydrological area 5), 

gauging stations, ICESat elevation points, bathymetry points, DEM/Model domain and sub-domains. 

Figure 1 (B) Map of Africa showing the Niger Basin that discharges through the HA-5 into the Atlantic 

Ocean.  

2. Materials and Methods  

2.1. Methodological Framework 

A flowchart of the overall study methodology is presented in Figure 2, detailing how the various 

datasets including hydrographic, topographic, Manning’s roughness characteristics and remotely 

sensed optical, radar, altimetry and aerial data are integrated for flood modelling and mapping. This 

study focuses on developing a model to quantify the magnitude, as well as recreate the extent and 

impact of the 2012 flood event; combining available data in every aspect of the flood modelling process 

in a way that reduces the uncertainty in the outcome. 
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Figure 2 Conceptual flowchart of integrated flood modelling and mapping in the Niger South basin. 

2.2. Datasets 

Remotely-sensed imagery data are used in this study to assess how well the hydrodynamic model 

represent observed flood extent. TerraSAR-X, Moderate Resolution Imaging Spectroradiometer 

(MODIS) Near-Real-Time (NRT) flood maps, Radarsat-2 and CosmoSkyMed images corresponding 

with different time-points in the 2012 hydrograph (rise, peak and fall) are combined to compensate 

for the deficiencies of optical and radar images for flood extent delineation [22]. Properties of the 

imagery used, including dates of acquisition, upstream discharge and return periods are presented 

in Table 1. Table 2 shows the matrix of data availability across the three subdomains. 

Table 1. Satellite imagery used in the study with acquisition dates and corresponding upstream gauge 

station discharge values and flood return periods. 

Dates 

[YYYY-MM-DD] 

Images and availability Baro 

(m3/s) 

Return Period 

(1-in-year) 

Umaisha 

(m3/s) 

Return Period 

(1-in-year) TSX MDS R2 CSKD 

2012-09-03 × √ √ × 5,187 2 12,303 2 

2012-09-25 √ √ × × 8,533 50 20,328 100 

2012-10-09 × √ √ × 6,969 5 17,378 50 

2012-10-11 × √ √ × 6,696 5 16,771 20 

2012-10-12 × √ √ × 6,504 5 16,520 20 

2012-11-06 × √ √ √ 3,270 2 7,955 2 

Legend: TSX = TerraSAR-X, MDS = MODIS, R2 = Radarsat-2, CSKD = CosmoSkyMed, Legend: √ = available, x = 

unavailable. 

2.2.1. River Discharge and Flood Frequency Estimates: The 2012 flood hydrograph discharge values 

at Baro and Umaisha gauging stations along the Niger and Benue rivers respectively, are used as 

initial boundary conditions for the hydrodynamic model. These datasets were obtained from the 
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Nigerian Hydrological Service Agency (NIHSA) and flood frequency estimates is calculated using a 

methodology developed in a previous study for data-spare regions [36], and applies the Generalised 

Extreme Value probability distribution. Flood frequency plots for Baro and Umaisha gauging stations 

are presented in Figures S1 and S2 respectively (supplementary material).  

2.2.2. Modified SRTM DEM: In the absence of high-resolution topography data, Shuttle Radar 

Topography Mission (SRTM) – Digital Elevation Model (DEM) have been widely applied for 

hydrodynamic modelling to provide a continuous terrain surface upon which flood is routed [21,37]. 

The SRTM C and X band SAR sensors were flown aboard the space shuttle Endeavour from February 

11 to 22, 2000 through a joint mission between National Aeronautics and Space Administration 

(NASA) and National Geospatial-Intelligence Agency (NGA) to acquire near-global (80%) land 

elevation data of approximately 90 meters spatial resolution [38]. Despite the wide applicability of 

the SRTM DEM, its C and X-band radar cannot penetrate water surface and vegetation canopies to 

define underlying channel geometry and backscatter from urban roof-tops contributes to positively 

biased elevation estimates [23,37]. Modified SRTM DEMs by O'Loughlin et al. [39] and Sampson et 

al. [40] that correct for voids, vegetation and urban area reflection anomalies are used in this study. 

These DEMs are combined using the ArcGIS minimum mosaic function that returns the minimum 

cell value of two overlapping data cells as an output. This method assumes that the lowest DEM 

value represents bare earth elevation, thus curbing overestimation bias. A comparative analysis 

showing the improved accuracy of the modified SRTM DEMs is presented in Ekeu-wei and 

Blackburn [4]. 

2.2.3. River Bathymetry: Access to bathymetric data is restricted and, in some situations, sold at an 

exorbitant cost by custodians, thus creating artificial data scarcity. Bathymetric data are obtained 

from two sources, i) Digital Horizon Company Limited (2011): 240km river survey from Makurdi to 

Lokoja, collected using HYDROSTAR ELAC 4300 DUAL Echo-sounder and C-Nav 2050 differential 

GPS systems (see “Makurdi-Lokoja Bathymetry”, Figure 1);  ii) Royal Haskoning (2002): 300km river 

survey from Baro to Aboh (see “Baro-Aboh Bathymetry”, Figure 1), collected using an Ashtech Z12 

Real-Time Kinematics GPS, Navisound 210, Navisound 50 and Raytheon 210Kc digital and analogue 

echo sounders; and iii) In the absence if bathymetric data for the Niger Delta Sub-domain, the average 

vertical bias (difference) between ICESat‐derived inland water surface spot heights and SRTM DEM 

is applied to modify the river channel geometry of the modified SRTM DEM [41]. All bathymetric 

data, ICESat and the modified SRTM are re-projected to the Mean Seal Level (MSL) vertical 

datum/UTM 32N and merged using the nearest neighbour method [42] to derive in a 90-metre 

resolution hydrologically smoothed DEM. The modified DEM is resampled from 90 to 270 metres, 

thereby reducing the number of cells to1,793,400 (active = 1,256,656) within a  9,1610 km2 domain 

area, resulting in reduced computational cost and SRTM DEM noise [37], to meet CAESAR-

LISFLOOD cell computation limit of fewer than 2 million cells. 

2.2.4. Moderate Resolution Imaging Spectroradiometer (MODIS) Water Product (MWP): The Global 

250 metres resolution Near-Real-Time (NRT) binary flood maps derived from combined MODIS 

bands 1, 2 and 7 using Dartmouth Flood Observatory algorithm [43] is applied to validate modelled 

flood extent. The MODIS instrument is onboard NASA’s Terra and Aqua satellites provide twice-

daily optical images which are automatically processed and made available as the MWP for 

download via http://oas.gsfc.nasa.gov/floodmap/ [44]. Only composite time-series of MWP imagery 

from September to October of 2012 that corresponded with time points of the 2012 hydrograph for 

peak river flow periods in Nigeria is used. The dates of the images used are presented in Table 1. 

2.2.5. Synthetic Aperture Radar (SAR): SAR is widely applied in flood modelling and mapping 

studies as it provides all-weather day and night time high spatial and temporal resolution SAR 

images with varying polarization [22,25]. The SAR datasets used in this study include i) Radarsat-2: 

This C-Band satellite mission emerged from a collaboration between the Canadian Space Agency and 

MacDonald Dettwiler Associates Limited; ii) CosmoSkyMed: The Constellation of Small Satellites for 
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Mediterranean basin Observation (CosmoSkyMed) is a 4-spacecraft constellation conceived by 

Agenzia Spaziale Italiana, and funded by the Italian Ministry of Research and the Italian Ministry of 

Defense. Each of the four satellites is equipped with an X band SAR instrument; and iii) TerraSAR-X: 

This German Earth-observation satellite with X-band SAR sensor was launched on June 15 2007, and 

became fully operational by January 2008. It offers a wide range of beam modes, allowing it to record 

day and night-time images with different swath widths, resolutions, polarizations, and at varying 

incidence angles.   

Radarsat-2 and CosmoSkyMed images were obtained from Shell Petroleum Development Company 

(SPDC), while flood extent from TerraSAR-X was acquired from the International Charter on Space 

and Major Disasters repository produced by the Regional Centre for Training in Aerospace Survey 

using images provided for Call 415 in 2012. The dates of the images used are presented in Table 1. 

2.2.6. Aerial Photos: Optical satellite images are often hampered by cloud cover and only provide 

daytime images, while C and X band SAR and optical images alike are unable to penetrate vegetation 

canopies to delineate underlying flooding, hence underestimating flood extent [22,45]. Therefore, 287 

geotagged aerial photos acquired by SPDC from a helicopter using a Nikon D7000 camera is used in 

this study. The photos were obtained for the Niger Delta sub-domain during the peak of flooding in 

2012. These aerial photos are not ortho-corrected and lack the necessary meta for such pre-processing, 

hence are visual interpreted and manually classified as flooded (1) and non-flooded (0), then applied 

to extract corresponding flood conditions for the modelled and observed (SAR) flood extents for 

comparative analysis. The aerial photos were acquired from the helicopter at an average distance of 

approximately 2km from the focal point (Figure S3, supplementary material), therefore a 2 km buffer 

distance is created around the aerial photo data points and spatial zonal statistics applied to select 

the dominant (majority) cell value (flooded/non-flooded) contained within the buffer area from the 

outputs of the hydrodynamic model and SAR imagery flood extract. Aerial photo data points are 

applied to ground-truth modelled and observed (satellite) flood extent by a comparative analysis of 

the percentage of hits and misses. 

2.2.7. Data for Flood Impact Evaluation: To assess the impact of the 2012 flood event, overlay 

analysis is performed to identify population and infrastructure (road network and built-up areas) 

exposure to observed and modelled (2012 and 1-in-100year) flood extent. The Gridded Population of 

the World (GPW)-v4 and Global Roads Open Access Data Set (gROADS) are acquired from the Socio-

Economic Data and Application Centre database. Landsat-8 Operational Land Imager imagery 

(Path:189/Row:55) is used to map built-up Landuse, using a maximum likelihood supervised 

classification approach similar to Butt et al. [46].  

Table 2:  Spatial data availability matrix for sub-domains 

Spatial Data  Data Source 
Sub-Domains 

Lokoja Onitsha Niger Delta 

MODIS Water Product Nigro [43]; NASA  √ √ × 

TerraSAR-X Disaster Charter √ × × 

Radarsat-2 Ekeu-wei [36]; SPDC × × √ 

Cosmo-SkyMed Ekeu-wei [36]; SPDC × × √ 

Aerial Photos Ekeu-wei [36]; SPDC × × √ 

Bathymetry Royal Haskoning; Digital Horizon √ √ × 

ICESat O'Loughlin et al., [41] √ √ √ 

SRTM DEM NASA and NGA √ √ √ 

Legend: √ = available; x = unavailable, 

2.2. CAESAR-LISFLOOD (CL) Hydrodynamic Model Description and Setup 

The CAESAR-LISFLOOD hydrodynamic and geomorphological modelling tool [47] embedded with 

the LISFLOOD-FP code [48] is selected for this study due to its applicability for fluvial flood 
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modelling in data-sparse regions, using coarse resolution terrain datasets [21,37,49]. The 2-

Dimensional CAESAR-LISFLOOD grid discretized floodplain model calculates flow between two 

Cartesians coordinates (X and Y) driven by gravity because of the free surface height difference 

between two elevation cells. This is given by the equation: 

            𝐐 =  
𝐪 − 𝐠𝐡𝐟𝐥𝐨𝐰∆𝐭

∆(𝐡 + 𝐳)
∆𝐱

(𝟏 + 𝐠𝐡𝐟𝐥𝐨𝐰∆𝐭𝐧𝟐|𝐪| 𝐡𝐟𝐥𝐨𝐰
𝟏𝟎 𝟑⁄⁄ )

∆𝐱                    (𝟏) 

where 𝐐 is defined as the flow between neighbouring cells, 𝐪 is the flux (i.e. flow rate per unit area) 

between cells from previous time steps, 𝐠 is the acceleration due to gravity, 𝐧 is the Manning's 

roughness coefficient, 𝐡 is the water depth, 𝐳 is the bed elevation, 𝐡𝐟𝐥𝐨𝐰  is the maximum flow 

depth difference between cells, ∆𝐱 is the grid resolution, and 𝐭 is time.  The depth of water within 

each cell is defined by: 

       
∆𝐡𝐢,𝐣

∆𝐭
=  

𝐐𝐱
𝐢−𝟏,𝐣

−  𝐐𝐱
𝐢,𝐣

+  𝐐𝐱
𝐢,𝐣−𝟏

− 𝐐𝐱
𝐢,𝐣

∆𝐱𝟐
                            (𝟐) 

where 𝐢  and 𝐣  are the cell coordinates. The model time step controlled by the shallow water 

Courant-Friedrichs-Lewy (CFL) conditions is defined by: 

                           ∆𝐭𝐦𝐚𝐱 =  𝛂
∆𝐱

√𝐠𝐡
                                           (𝟑) 

Where 𝛂 is a coefficient (Courant number) that varies from 0.3 to 0.7 depending on the cell size and 

influences the model stability [50]. High values of 𝛂 increase the model time-step and reduce model 

runtime but can result in more unstable models. For this study, 𝛂 is approximated as 0.7 based on 

suggestions by Coulthard et al. [51] for cell size greater than 50 metres. 

2.3. Model Calibration and Validation 

Flood model calibration is usually undertaken by adjusting the predetermined manning’s roughness 

(n) coefficient that depicts river channel and floodplain resistance to flow, while comparing flood 

model outcomes such as inundation extent and/or water depth to similarly known parameters 

obtained from other data sources such as radar altimetry, optical and radar satellite imagery [21,49], 

aerial photography [52]  and/or in situ river measurements [11]. Calibration aims to assess the 

model’s capacity to predict observed flood levels within acceptable levels of uncertainty [53]. 

Manning's roughness coefficient is typically predetermined based on existing literature [54,55], and 

assigned to represent the degree of flow resistance caused by varying land use/cover types. 

Depending on the level of details required, spatially distributed or static roughness values can be 

assigned to the model [56]. In this catchment-scale study, static manning’s roughness is applied and 

varied from 0.01 to 0.045 to broadly capture the roughness of the Niger South hydrological area as 

defined by Olayinka [57], i.e. from clean smooth recently excavated/dredged sandy river to 

meandering river with obstructions, dunes large enough to cause cross-sectional turbulence.   

F-Statistics, BIAS, and percentage (%) flood capture are the evaluation matrices used to compare the 

model to observed flood extent [24,53], and these parameters are defined as thus: 

           𝐅 =  
𝐀

𝐀 + 𝐁 + 𝐂
                                                            (𝟒) 

Where A = (Simulated wet and observed wet), B = (Simulated wet but observed dry), C = (Simulated 

dry but observed wet) and D = (Simulated dry and observed dry) are defined in Table 3, and F can 

range from 0 to 1, increasing in levels of accuracy.  
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Model BIAS and percentage of observed flood correctly captured are stipulated as: 

        𝐁𝐈𝐀𝐒 =  
𝐀 + 𝐁

𝐀 + 𝐂
                                                                 (𝟓) 

% 𝐅𝐥𝐨𝐨𝐝 𝐂𝐚𝐩𝐭𝐮𝐫𝐞 =  
𝐀

𝐀 + 𝐂
                                                   (𝟔) 

Multiple simulations of the CAESER-LISFLOOD model is run for the whole model domain due to 

the availability of gauging stations upstream (See Baro and Umaisha in Figure 1) as an upstream 

boundary condition while varying static Manning’s roughness coefficients from 0.01 to 0.045 at 

intervals of 0.005. The modelled flood extent is compared to the observed satellite flood extent to 

assess model performance using the aforementioned matrices. The model is also re-validated for the 

sub-domains, to capture the data and landscape variability impact on the flood model outcome.  

3. Results and Discussion 

3.1. Integration of open-access remote sensing and geospatial data for catchment-scale flood 

modelling 

Figure 3 shows the model performances in relation to varied manning’s roughness coefficient 

“n” from 0.01m1/3S-1 to 0.045m1/3S-1, suggesting 0.04m1/3S-1 as the optimal manning’s roughness 

coefficient, given that model’s F-statistic begin to decline at “n” value of 0.045 m1/3S-1. The optimal 

Manning’s roughness used is consistent with a previous study in the same study area [58], where 

optimal channel and over-bank manning’s roughness coefficient of 0.04 was adopted for the one-

dimensional SOBEK model. Some description of roughness parameters within the channel and 

floodplain include matured crops, scattered bush, heavy weeds, short grass, early growth vegetation, 

sand dune and meandering channel [54,55]. Also, it can be observed that the model performance 

improves when re-evaluated as sub-domains rather than when treated as a whole domain. This 

performance variation is consistent with data quality variation, decreasing downstream of the study 

domain. Similar model performance variation was observed by Skinner et al. [11], where model 

performance uncertainty increased with data ambiguity.  

In Table 3 and 4, the model performance is evaluated against Optical and combined 

Optical+Radar imageries at Lokoja, Onitsha and the Niger Delta sub-domains. The model appears to 

perform better when evaluated against the combined Optical+Radar flood extent, in contrast to only 

MODIS optical imagery. The combination of optical and radar imagery has been widely reported to 

improve flood extent delineation and is particularly useful for large-scale flood monitoring [59]. At 

Lokoja sub-domain, a minimal difference is observed between the model F-statistic when evaluated 

against optical MODIS imagery and TerraSAR-X flood extents, i.e. 0.729 and 0.808 respectively, 

owing to the limited cloud and vegetation cover in the region. In the Niger Delta sub-domain 

dominated by seasonal cloud cover due to nearness to the Atlantic coast, the combination of 

RADARSAT2+ CosmoSkyMed images resulted in improved model predictiveness of 0.187, from 

0.095 for optical MODIS only, as well as an overall reduction in BIAS. This improvement can be 

attributed to SAR sensors ability to penetrate cloud cover to delineate underlying flood. 

Notwithstanding, the relatively low F-statistic values despite the improvement suggest the presence 

of high model uncertainty in the region, attributed to input variables limitations, such as SRTM DEM, 

as well as SAR image deficiency in the mangrove-dominated regions [45]. The overall F-statistics for 

the whole model domain is found to be generally low (Figure 4, Tables 5 and 6), owing to data 

uncertainty that propagates from input to processes, to flood model outcome [60]. This data 

effectiveness/uncertainty effect is further revealed in the sub-domains, where the model 

predictiveness assessment pervades the effect of spatial data disparity as previously disclosed. The 

flood extent BIAS and the percentages of flood captured in Tables 4 and 5 also corresponded to the 

variability of data across the overall domain and sub-domains. 
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Figure 3 Plot of Model Performance Criteria (F-Statistic) versus Manning's roughness (n) 

 

Table 3. Performance Matrices for optimal manning's roughness (0.04 m1/3S-1) calibration (MODIS). 

Performance Overall Lokoja Onitsha Niger Delta 

F 0.235 0.729 0.534 0.095 

BIAS 4.245 1.183 1.140 9.661 

% Flood Capture 99.972 92.012 74.545 92.186 

 

Table 4. Performance Matrices for optimal manning's roughness (0.04 m1/3S-1) calibration (TerraSAR-

X/MODIS/RADARSAT2/CosmoSkyMed). 

Performance Overall Lokoja Onitsha Niger Delta 

F 0.273 0.808 0.529 0.187 

BIAS 2.511 0.918 1.132 3.432 

% Flood Capture 75.308 85.679 73.802 69.946 

 

On establishing that the best fit CAESER-LISFLOOD model outcome is characterised by a static 

manning's roughness coefficient of 0.04m1/3S-1, it can be observed that the modelled flood extent 

patterns for the three sub-domains are consistent with those observed from satellite imagery (Figure 

4 (A-C)) and reflects the data variability effect as defined by the performance matrices, with model 

outcome uncertainty (over-estimation) increasing downstream as data availability reduces.  

Detailed floodplain and river terrain characterization have been identified as inputs that 

influence the outcomes of hydrodynamic models [61,62]. SRTM DEM combined with up-to-date 

(2011) river bathymetric data at Lokoja resulted in a model performance of F=0.8, a matrix consistent 

with other studies where DEM and Bathymetry data integration emanated in improved model 

outcomes [21,56,63]. At Onitsha, where SRTM is combined with obsolete bathymetric data acquired 

in 2002, before dredging activities in 2010 [64], F=0.5 is achieved, hence the bathymetric data likely 

over-estimated the river depth, consequently resulting in an over-estimated modelled flood extent 

(Figure 4B). A reduced model accuracy of approximately F=0.2 in the Niger Delta sub-domain is 

attributed to the lack of bathymetry data in the flat terrain area, resulting in simplified river geometry 

characterization which does not explicitly capture river network details such as anabranches and 

meandering, thus causing flood model over-estimation due to the ease of water conveyance from 

shallow rivers to adjacent floodplains [65,66]. Also, unregulated sand mining activities, water-
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saturated mangrove and poor dredging and debris management practices are likely factors that 

contribute to the model uncertainty within the region [27], as they could influence and trigger 

hydrological and hydraulic changes.  

Furthermore, previous studies in the region based on global flood models such as CaMa-UT, 

GLOFRIS, JRC, ECMWF, SSBN, and CIMA-UNEP [40,67,68], presented similar inundation pattern, 

but slightly less model to observation agreement at Lokoja, Onitsha and the Niger Delta decreasing 

downstream from the deep and narrow rivers with constricted floodplains to the shallow rivers and 

low-lying floodplains of the Niger Delta wetland that is difficult to characterize using coarse terrain 

data such as the SRTM DEM [67]. Given that some local data such river bathymetry and other 

validation datasets were available this study, which is seldom available for global flood models 

[67,69,70], the outcomes of this study is considerably better than global models. 

Overall, the flood pattern displayed in Figure 4(A-C) is consistent with the geomorphology of 

the sub-domains and its influence on the hydraulics of the catchment areas. For instance, at Lokoja 

sub-domain, flood spreads out at the confluence in Lokoja where the Niger and Benue rivers meet 

and propagate towards floodplains; at Onitsha, extended flood areas can be observed, attributed to 

back-water effect caused the constricted river channel at Asaba that deflects water to fill the dish-like 

relatively flat floodplain [68]; and the widespread flooding across the Niger Delta region can be 

linked to the low-lying topography of the region, as well as the inability of the shallow rivers (Nun 

and Forcados) to contain the excess water coming from upstream rivers (Niger and Benue). These 

characteristics suggest that enhanced river channel and floodplain topography characterization is 

essential for shallow channels and low-lying floodplains [71]. 

 

 
Figure 4 Lokoja (A), Onitsha-Asaba (B) and Niger Delta (C) CAESAR-LISFLOOD Model outcome 

and satellite (Combined MODIS and SAR) observation comparison. 

 

3.2. Flood model re-validation in vegetation dominant region using freely available aerial photos 

and SAR 

The combination of optical and radar satellite resulted in the improved model to observation 

agreement as seen in Table 3 and 4, Figure 4 (A-C). However, SAR is known to be deficient in 

mangrove, swamps and built-up areas [22,45], as depicted by the observed minimal change in model 

performance from 0.095 to 0.187 when comparing the model to optical and radar+optical images 

derived flood extents respectively in the Niger region dominated by mangrove vegetation.  
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To better assess the model's performance in the Niger Delta sub-domain where SAR is known 

to be deficient, aerial photo data points acquired during the 2012 flood event is applied for the first 

time, and the results are presented in Figure 5 (A-D) and Table 5. Figure 6 shows images some of the 

aerial photo data points distributed across the typical environmental/physical landscape variations 

in the Niger Delta region, i.e. (A) mixed land use (built-up area greater than vegetation); (B) mixed 

land use (vegetation greater than built-up); (C) bare land, sparsely built and vegetated lands; and (D) 

matured mangrove vegetation. These physio-environmental variations are known to influence SAR 

inundation delineation capacities and hydrodynamic model performance [72], as seen in Table 5, 

where higher level of agreement is observed between aerial photo data points and model (69%), 

compared to SAR (13%). This outcome further buttressing SAR’s deficiency in delineating flooding 

in mangrove dominated regions, as well as the potential limitation of SRTM DEM to under or over-

estimate terrain elevation for hydrodynamic modelling [73,74]. In conclusion, this assessment 

provides a novel approach to ascertain the deficiencies of hydrodynamic models and SAR images in 

complex terrains using aerial photos. Nevertheless, better value can be extracted from such data if 

the spatial distribution is improved, and the data is collected to enable ortho-correction for pixel or 

area-based comparative analysis. 

 
Figure 5 Niger Delta aerial geotagged photo points comparison with model and SAR 

observation outcomes (Photos for green points of focus shown in Figure 8). 
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Figure 6 Sectional examples of aerial photos of flooded areas compared to observed and 

modelled flood in the Delta region, showing points of focus (Figure 7). (A) = match between model 

and photo, (B) = match between SAR and photo, (C) = match between model, SAR and photo, (D) = 

only the aerial photo showing flooding. 

Table 5. Comparative analysis of aerial photo data points, model and SAR observation flood extents. 

Points of focus Data Points (n = 287) Hits Miss % Accuracy 

A Aerial photo and Model flooded 196 91 69 

B Aerial photo and SAR flooded 37 250 13 

C Aerial photo, Model and SAR flooded 43 244 15 

D The aerial photo only flooded 62 - - 

 

3.3. Quantifying the magnitude and impact of the 2012 flood in Nigeria 

The 1-in-100year flood recommended by the Technical Guidelines on Soil Erosion, Flood and 

Coastal Zone Management [75] for flood risk management in Nigeria is estimated at 13,887 and 19,589 

m3/s for Baro and Umaisha gauging stations along Niger and Benue rivers respectively, based on a 

methodology developed from a previous study [36]. These estimates are applied to retrospectively 

quantify the impact of the 2012 flood event at Lokoja sub-domain, where the highest model 

performance is observed, for inundated land area, population, built-up areas and roads. Similar 

impact assessment is also undertaken using peak flood magnitude of 2012 (Figure S4, supplementary 

material) and the results are presented alongside observed satellite flood extent in Table 6 and Figure 

7 (A-B).  

The areas observed as flooded by satellite imagery is consistent with modelled flooded areas for 

a 1-in-100year flood and the peak flood of 2012 (Figure 7), resulting in more than 95% spatial extent 

agreement. Furthermore, similarities are visible for observed and modelled flood impact for the 

exposed land area, population, built-up area, and major roads displayed in Table 6. These indicators 

are relevant to understand the exposure to flooding, impact to infrastructure, evacuation strategy, as 

well as damage to households and livelihoods to inform future flood risk management interventions. 

 

(A) (B) 

(C) (D) 
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Table 6 Model Observed and 1-in-100-year flood exposure comparisons 

Flood Area (km2) Population Built-up (km2) Roads (km) 

2012 Model 425.8 32,703 12.648 34.573 

1-in-100 year modelled 427.2 32,867 12.834 32.987 

2012 Observed (Satellite) 440.2 34,391 12.326 37.287 

 

s 

Figure 7 (A) comparison of SAR observed 2012 and 1-in-100-year modelled flood extents, and 

(B) comparison of SAR observed 2012 and modelled flood extents for the same period, as well as 

impacted land area, roads and built-up areas in both A and B at Lokoja.  

 

4. Conclusions 

In this study, an integrated approach of harnessing open-access remote sensing and geospatial 

data is presented, to improve flood modelling and mapping processes in data-sparse regions. Our 

approach systematically combines freely available historical hydrological data, SRTM DEM, 

bathymetric survey, aerial photos, optical and Synthetic Aperture Radar (SAR) imageries, drawing 

from the advantages of open-access and readily available datasets, as well as highlighting their 

deficiencies and opportunities for data enhancement to improve flood modelling and mapping. 

The spatial extent of open-access remotely-sensed data is rarely sufficient or uniformly available 

for catchment-scale modelling in many developing regions; thus, the result of this study indicates 

that the combination of up-to-date hydrological, river bathymetry, SRTM DEM, optical and radar 

satellite images provide the optimal data for considerably improved flood modelling and mapping. 

Also, researchers in developing countries need to be more innovative in data sourcing especially as 

several relevant datasets are restricted or sold at an exorbitant price by custodians. Efforts should be 

out to partner with public and private institutions to enable access to commercially acquired or 

restricted datasets that are useful to flood modelling and mapping processes, as well as leverage on 

open-data initiatives such as Open Data Program by DigitalGlobe (now Maxar) and consortiums like 

the International Disaster Charter. 

The deficiency of remotely sensed data for flood modelling and mapping is further revealed in 

SAR sensor’s inability to efficiently delineate flooding in the vegetated Niger Delta region, as well as 

the reduced depiction of river geometry by SRTM DEM, resulting in the over-estimation of flooding 

in the Onitsha and Niger Delta sub-domains. The uncertainties associated with these datasets impact 
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on flood model to observation agreement. Also, the importance of using up-to-date bathymetric data 

for flood modelling is demonstrated, especially for shallow floodplains as seen in the various sub-

domains, where the use of 2011, 2002 and non-existent bathymetry data at Lokoja, Onitsha and the 

Niger Delta respectively resulted in consistently decreasing model accuracy. The application of aerial 

geotagged photos presents an innovative approach for flood model validation in vegetation 

dominated and coastal regions where optical and radar satellite imagery flood detection capacity is 

impaired by vegetation and cloud cover. Street-level georeferenced imagery is widely collected for 

post-flood impact assessment in data-spare regions and could prove vital for flood model calibration 

and validation [76]. 

The retrospective recreation of the 2012 flood event at Lokoja sub-domain helped quantify the 

event as a 1-in-100year flood, matching the spatial extent of the peak and modelled flood extent by a 

goodness of fit of over 95%, and is comparable to global flood models from a  recent study in the 

same sub-domain [68]. The approach demonstrated in this study if harnessed with the current virtual 

network of radar altimetry stations along Niger and Benue [77], as well as improvements in in-situ 

observatory through programmes such as Nigeria Erosion and Watershed Management Project 

(NEWMAP) and Transforming Irrigation Management in Nigeria (TRIMING) would improve 

climate information services in Nigeria. Furthermore, proactive identification of locations at risk of 

flooding and safe dry areas for emergency response coordination during an extreme event becomes 

feasible, thereby complementing the national annual flood outlook report of NIHSA that suggest 

locations likely to be flooded with no spatially quantifiable parameter (e.g. flood extent) to inform 

intervention decisions.  

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S1: Baro flood 

frequency plot; Figure S2: Umaisha flood frequency plot; Figure S3: Model, Observation and Overflight line of 

sight overlaid on high-resolution GeoEye Imagery; and Figure S4: Input hydrographs at the upstream 

boundaries of Umaisha and Baro. 
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