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Abstract 

 

Wetlands are dynamic ecosystems and important sources of natural resources that provide a large 

array of ecosystem services. Unfortunately, most wetlands are threatened by human and natural 

stressors, such as damming, irrigation, water abstraction, climate change and variability that 

compromise the sustainability of the whole system. The Inner Niger Delta (IND), Mali, West 

Africa, is one of the biggest floodplains in the world, has a vast natural resource that attracts many 

people to live in and around the delta. The IND is considered a hub of human activities that include 

agriculture, fishing, transport, and tourism and plays an important role in promoting sustainable 

development for food security, water management, and the environment. As for most wetlands in 

the world, the very existence of the IND is at stake with the ever-increasing number of dams and 

irrigation schemes that are built to feed the growing population in the region. Given the fragility 

of the system and the multiplicity of water uses in the IND, the current knowledge of the flood 

dynamics and its relation to ecosystem services and the productivity of economic activity is 

insufficient. There is no operational hydrodynamic model of the IND, and the Malian authorities 

rely on simplified models and empirical relations for water resources management in the area. This 

thesis contributes to a better water resources management of the IND by a) developing the first 2D 

hydrodynamic model based on a triangular adaptative mesh of the IND that performs well despite 

the poor quality of available topographic/bathymetric data b) developing an innovative way of 

accounting for the strong hysteresis phenomenon in the IND in the hydrodynamic modeling that 

allowed a better reproduction of the hydraulic connectivity between important lakes and the main 

river and c) developing the first non-stationary relationship between the water levels at a reference 

station and the flooded area in the IND. 

   

The first part of the thesis deals with the challenge of developing a hydrodynamic model using 

only two low-resolution satellite-derived Digital Elevation Models: the Shuttle Radar Topography 

Mission (SRTM), which has a 30m horizontal resolution, and the Multi-Error-Removed Improved-

Terrain (MERIT). Given the low vertical accuracy of global DEMs, another DEM was derived 

using the waterline method, by combining water extent map from satellite images and local water 

level information. Channel depths were approximated using the hydraulic geometric relationship 

methods, while the friction coefficient was derived from the global land-use class classification 
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(GLCC) data. The river network was extracted from the water extent map corresponding to the 

lowest water level. Six different hydrodynamic models were created by varying the DEM and 

downstream boundary conditions. Each of the models was calibrated for discharge and water 

levels. Bayesian Model Averaging (BMA) was finally used to combine the outputs of all six 

hydrodynamic models into one robust simulation.  

 

In the second part, the effect of hysteresis at the downstream boundary condition of the 

hydrodynamic model was examined. Existing hydrodynamic models of the IND use a static stage-

discharge relationship as a downstream boundary condition during both the rise and recession of 

the flood, leading to potential inaccuracies in the simulation of the flood extent. This paper 

explores the improvement in the simulation of the flood and connectivity dynamics resulting from 

the use of a looped rating curve at the downstream boundary of a hydrodynamic model of the IND. 

The hysteresis effect is integrated into the rating curve using two methods, one based on 

dimensionless discharges and levels (DLRC) and the other based on the modified Jones formula 

(MJRC). Results show that the hysteresis effect is better represented using DLRC and that 

simulations using any of the modified rating curves improves the accuracy of floodplain extent 

simulations in the areas close to the downstream station, as well as the timing of the connectivity 

of the river system to one important lake in the IND. The improvement in water level simulation 

decreases steadily with distance from the downstream boundary of the modeled area.  

 

The third part of the thesis deals with the development of an improved relation between inundation 

extent and water levels in the IND.  Accurate knowledge of the flooded extent considered crucial 

for the proper management of natural resources in the IND. Several authors have developed 

empirical relationships between water levels at key stations in the IND and the flooded extent in 

an attempt to provide simple tools to link hydraulic parameters to the performance socio-economic 

activities in the IND. However, simulations from a hydrodynamic model of the IND showed that 

the relationship between water levels and the inundation extents varies greatly from year to year, 

and cannot be adequately captured by static formulas. First, it is demonstrated in this paper that if 

the maximum water level area is known in advance, accurate relationships between water levels 

and inundation extents can be derived. In the second part of the paper, stepwise regression is used 

to develop a function that can forecast maximum water levels at Akka using observed streamflow 
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and precipitation upstream of the Delta. The combination of the two results allows a realtime 

estimation of the inundated area in the IND using observed water levels, precipitation, and 

streamflow. 
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Introduction 

1.1 Background 
 

The Inner Niger Delta (IND) is the second-largest wetland in Africa (Ramsar, 2004), and its 

maximum inundated area can exceed 30,000 km2 during wet years (Zwarts and Frerotte, 2012). Its 

main water sources are the Niger and Bani Rivers, which enter the study area at Ké-Macina and 

Sofara.  The Niger River flows through the Delta over several hundred kilometers before exiting 

at Diré (Fig. 1.1).  The maximum inundation area shrinks to around 10,000 km2 in dry years 

(Zwarts et al., 2005) under the combined impacts of climate variability, irrigation withdrawals, 

and dam operation. The IND faces many environmental challenges due to upstream water 

interventions on the river system, as well as a high precipitation variability. According to Ramsar 

(2004), the Inner Niger Delta has been threatened for several decades by the degradation of its 

resources and reduction of flooded areas, because of natural and human-induced changes.  

 

Detailed information on the flood spatial and temporal dynamics, correlations between water 

levels, and inundation areas are of notable interest to stakeholders (Ogilvie et al., 2015). Various 

authors (Ogilvie et al., 2015; Mahe et al., 2011; Zwart et al., 2005; Mariko, 2003) analyzed satellite 

data to understand flood dynamics and established correlation between inundation area and water 

level. Incomplete data and uncertainty associated with the satellite images upon which the studies 

were dependent might affect the findings. A two-dimensional hydrodynamic model is needed to 

represent the propagation and dynamics of the flood. However, modeling activity in data-sparse 

regions like IND is challenging due to lack of sufficient data upon which a model is developed. 

 

Hydrodynamic modeling is a tool that can be used to simulate inundation, discharge, water level, 

and other hydraulic variables. In mathematical modeling, the water system is represented by a set 

of mathematical equations. The equations are solved accurately to get the desired solution. To 

obtain the solution, several assumptions are made on the boundary conditions, discretization, and 

numerical techniques. The required data to set-up a hydrodynamic model are topographic and 

bathymetric data, discharge, stage-discharge data and radar images for calibration and validation 
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of model results. However, the applicability of modern hydrodynamic or flood inundation models 

is often limited outside the industrialized nations due to a lack of available data (Sanyal and Lu 

2004).  

 

Digital elevation models (DEM) derived from LiDAR are generally considered the best source of 

topographic data (Bates et al. 2003), while single multibeam sonar equipped with Echo-sounder 

and differential GPS is used for an accurate river cross-section survey (Wilson and Atkinson 2005). 

Discharge and water level data are generally required at high quality to feed into the models 

(Hunter et al. 2005). Space-borne radar imaging platforms such as European ERS-1 and ERS-2 

satellites, Canadian RADARSAT, European ENVISAT, as well as airborne synthetic aperture 

radar (SAR) are commonly utilized as sources for obtaining observed flood extents (Schumann et 

al. .2007, Bates et al., 2006). All the data sources mentioned above are either scarce due to revisit 

time or non-existent in many developing countries.  

 

Good quality input data is a prerequisite for a hydrodynamic model to produce good quality output. 

However, modeling activity is challenging in areas where incomplete data or no data are available 

for the development of a model. Data scarcity is common in developing countries where financial 

and security constraints often preclude the collection of high-quality data. Often, model developers 

rely on secondary data sources to develop the model.    

 

In the absence of high resolution topographic data such as LiDAR, there are several alternatives. 

One of the popular data sources is the Shuttle Radar Topography Mission, SRTM (NASA JPL, 

2013) data. One arc- second open-source SRTM data is available worldwide since 2014. 

Biancamaria et al. (2009), Schumann et al. (2014), and Neal et al. (2012a) used SRTM gridded 

data for hydraulic modeling of the Ob in western Siberia, the Scioto River in the eastern U.S., and 

the Niger river (Inner Niger Delta) in Mali, respectively. Even though the SRTM is widely used 

for research, its use is questionable because of its low vertical accuracy. A global assessment of 

the performance of SRTM data by Rodriguez et al. (2016) revealed that the data contains a standard 

deviation of 4.68m, 4.5m, 4.01m, and 4.60m for Africa, Eurasia, North America, and South 

America respectively. Another source of elevation data is the (Multi-Error-Removed Improved-

Terrain) MERIT DEM (Yamazaki et al., 2017), a digital elevation model (DEM) developed from 
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several existing spaceborne DEMs by removing multiple error components such as absolute bias, 

stripe noise, speckle noise, and tree height bias. Other popular global DEM’s for hydrodynamic 

modeling are ASTER, TanDEM-X-90m DEM (DLR, 2018) and ALOS World 3D-30m (JAXA, 

2018). 

 

Remote sensing (RS) data can give valuable support to the delineation of flooded areas, that can 

be used to calibrate and validate hydrodynamic models. Researchers commonly use satellite 

images to derive an inundation extent for flood monitoring (Ogilvie et al., 2015), hydraulic model 

calibration (Karim et al. 2011), and validation purpose (Neal et al., 2012). RS data is available 

globally with considerable spatial coverage.  It is often used as a source of data for large scale 

flood mapping. These RS observations can be obtained using optical sensors, passive microwave 

instruments or synthetic aperture radars (SAR). Although researchers stres to use SAR image, the 

costly procedure of acquiring radar imagery makes it difficult to have the data over developing 

countries. Although optical remote sensing techniques are hampered by the presence of cloud, the 

easy retrieval, processing, and interpretation of the images make more frequently used for flood 

modeling (Malinowski & Schwanghart, 2017). The Landsat and MODIS images, which are 

accessible at no cost, are often used inundation modeling in the developing world. 

 

Several studies (most notably by Dadson et al., 2010; Haag, 2015; Neal et al., 2012) contributed 

towards the understanding of the hydrodynamic behavior of the IND. However, these studies did 

not lead to a well-calibrated model of the IND because of limitations such as to the use of a low-

resolution structured grid and numerical approximation of LISFLOOD- FP as in Neal et al., (2012), 

the use a the simplified inundation fraction method in Dadson et al., (2010), or an unsuccessful 

calibration as in Haag, (2015). A major objective of this study aims to develop a better model by 

adopting a sophisticated modeling tool, TELEMAC 2D, a suite of finite element computer program 

that solves the shallow water equations over an unstructured grid using a finite element method. 
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Fig. 1.1: Location map of the study area, the Inner Niger Delta, Mali 

 
None of the previously developed hydrodynamic models explicitly accounted for the strong 

hysteresis phenomenon observed at hydrometric stations in the IND. Fig. 1.2 presents the non-

looped rating curve used in Haque et al. (2019a) along with the actual looped rating curve at the 

Diré hydrometric station. Horritt (2000) has examined the effect of the hysteresis phenomenon on 

hydrodynamic simulations and found that the accuracy of the simulations near the downstream 

boundary might be strongly affected when a hysteresis effect is present. He also mentioned that 

the impact of the downstream boundary condition for dynamic circumstances would, of course, be 

distinct, and its impact may extend further upstream. In the particular case of the IND, ignoring 

the hysteresis effect leads to significant errors in the simulation of water levels downstream, which 

in turn affects the connectivity between the main river and important water bodies. This led to the 

second objective of the thesis: better reproduction of the hysteresis phenomenon in the simulations, 

and hence a better capture of the connectivity to key water bodies in the IND.  
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Fig. 1.2: Comparison of looped and single (steady) rating curves at Dire for 2001-2002 
 
 

The operation of the hydrodynamic model developed in this thesis requires the availability of a 

computing platform with parallel processing capability, the availability of real-time water levels, 

streamflow and precipitation measurements, as well as precipitation forecasts. These requirements 

are, of course, not fulfilled by Malian technical services. These services routinely use empirical 

relationships between water levels observed at one or several hydrometric stations in the IND, and 

inundation extent. Such relations have been developed by several authors such as Ogilvie et al. 

(2015), Mahe et al. (2011), Zwarts et al. (2005), and Mariko (2003). The hysteresis phenomenon 

is taken into account by having one equation for the rising flood, and an equation for the recession. 

These equations are the same for any year, while the simulations with the hydrodynamic model 

showed that the relation fluctuates from year to year. The third and final objective of the thesis 

was to derive a new relationship that can vary from year to year according to the hydraulicity. Such 

equation would be easier to use for technical services in Mali and would provide more precise 

estimations of the inundation extent.  

 

1.2 Objectives  
 

The objective of this study is to develop tools that can improve water resources management in 

the IND.   



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

6 
 

The specific objectives are: 

 Develop a methodology that allows the use of two-dimensional hydrodynamic modeling 

in a data-scarce area to simulate variables such as water level, depth, discharge, and 

inundation extent precisely. This involves finding ways to account for the low quality or 

unavailability of key data sets and combining multiple uncertain models into a more 

robust one using Bayesian Model Averaging; 

 Account for the hysteresis phenomenon in hydrodynamic modeling to better simulate 

water levels and connectivity between the main river and water bodies downstream of the 

study area; 

 Develop a better empirical relation between water levels and inundation extent in the 

IND. 

 

1.3 Scope of the study 
 

Integrated water management is a complex problem, especially in an area such as the IND, where 

there are multiple users and multiple issues. In this thesis, we will develop tools that can help 

decision-makers better understand and predict the flood dynamics and extent in the IND.  We will 

demonstrate that the tools indeed provide more and better information in the Delta, but we will not 

attempt to evaluate or recommend a water management strategy for the IND. 

 

1.4 Methodology 

 

A two-dimensional hydrodynamic model using TELEMAC 2D was set up for the study area to 

simulate several variables, and they are discharge, flow velocity, water level, inundation extent, 

etc. In the absence of elevation data, we used the global digital elevation models of SRTM and 

MERIT DEM. As vertical accuracy of these data is not guaranteed, a new elevation data set is 

created using the waterline method (Cracknell et al. 1987, Koopmans and Wang 1995, Mason et 

al. 1995, Ramsey 1995) from the combined uses of water extent map derived from Landsat images 

and water levels. Given that observed discharge data are only available from three locations, a Soil 

Water Assessment Tool (SWAT) hydrological model (Seidou, 2019) of the Niger at Diré was 

developed and calibrated to generate discharge at the remaining locations of the model. The 
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bathymetry was derived from the hydraulic geometric relationship (Leopold and Maddock, 1953), 

and the river network was extracted from the satellite imagery corresponding to the lowest water 

level. Simulations were performed under various conditions. Roughness was estimated from 

USGS Global Land Cover Characterization (GLCC) database (Loveland et al. 2000) and 

associated manning’s coefficient. The elevation dataset was adjusted during calibration. In each 

run of the model, simulated inundation was compared with satellite image, the over-predicted and 

under-predicted areas were calculated, the elevation of those areas was adjusted by adding or 

subtracting the simulated water depth.  

 

Bayesian Model Averaging (BMA) was applied to the simulated time series of water levels and 

discharges to reduce uncertainty. To implement the methods, six models were set up from the 

combination of three DEM (SRTM, MERIT DEM and the waterline DEM) and two boundary 

conditions (water level as a function of discharge and discharge as a function of water level). Each 

of the models was calibrated against discharge and water level. Given that we have three models, 

each of the models was run two times with two sets of boundary conditions at the downstream 

location. In this way, six scenarios were obtained from the models. Simulation outputs from 

different scenarios were then combined through BMA.  

 

Given that the hysteresis effect is present at all the stations, it results looping in the stage-discharge 

relationship (Q-H). If a stream location has a loop rating curve, then placing a single-valued rating 

curve as the boundary condition can introduce errors in the simulation. USACE (1993) stated that 

stream location exhibiting loop rating could cause local effects on water level in the vicinity of the 

curves. The Q-H relationship was characterized, and a function was developed for the loop rating 

curve. The derived rating curve was prescribed at the outlet boundary by modifying the respective 

source code related to the stage-discharge curve. Simulation results using steady and loop rating 

curve at the downstream boundary were compared to see if loop rating improves the simulation 

performance.  

 

An improved relation between water levels at Mopti and inundation extent was developed. 

Previous studies (Ogilvie et al., 2015; Mahe et al., 2011; Zwart et al., 2005; Mariko, 2003) 

proposed static relationships between water levels in the IND and the inundation extent.  First, the 
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domain of the hydrodynamic model was extended to match that of these authors. The new model 

was calibrated and validated, and the new relationship was derived as follow:  

 

1. The development, calibration, and validation of a hydrodynamic model and the 

development of a relationship between simulated water levels at Mopti and inundation 

extent in the IND, conditioned on the knowledge of yearly maximum water levels maxH

and yearly maximum inundation extents maxI ; 

2. The development, calibration, and validation of a linear model that can forecast maxI and   

maxH given precipitation and streamflow measured on the upper Niger river basin (UNB) 

before the flood season; 

3. The combination of the relationships developed in points 1 and 2 to obtain a relationship 

between water levels at Mopti and inundation extent in the IND that changes from year to 

year. The inundation extent predicted by the new relationship is then compared to the 

predicted relationships developed by other studies, and with the inundation extent obtained 

from MODIS satellite imagery. 

 
1.5 Novelty 
 

The material presented in this thesis is novel in several aspects: 

 

1. Originality in terms of the nature of work 

 The area modeled in this study is a large floodplain of about 30,000 sq. km. Model 

setup, simulation, and calibration of such a large area are rare especially in a region 

where data scarcity is a major challenge. The authors had to resort to alternative 

methodologies to derive topographic and bathymetric data. 

 The first-ever 2D hydrodynamic model of the Inner Niger Delta based on triangular 

mesh in unstructured grid was developed in this thesis 

 A forecasting model was proposed to forecast the maximum inundation extent in 

the Delta using observed precipitation and streamflows in the Upper Niger Basin. 
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 The first non-stationary relationship between water levels at Mopti and inundation 

extent in the IND was developed, along with a forecasting model for the maximum 

water level and inundation extent. This relationship can be used to plan socio-

economic activities ahead of time. 

2. Originality in terms of methods/ approaches taken 

 The study provided a systematic approach to model a floodplain in a data-scarce 

environment, including data acquisition, processing, simulation, calibration, and 

validation, and can be replicated to other places to model floodplains. 

 The waterline method was used to derive topographic data of the region with the use 

of a water map derived from Satellite images and water level measurement.  

 Bathymetric data were estimated from the hydraulic geometric relationship and later 

adjusted during the calibration procedure. 

 The study makes use of the global land cover data, GLCC, to estimate the roughness 

parameter to be used for the model. In this way, distributed Mannings coefficients are 

obtained throughout the floodplain and used for the model.   

 Inundation extents for the IND were derived from the Landsat and MODIS image and 

used for the calibration of the model. The inundation map is compared with the 

simulated inundation to obtain an over-predicted, agreed, and under-predicted area. The 

elevation data at the over-predicted and under-predicted areas are adjusted based on the 

simulated water depth at the simulation.  

 Bayesian Model Averaging (BMA) is applied to improve the multiple imperfect 

simulations from hydrodynamic models. Several variations of the model were created 

with a varying source of elevation and downstream boundary conditions, then 

combined with BMA. This is the first time BMA is used to combine hydrodynamic 

models 

 TELEMAC2D was modified to use a looped rating curve as a downstream boundary 

condition.  The modification led to a better simulation of water levels and hydraulic 

connectivity in the IND. 

 

3. State of the art techniques 
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The study uses the following state of the art techniques to conduct the research: application 

of a two-dimensional model, TELEMAC 2D which solves the governing equations in finite 

element method using unstructured grids, remote sensing and global DEM data retrieve, 

analysis and processing with computer applications: Blue Kenue, ArcGIS, MATLAB, 

FORTRAN, etc. 

 
1.6 Outcome 
 

The main outcomes of the present thesis are one published and two submitted journal papers. The 

papers above form Chapter 4-6 of this thesis. The papers are as follows: 

 

 Haque, M.M., Seidou, O., Mohammadian, A., Djibo, A.G., Liersch, S., Fournet, S., Karam, 

S., Perera, E.D.P., Kleynhans, M. (2019) Improving the Accuracy of Hydrodynamic 

Simulations in Data Scarce Environments Using Bayesian Model Averaging: A Case Study 

of the Inner Niger Delta, Mali, West Africa. Water, 11(9), 1766. 

https://doi.org/10.3390/w11091766. 

 

 Haque, M.M., Seidou, O., Mohammadian, A. (2019b) Effect of rating curve hysteresis on 

flood extent simulation with a 2D hydrodynamic model: a case study of the Inner Niger 

Delta, Mali, West Africa, Journal of African Earth Sciences (Revised) 

 

 Haque, M.M., Seidou, O., Mohammadian, A., Djibo, A.G., (2019c) Development of an 

improved relationship between water levels and flooded area in Inner Niger Delta, Mali, 

West Africa, Journal of Hydrology: Regional Studies (Revised) 

 

1.7 Thesis Outline  
 

The thesis is organized in seven chapters, as follows: 

 

Chapter 1 provides the background and objectives of this research work. This chapter contains 

the problem statement, the objectives, scope of the research, major outcomes, and the overall 

organization of the thesis. 
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Chapter 2 is a comprehensive literature review. The chapter starts with a brief overview of 

hydrodynamic modeling in large flood plains worldwide, followed by an overview of the previous 

studies in IND. A description of the data requirements for hydrodynamic modeling in data-scarce 

region is presented.  The theory behind the statistical methods, including stepwise regression, 

simple/multiple linear regression, polynomial regression is presented. A description of model 

evaluation performance measures is provided.  

 

Chapter 3 presents the characteristics of the study area that are relevant to this work, such as 

precipitation, evaporation, water balance, etc.  The various data sets used in the study are presented. 

These data sets include observed discharge and water levels, simulated discharges at ungauged 

locations, and inundation extent derived from satellite images. 

 

Chapter 4 focuses on the development of multiple hydrodynamic models and the combination of 

their output using Bayesian Model Averaging (BMA). Six different hydrodynamic models of the 

study area were developed using three different DEMs and two different downstream boundary 

conditions. The simulated water levels and discharge time series were combined with BMA to get 

an improved result. The way to identify which individual models are better for a particular variable 

(such as discharge and water level) in a particular location are discussed 

 

Chapter 5 focuses on the improvement of the hydrodynamic model's simulations by incorporating 

an improved rating curve (looped rating) at the downstream boundary. It is shown that simulations 

using looped rating curves improve the accuracy of floodplain extent simulations in the areas close 

to the downstream station, as well as the timing of the connectivity of the river system.  

 

Chapter 6 focuses on how to produce a time-varying relationship between water levels and 

simulated inundation areas from the hydrodynamic model. Calibration and validation of the real-

time relationship curve are presented. This chapter contains a method for forecasting the maximum 

water level and corresponding maximum inundation. These results are useful for decision-makers 

in the sense that they can forecast how far a flood is likely to spread, and optimize activities that 

are sensitive to flood extents such as rice planting or forage management. 
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Chapter 7 summarizes the major findings and gives conclusions of this research work. This 

chapter also provides commendations for further studies. 
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Literature review 

Hydrodynamic modelling in data-scarce region is a challenging task due to incomplete data or no 

data available for the development of a model. The required data to set-up a hydrodynamic model 

are: topographic and bathymetric data, discharge, stage-discharge data and satellite-derived 

inundation extent etc.  

 
2.1 Modeling studies in data sparse region 

 

Despite the limitation due to the availability of data, there have several modeling studies been 

conducted in large floodplains in data-sparse regions. Komi et al., (2017) developed a hydraulic 

model to predict flood extent for a 140 km reach of the Oti River, West Africa. Biancamaria et al. 

(2009) studied the hydrodynamics of a 900km reach of Ob river in Western Siberia, Wilson et al., 

(2007) conducted a floodplain modeling study of a 240 x 125 km section of the central Amazon 

floodplain in Brazil. Yan et al. (2014) carried out research on a 280 km river reach of Blue Nile, 

Sudan. The LISFLOOD-FP modeling tool was popular among the authors of large-scale flood 

modeling. However, the simulations contain large uncertainties because LISFLOOD-FP uses a 

simplified form of the St-Venant equations, which are simplified by diffusive and kinematic 

approximations. 

 

2.2 Hydrodynamic modeling of the IND 

 

Dadson et al. (2010) modeled evaporation and inundation patterns in the IND using the Joint UK 

Land‐Environment Simulator (JULES) land surface model together with the CEH Grid‐to‐Grid 

(G2G) 1D kinematic wave river routing model (Bell et al., 2007). The model was driven by 

meteorological data from the ALMIP experiment (AMMA Land Surface Model Intercomparison 

Project, wherein AMMA stands for African Monsoon Multidisciplinary Analyses). Their model 

simulations are shown in Fig. 2.1. The monthly mean discharge at Tilembeya (about 50 km d/s of 

Ke-Macina on Niger River) from 2000- 2006 is presented along with the observed discharge 

obtained from Global Runoff Data Centre. They obtained an NS coefficient of 0.70, and model 
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overestimated the June-November flow. The inundated area in that model was described as a 

fraction of land that is inundated on a 25km grid. Fig. 2.1 shows the model prediction for discharge 

and inundation area.  

 

  

 

 

 

 

 

 

 

Fig. 2.1: Comparison of modeled discharge (left) and inundation pattern (right) 

 

Fig. 2.1 shows that the model is not able to correctly predict the discharge at the station and that 

the generated inundation map has a coarse resolution. Discrepancies between simulations and 

observations arise from the use of a 1D kinematic wave model, which is not able to account for 

flow interaction in the lateral direction and is difficult to use in areas with relatively flat floodplain. 

Another drawback of the model is that it did not produce spatial distribution of flood areas because 

the inundation fraction method is not able to identify flooding and drying part of the lands in the 

25km pixel.  

 

Haag (2015) developed a hydrodynamic model (D-Flow Flexible Mesh) to simulate the flow 

variables and inundation extent of IND. D-Flow FM implements a finite volume solver on an 

unstructured grid. Simulation results from the model are shown in Fig. 2.2. The model overpredicts 

the discharge at Mopti and Dire, and there is little correlation between simulated and observed 

discharged from GRDC (Global Runoff Data Centre) data. The simulated inundation for 16th 

March 1996 and 22nd October 1996 is presented, which represents the recession (dry) and flood 

(wet) time, respectively. Surprisingly, the inundation extent on both days is almost the same. In 

reality, more areas become inundated during October at the upstream part of the IND (from Ke-

Macina to Akka), and the model was supposed to simulate more inundation area in that part. The 
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reason behind the problem is that it was not properly calibrated for discharge. The calibration was 

also not performed for the inundation area using satellite-derived water extent information. Other 

causes include low-resolution HydroSHED DEM (450m) and the model grid (minimum cell about 

675m), which is too coarse for flood mapping. 

 

 

 

 

 

 

 

 

 

 

Fig. 2.2: Discharge (top) and inundation (bottom) as modeled by the D-Flow FM model (Haag, 

2015) 

 

Neal et al. (2012) developed a hydrodynamic model of the IND using an upgraded version of 

LISFLOOD-FM (Bates and de Roo, 2000) that uses a sub-grid structure for simulating flows in 

channels with a much smaller size than the actual grid resolution of the model. The authors were 

successful in representing narrow channel representation into the model. However, the 

performance of the model in predicting water level and the inundation extent was not very 

satisfactory. The model was able to simulate the discharge up to NS 0.91 at Dire, but information 

about model performance at other hydrometric stations in the IND was not provided. Model 

predictions for water level and inundation extent were unsatisfactory (Fig. 2.3).  
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Fig. 2.3: Water level (top) and inundation extent (bottom) simulation on a sub-grid model of 

Neal et al. 2012 

 

It is shown in Fig. 2.3 (top) that simulated water levels at upstream and downstream of Lake Debo 

were under-predicted (up to -2.0m) and over-predicted (up to +1.7m). These discrepancies affected 

the simulated flood extent, leading to less flooded areas in the upstream and more flooded areas in 

the downstream areas. The authors compared the simulated inundation on 7th November 2006 with 

Mopti 

d/s of Akka 

Lake Debo 

Observed on 
7 Nov. 2006 

Simulated  
7 Nov. 2006  
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the observed inundation derived from Landsat image (Fig. 2.3 (bottom)). The upper part of IND, 

upstream of Lake Debo, shows less inundation, while the lower part shows higher than the 

observed. Although the authors mentioned that the elevation data was the reason for the not so 

good prediction, other causes may be the use of the simplified form of the St-Venant equations 

and the finite difference method to solve the shallow water equation over a grid of coarse (1.0km) 

resolution.  

 

Zsufa et al. (2013) developed a hydrodynamic model to investigate the pollution and habitat 

conditions of the IND. They used River 2D (Steffler and Blackburn, 2002) in their study. They 

selected a small study area in the vicinity of Niger and Bani river confluence near the town of 

Mopti. The simulated water depth at a total flow of 3000m3/s at Mopti under steady-state condition 

is shown in Fig. 2.4. The authors expressed the need for a full-scale model for IND, considering 

all river flows and evaporation loss.    

 

 

Fig. 2.4: Simulated water depth in the model area by Zsufa et al. (2013) 

 

A high-resolution 2D hydrodynamic model, which can simulate the flow dynamics of the IND 

properly, is still absent. The present study is an endeavor to model the area with improved 

modeling techniques.  
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2.3 Hydrodynamic model selection for flood wave propagation  

 

There are several modeling tools available to model a floodplain. The simplest way to model a 

floodplain is to apply a one-dimensional (1D) modeling tool. The more complex approach uses 

two dimensional (2D) or three dimensional (3D) models.  

 
Traditionally, 1D river models have been used to model fluvial flooding events and flood 

forecasting purposes. 1D models are developed from a set of cross-sections of the river and 

floodplain, and water levels are calculated using the 1-dimensional form of the governing 

equations. A 1D model is good at representing the in-channel water level and flows by calculating 

a single water level, velocity, and flow rate for each cross-section. As far as topographic data is 

concerned, 1D models only require cross-sections data, which was a major advantage when access 

to topographic data was limited in data-sparse regions.  

 

While 1D models perform well when the flow is restricted between channel banks, 2D modeling 

was shown to better estimate flows in floodplains, where the flow is considered largely 2-

dimensional (e.g., Andersson and Bates, 1993; Cook and Merwade, 2009). 2D hydraulic models 

consist of a 2D computational mesh/grid and solve the two-dimensional form of continuity and 

momentum equation for water level, flow rate and other variables in each grid cell. 2D models 

need topographical and bathymetric data, covering the whole area that is to be modeled. A brief 

description of modeling tools is given in Table 2.1. 
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Table 2.1: Floodplain modeling tools (Bates and DeRao, 2000) 

 

Type/name 

of the model 

Channel routing Floodplain 

routing 

Discretization 

1D models 

(MIKE11, 

HEC-RAS) 

 

Full solution of the 1D St. 

Venant equations 

 

Full solution 

of the 1D St. 

Venant 

equations 

 

Treats domain as a series of 

cross-sections perpendicular to 

the flow direction. Areas 

between cross-sections are not 

explicitly represented 

2D Models 

(TELEMAC-

2D, 

MIKE21, 

Delft 3D) 

 

Full solution of the 2D St. 

Venant equations with 

turbulence closure 

 

Full solution 

of the 2D St. 

Venant 

equations 

with 

turbulence 

closure 

Structured grids (finite 

difference methods) or 

unstructured grids (finite volume 

and finite element methods) 

using a variety of geometries, 

but typically, triangles or 

quadrilaterals. 

Sub-grid 

model 

(LISFLOOD-

FP) 

Two-dimensional 

kinematic wave solved 

using an explicit finite 

difference procedure 

using designated channel 

cells 

Uniform 

flow 

formulae 

(Manning 

equation) 

 

Raster-based discretization 

derived automatically from a 

DEM. 

 

 

Choosing an appropriate model among the plenty of available tools is an important part of the 

modeling study. The selection is based on how a model can represent the physical system and what 

are the numerical schemes upon which the model is developed. To narrow down the selection, it 

is preferred to apply a 2D hydrodynamic model as we are interested in modeling a large flood plain 

in which depth-averaged- shallow water equations are to be solved in the horizontal x and y 

directions.  We then move to choose a 2D model that can solve the equations in the unstructured 

grid in the finite element method.  
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Cook and Merwade (2009) found that finite element methods are less sensitive to the resolution of 

terrain models and, therefore, effective in containing the uncertainty in the model outcomes arising 

from the error in the terrain input. An unstructured grid can account for the variation of the 

geometry in the channel and over the floodplain. TELEMAC 2D uses sophisticated numerical 

schemes, and it solves the systems of equations with finite element methods in unstructured grid. 

TELEMAC-2D is physically realistic and has certain advantages: It is can handle terrain data with 

varying resolution (Di Baldassarre et al. 2010) and is applicable in studies where high-resolution 

DEMs are not available. Sanyal et al. (2014) showed that a complex model such as TELEMAC-

2D is more appropriate than 1D-2D models for simulating floodplain inundation for complicated 

channel networks and low-quality input data.   

 

Process representation is important for hydraulic modeling. The detailed geometry of the river 

channel and bathymetry is the most important input in any hydraulic model (Pappenberger et al. 

2005). Channel representation is another difficult part of the hydrodynamic modeling. To tackle 

this issue, Neal et al. (2012) developed a sub-grid channel hydraulic model- LISFLOOD-FP 

model, where any river channel whose width is narrower than the spatial resolution of the 

topography data on low-resolution terrain data can be represented. LISFLOOD-FP has been 

applied by many authors such as Wilson et al., (2007), Biancamaria et al., (2009), Komi et al., 

(2017), Yan et al., (2014), Neal et al. (2012).  

 

Sanyal et al. (2014) applied both the LISFLOOD-FP and TELEMAC-2D models for an inundation 

modeling of a large ungauged river, the Damodar River, in India. The authors compared the 

simulation result obtained from both the models and concluded that the TELEMAC-2D is more 

suitable than the LISFLOOD-FP model for simulating extensive floodplain inundation in a data-

scarce region.  

 

Based on the fact that a 2D model is appropriate for a floodplain modeling and process 

representation can better be done with the finite element method with the unstructured grid, we 

choose to apply TELEMAC 2D. No modeling was conducted previously in the study area with 

this modeling tool. 
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2.4 Governing equations in the hydrodynamic model 
 
TELEMAC-2D solves the depth-integrated Shallow Water Equations (SWEs) using the finite 

element method on an irregular mesh. At each computational node of the mesh, TELEMAC-2D 

estimates the depth of flow and two horizontal velocity components. The governing equations 

considered are: 

 

Continuity Equation: 

 

+ 𝑢. ∇(ℎ) + ℎ𝑑𝑖𝑣(𝑢) = 𝑆                                                    (2.1) 

 

x-Momentum 

 

+ 𝑢 ∙  ∇(𝑢) = −𝑔 + 𝐹 + 𝑑𝑖𝑣(ℎ𝑣 ∇𝑢)                                     (2.2) 

 

y-Momentum 

 

+ 𝑢 ∙  ∇(𝑣) = −𝑔 + 𝐹 + 𝑑𝑖𝑣(ℎ𝑣 ∇𝑣)                                    (2.3) 

 

in which, h (m) depth of water, u, v (m/s) velocity components, g (m/s2) gravity acceleration, Z 

(m) free surface elevation, t (s) time, x,y (m) horizontal space coordinates, Sh (m/s) source or sink 

of fluid, 𝑣  (m2/s) eddy viscosity (1.0 m2/s), Fx, Fy are the source or sink terms in dynamic equation, 

representing bottom friction, h, u, and v are the unknowns. 

 

Bottom Friction 

 

Friction is a major unknown parameter in a hydraulic study. Friction laws themselves are mostly 

empirical. Therefore, the friction coefficient is often considered as an important calibration 

parameter. The friction force is expressed as follows (Hervouet, 2007): 

 

𝐹 = 𝜏 ∗ ∆𝑥 ∗ 𝐿 (x − direction)                                                  (2.4) 
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𝜏 = − 𝜌 ∗ 𝐶 ∗ √𝑢 + 𝑣                                                         (2.5) 

 

The coefficient, 𝐶  is hardly used in free surface hydraulics and is usually replaced by others. The 

best known are the Chezy (c), Mannings (n), and Strickler coefficient (s). Theses coefficients are 

bounded to the 𝐶  by the following formula: 

 

𝐶 =
∗

                                                                   (2.6) 

 

So, friction forces in x and y directions are:  

 

𝐹 = −
∗ ∗

∗ √𝑢 + 𝑣                                                  (2.7) 

 

𝐹 = −
∗ ∗

∗ √𝑢 + 𝑣                                                 (2.8) 

With:  

𝐶 = friciton coefficient (dimensionless) 

h=   depth of flow for shallow water flow 

𝜏 = friciton stress in x direction 

𝜌 = density of water (𝑘𝑔/𝑚 ) 

∆𝑥 𝑎𝑛𝑑 𝐿 = length and width of infinitesimal reach 

u and v are the velocity in x and y-direction respectively 

 

In TELEMAC 2D, the SWE’s are solved using a fractional step method (Marchuk, 1975), whose 

main principle is that the hyperbolic and parabolic parts of the SWE’s should be treated separately. 

The solution comprises two steps: a solution of advection terms, and the solution of the 

propagation, diffusion, and source terms. Several schemes are available for the advection step, 

where the Method of Characteristics has been applied to solve the advection of u and v. The 

Streamline Upwind Petrov-Galerkin (SPUG) method (Brookes and Hughes, 1982) has been 

applied to solve the advection of h in the continuity equation. Variational formulations and space 
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discretization transform the continuous equations into a linear triangular element, where the 

dependent variables u, v, and h are expanded using equal order interpolation functions. In the 

second step, the propagation, diffusion, and source terms are coupled through an implicit time 

scheme, and the resulting linear system is solved with a variant of the conjugate gradient method 

(Bates et al., 1997).  

 

2.5 Open-access remote sensing data for flood modeling and management 

 

2.5.1 Topographic data 
 

Topographic data comes from Digital Elevation Models (DEM). DEM is a gridded digital 

representation of terrain, with each pixel value corresponding to a height above a datum. DEMs 

can be created from ground surveys, digitizing existing hardcopy topographic maps, or by remote 

sensing techniques (Hawker et al. 2018). The topography is the key factor in estimating the extent 

of the flood (Horritt and Bates, 2002). Generally speaking, the quality of flood predictions 

increases with higher resolution DEMs. Expensive data acquisition process and inaccessibility in 

some of the regions make field survey virtually impossible in the developing countries. So, the 

developing countries mostly rely on data from secondary sources such as processed data from by 

remote sensing method.   

 

Remote sensing techniques comprise photogrammetry, airborne and space-borne Interferometric 

Synthetic Aperture Radar (InSAR), and Light Detection and Ranging (LiDAR) (Hawker et al. 

2018). High Resolution (each grid length<10 m) LiDAR has higher precision and accuracy and is 

suitable for applications, such as flood modeling, that rely on the accurate derivation of surface 

characteristics. Global LiDAR coverage with the limited amount of LiDAR data (0.005% of the 

earth’s land area) that is currently available almost exclusively found in developed countries. 

Space-borne InSAR is the most common technique to create global DEMs and is the technology 

behind the most widely used open-access global DEM, e.g., the Shuttle Radar Topography Mission 

(SRTM). An overview of free global DEMs is given in Table 2.2.  
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In data-sparse regions, a limited number of global DEM products dictates that only a single DEM 

is used, with this most commonly being SRTM (Yan et al., 2015). Following its acquisition in 

2000, SRTM remains the world's most popular DEM due to its availability, resolution, vertical 

accuracy, and lower artifacts and noise compared to alternative global DEMs (Hawker et al. 2018; 

Rexer and Hirt, 2014; Jarihani et al., 2015). Yet, recently released products such as MERIT and 

TanDEM-X 90 could change that scenario. 

 

Table 2.2: List of global digital elevation model (Source: Hawker et al. 2018) 
 

Dataset Sensor/Satellite Resolution 

(m) 

Vertical 

accuracy 

References 

ALOS AW3D30 Optical 30 4.4m (RMSE) Tadono et al. (2016) 

ASTER GDEM Optical 30 17m (95% 

conf.) 

Tachikawa et al. (2011) 

Bare Earth DEM SRTM 90 5.9m (RMSE) O’Loughlin et al. (2016) 

EarthEnv ASTER &SRTM 90 4.15m(RMSE) Robinson et al. (2014) 

MERIT AW3D30, SRTM and 

Viewfinder Panorama 

90 5m (LE90) Yamazaki et al. (2017) 

SRTM SAR C Band 30, 90 6m (MAE) Farr et al. (2007) 

TanDEM-X 90 SAR X Band 30, 90 unknown Rizzoli et al. (2017) 

Viewfinder Panorama ASTER, SRTM, and 

other sources 

90 Not reported De Farranti (2014) 

 
2.5.2 Radar altimetry for water level data 
 

Water level data is essential for hydrodynamic modeling. Radar altimetry provides an alternative 

option in getting data in the absence of in-situ records. Radar altimetry missions now routinely 

measure freshwater surface elevation of large rivers, lakes, and water bodies (Ekeu-wei and 

Blackburn, 2018; Koblinsky et al. 1993). Table. 2.3 summarizes a list of radar instruments with 

the accuracy of the altimetry water level. 

 

O’Loughlin et al. (2016) reported that a short energy pulse is transmitted, which is then reflected 

by the water surface back to the sensor. If the position of the satellite is known, then the distance 

from the altimeter to the surface is proportional to the time delay between transmission and return 



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

25 
 

of the reflected energy. O’Loughlin et al. (2016) suggested that the water bodies should be wider 

(2-3 times) than that of the ground footprint for better accuracy.  

 

The vertical accuracy of altimetry water levels contributes to uncertainties in hydrologic and 

hydraulic modeling simulations (O’Loughlin et al. 2016). These inaccuracies are attributed to the 

different sensor types, the distance between in-situ and virtual station, and location of altimetry 

track intersection, instrument noise, topography and heterogeneity of reflecting land surfaces 

(Belaud et al. 2010, Ponte et al. 2007, Tourian et al. 2016). Despite these limitations, altimetry is 

widely used in hydrology, particularly in the context of hydrodynamic modeling in data-sparse 

regions (Ekeu-wei and Blackburn, 2018). Many authors (Domeneghetti et al. 2014, Belaud et al. 

2010, Yan et al., 2015) utilized water level data estimated using radar altimetry in their 

hydrodynamic study. Domeneghetti et al. (2014) suggested that altimetry data should be applied 

in combination with measured data; Sun et al. (2015) advised if there is measured data, it should 

be given more weight.   

 

Table. 2.3: List of principal altimetry instruments for water level information (Source: 

O’Loughlin et al., 2016 and Ekeu-Wei and Blackburn, 2018) 

 

Satellite Mission Ground 

footprint (m) 

Revisit time 

(days) 

Operation 

time line  

Accuracy 

(m) 

Reference 

TOPEX/Poseidon  ~600 9.9 1993–2003 0.35 Frappart et al., 2006 

ERS-1  ~5000 35 1991–2000 N/A Da Silva et al., 2010 

ERS-2  ~400 35 1995–2003 0.55 Frappart et al., 2006 

ENVISAT  ~400 35 2002–2012 0.28 Frappart et al., 2006 

Jason-1  ~300 10 2002–2009 1.07 Jarihani et al., 2015 

ICE Sat/GLAS  ~70 - 2003–2009 0.10 Urban et al., 2008 

Jason-2  ~300 10 2008 * 0.28 Jarihani et al., 2015 

Sentinel 3 SRAL  ~300 27 2016 * 0.03 Da Silva et al., 2010 

SWOT  ~10-70 21 2020 + 0.10 Fu et al., 2009 
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2.5.3 Flood extent detection using remote sensing 
 

Remote sensing provides a useful tool to observe the spatial and temporal distribution of floods. 

Optical, passive microwave, and radar instruments are being used for inundation extent mapping 

and monitoring purposes. Due to its consistent observation, remote sensing inundation information 

has been used in recent studies to complement in-situ data for hydrological and hydrodynamic 

modeling in data-scarce regions (Malinowski & Schwanghart, 2017).  

 

Synthetic Aperture Radar (SAR) and optical images have been applied with varying precision in 

the study of floodplains. Table. 2.4 summarizes a list of sensors used for flood extent delineation 

purpose.  Flood mapping using optical imagery has proved to be relatively successful (e.g., Wang 

2004; Marcus and Fonstad 2008; Proud et al. 2011). However, flood mapping may sometimes be 

hampered due to the inability of the optical image to penetrate the cloud. Consequently, several 

authors (Schumann et al. 2012; Di Baldassarre and Uhlenbrook 2012; Yan et al. 2015) have 

focused exclusively on radar sensors.  

 

Though SAR images are not disturbed by cloud cover, they remain very sensitive to the water 

surface effects resulting from wind and currents, which impede water body identification. 

Conversely, optical images are highly affected by cloud presence but are less sensitive to surface 

properties and are therefore suited to delineating water bodies in semi-arid areas with low annual 

cloud cover (Ogilvie et al., 2015). Optical remote sensing images are the frequently used data for 

inundation mapping because optical images are easy to interpret and process for inundation 

retrieval (Malinowski & Schwanghart 2017).  

 

 

 

 

 

 

 

 



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

27 
 

Table. 2.4: Summary of satellite uses in flood extent study (Source: Grimaldi et al. 2016) 
 

Satellite 

(Sensor) 

Agency River/ location References Cost 

MODIS 

(AQUA & 

TERRA) 

(Optical) 

NASA 

(1999-present) 

1.Fitzroy river 

(Australia);   

2.Mengwa area, 

Huaihe River (China)  

3.Mekong River (Laos, 

Cambodia, Thailand) 

4. Niger river (Mali) 

1.Karim et al. (2011); 

2.Lai et al. (2014),  

3. Sakamoto et al. (2007) 

4. Ogilvie et al, (2015) 

Free 

LANDSAT 

(5,7,8) 

(Optical) 

NASA 

(1984-present) 

Niger River (Mali) Zwarts et al. (2005) 

Neat et al. (2012) 

Free 

ERS-1 

(SAR) 

ESA 

(1991–2000) 

1.Meuse River (NDL);  

2.Thames River(UK) 

1.Hunter et al. (2005); 

2.Mason et al. (2009) 

 

Free 

ERS-2 

(SAR) 

ESA 

(1995–2011) 

1.Dee River (UK);  

2.Alzette River 

(Luxembourg) 

1.Stephens et al. (2012);  

2.Matgen et al. (2004);  

2.Di Baldassarre et al. (2009b);  

2.Schumann et al. (2009b) 

Free 

ENVISAT-

ASAR 

(SAR) 

 

ESA 

(2002-2012) 

1.Dee River (UK);  

2.Alzette River 

(Luxembourg),  

3.Mekong River (Laos, 

Cambodia, Thailand) 

 

1.Schumann et al. (2009b),  

2.Di Baldassarre et al. (2009b),  

2.Matgen et al. (2004);  

2.Schumann et al. (2009b) 

3.Dung et al. (2011) 

Free 

RADARSAT 

(SAR) 

CSA 

(1995-2013) 

1.Upper Severn River 

(UK) 

2.Moselle River 

(France–Germany) 

1.Horrit (2006) 

2.Hostache et al. (2010) 

not 

free 

Sentinel-1 ESA 

(2014-present) 

1.Bangladesh 

2.India 

1.Uddin et al. (2019) 

2. Anusha & Bharathi (2019) 

Free 

Sentinel-2 ESA 

(2014-present) 

1.Italy and Spain 

2.Turkey 

1. Noti et al. (2018)  

2. Kaplan, K and Avdan, (2017) 

Free 
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2.5.4 Detection of flooded areas 
 

The inundation interpretation of optical images is performed using standardized indices. In the 

past two decades, spectral indices have been exploited to separate water pixels from non-water 

pixels in optical remote sensing. The commonly used indices are: the Modified Normalized 

Difference Water Index (MNDWI) (Xu 2006), the Normalized Difference Moisture Index (NDMI) 

(Wilson et al. 2002), the Normalized Difference Water Index (NDWI) (McFeeters 1996) and the 

Normalized Difference Vegetation Index (NDVI) (Rouse et al. 1973) indexes.   

The equations for MNDWI, NDMI, NDWI, and NDVI indexes are given below:  

𝑀𝑁𝐷𝑊𝐼 =                                                           (2.9) 

𝑁𝐷𝑀𝐼 =                                                            (2.10) 

𝑁𝐷𝑊𝐼 =                                                          (2.11) 

𝑁𝐷𝑉𝐼 =                                                             (2.12) 

For MODIS images, the Green, NIR, and MIR represent reflectance from Band 4 (545nm- 565nm), 

Band 2 (841nm to 876nm), and Band 6 (1628nm to 1652nm) respectively. Ogilvie et al. (2015) 

analyzed MODIS images to study the spatial and temporal dynamics of flood across the Niger 

Inner Delta throughout 2000 - 2011. They combined MNDWI and NDMI to delineate water extent. 

Water was classified when the pixel had the threshold value of 0.15 for NDMI, and for the 

MNDWI, classifying pixels above the threshold of -0.34 was considered a flooded area.  

For Landsat 7, ETM images, Green, Red, and NIR (near-infrared) represent the reflectance of Band 

2, Band 3, and Band 4, respectively. Neal et al. (2012) derived inundation extent using Landsat 7 

ETM image for Inner Niger Delta. They classified open water if NDWI index is greater than zero 

and if the NDVI index is greater than 0.5. 

 

Previous researchers (Ogilvie et al. 2015; Mariko 2003; Zwarts et al. 2005) were successful in 

extracting the inundation extent of IND using Landsat and MODIS images. Given that the main 
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hindrance of optical imagery is the presence of clouds, it is possible to overcome the difficulties 

by processing cloud-free images. Ogilvie et al. (2015) derived a time series of cloud coverage for 

the period of 2000-2011 over the IND is shown in Fig. 2.5. It is shown that cloud presence 

remained low (3.9% of the IND area on average) between September and April but rose 

considerably (up to 23% of the IND area) during the months of May-August. Ogilvie et al. (2015) 

also mentioned that the period of 2001-2002 and 2008- 2009 had least cloud years over the IND 

area among their study period of 2000-2011.  

 

 

 

 

 

 

Fig. 2.5: Mean cloud coverage over the IND area on MODIS images throughout 2000- 2011 (Ogilvie et 

al., 2015). 

 

It is found that the 2001-2002 and 2008-2009 years experienced relatively less cloud. Our study 

uses these two years as calibration and validation periods. MODIS and Landsat images during the 

months September- February will be considered for extracting water extent as these months show 

less cloud than the other months.  

 

2.6 Statistical methods 
 
2.6.1 Simple linear regression 
 
The most common models used in hydrology assume a linear relationship between two variables. 

Generally, the objective of such a model is to provide a means of predicting one variable 

(dependent) from the knowledge of the second variable (independent). The statistical procedure 
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applied to determine the relationship between the two variables is known as regression (Haan, 

2002).  

 

The simplest linear regression model can be written as follows: 

 

𝑌 = 𝑎 + 𝑏𝑋                                                               (2.13)                                                 

 

where Y is called the dependent variable and X the independent or explanatory variable, the terms 

𝑎 and 𝑏 are the parameters of the model. The parameter a is called the intercept term, and the 

parameter b is called slope parameter. These parameters are referred to as regression coefficients.  

 

Haan (2002) describes the following task to complete when fitting a regression model: 

 Estimation of the parameters in the regression equation (least square method) 

 Model evaluation with the coefficient of determination (R2) 

 Testing of the regression line and the coefficients by calculating confidence interval and 

test of hypotheses.  

 Model application 

 
2.6.2 Multiple Regression 
 
Multiple regression is the statistical procedure where we can predict the values of a response 

(dependent) variable from a collection of the predictor (independent) variable values. The general 

purpose of multiple regression is to find a relationship between several independent or predictor 

variables and a dependent variable. The multiple linear regression equation is as follows: 

 

𝑌 = 𝑏 + 𝑏 𝑋 + 𝑏 𝑋 + ⋯ . . +𝑏 𝑋                                        (2.14) 

 

where  𝑌 is the predicted or expected value of the dependent variable, 𝑋  through 𝑋  are n distinct 

independent or predictor variables, 𝑏  is the value of Y when all of the independent variables (𝑋  

through 𝑋 ) are equal to zero (intercept), and 𝑏  through 𝑏  are the estimated regression 

coefficients. The followings are the main steps in multiple regression analysis:  
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 Determine parameters in the regression equation (by using the least square method, method 

of moments, or maximum likelihood method). Linear regression models are often fitted 

using the least-squares approach. 

 Determine the percent of the variability in Y that is accounted for by multiple regression, R2  

 Test statistical significance of the multiple regression (p-value) 

 Determine the relative importance of different independent variables X in explaining Y. 

 

Various authors such as Patel et al. (2016), Archer and Fowler (2008), and Korecha & Barnston 

(2006) developed regression models for streamflow estimation, flood forecasting, and seasonal 

precipitation forecasting, respectively. 

. 

One of the major advantages of the multiple regression method is that investigators are provided 

with an opportunity so that they can structure their models based on their knowledge and 

experiences with the physical system being modeled. On the other hand, one of the major and 

frequent disadvantages is that regression coefficients may be irrational when two or more predictor 

variables are highly correlated with each other (Mc-Cuen et al. 1979). 

 

2.6.3 Polynomial regression 
 

Polynomial regression is a statistical technique that deals with the non-linear relationship between 

different variables. The typical form of polynomial regression consists of different powers of 

independent variables,  𝑋  with a dependent variable, Y. If the equation has only independent 

variables of degree of 1, it will be a multiple linear regression. A non-linear regression is obtained 

if the power of different independent variables, Xn, is not equal to 1. In hydrology, it is an important 

statistical technique because most of the correlations between different variables are non-linear. 

The general form of polynomial regression can be shown as follows: 

 

𝑌 = 𝑏 + 𝑏 𝑋 + 𝑏 𝑋 + 𝑏 𝑋 + ⋯ + 𝑏 𝑋                                        (2.15) 

 

Polynomial regression also uses the least-square method to find the most suitable coefficients of a 

and b. The processes of finding the coefficients of independent variables and interception are 
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similar to multiple linear regression, the only difference being the degrees of independent 

variables. 

 

2.6.4 Stepwise Regression 
 
Stepwise regression is another statistical technique that can be used for developing a prediction 

equation relating a dependent variable to one or more predictor variables (Mc-Cuen et al. 1979). 

Even though it is a type of multiple regression analysis, it differs on the fact that the stepwise 

regression uses statistical criteria for selecting which of the available predictor variable will be 

included in the final regression equation; in contrast, multiple regression analysis includes all the 

available variables in the equation.  This approach is probably the best way to pick the correct 

predictors for a system (Wang et al., 2009).  

 

This regression analysis starts with no candidate variable in the model. Variables are then added 

one by one at each iteration according to their level of significance in the analysis. At each step, 

the p-value of an F-statistic is computed to test the new regression models. If any predictor, not in 

the model, has p-values less than a specific value (say 0.05) then that predictor is added to the 

model. If the p-value of the predictor is greater than the threshold (0.05) then that predictor is not 

included in the analysis. At the first step, the prediction is equal to the sample mean of the 

predictand (𝑦) as shown in the following equation: 

𝑦 = 𝑏                                                                     (2.16) 

 

Candidate variables are then added to it one at a time, and if there are N variables, N equations 

need to be constructed and tested. Consequently, the predictor with the best linear regression 

among the candidate predictors is then chosen, which satisfies the level of significance, coefficient 

of determination (R2), and the largest F ratio. At this stage of the screening procedure, the 

prediction equation becomes:   

𝑦 = 𝑏 + 𝑏 𝑥                                                           (2.17) 

 

𝑥  is the predictor which meets those criteria. 
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The remaining (N-1) candidate variables are then added to the above equation to determine the 

next best predictor applying the same criteria as described in the previous step. The procedure is 

then recognized as the next best predictor (𝑥 ) and added to the model as follows: 

 

𝑦 = 𝑏 + 𝑏 𝑥 + 𝑏 𝑥                                                      (2.18) 

 

All the subsequent steps follow this pattern until all predictors are tested. As one candidate variable 

is added to the previous equation each time, all regression coefficients and the intercepts term 

change.  

 

Stepwise regression is very popular among researchers so that they can choose the best predictors 

among the large predictor data set. Sittichok et al. (2014), and Gado Djibo et al. (2015)  applied 

this method to screen potential predictors for the development of rainfall forecast models. 

 
 
2.6.5 Multi-modeling technique and Bayesian Model Averaging (BMA) 
 

Multi-modeling is a technique to join the results of individual models into a robust one. Different 

models have different strengths in capturing different hydraulic aspects. Relying on a single model 

can lead to a faulty prediction of an event. Due to the incomplete representation of processes in 

the models, predictions from a single model often lead to bias of the forecast (Zhu et al., 2013). 

Georgakakos et al. (2004) stated that combining simulations from multiple models may better 

account for uncertainties in physical processes and model structure. This has motivated several 

researchers to adopt a multi-model ensemble method.  

 

Various multi-modeling techniques have been developed to improve the streamflow and water 

level predictions (Georgakakos et al. 2004; Ajami et al. 2006; Duan et al. 2006). There are several 

methods available to combine results, among them the notables are: Simple model average by 

Georgakakos et al. (2004), Weighted average method (WAM) by  Shamseldin et al. (1997), Multi-

model super-ensemble (MMSE) by Krishnamurti et al. (2000), Bayesian model averaging (BMA) 

by Hoeting et al. (1999). 
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Ajami et al. (2005) applied the multi-modeling approach on five basins of the Arkansas Red river 

basin. They combined the simulation output of seven hydrological models such as SWAT, SAC-

SMA, NOAH Land Surface Model, HRCDHM, HL-RMS, TOPNET, and WATFLOOD. They 

combined the simulations with multimode techniques: SMA, MMSE, Modified Multi-Model 

Super Ensemble (M3SE) and the WAM. This study revealed that the multi-model predictions 

obtained from single model predictions are generally better than any single member model 

predictions. They suggested that at least four models be included for the methods. Although the 

study reveals that multi-model prediction is better than the single model, however, it was not able 

to identify the strength of individual models to be given priority during the combination. BMA 

overcomes this deficiency by weighing a model by its performance and likelihood of predicting 

the observation, resulting in a probabilistic forecast. BMA is a statistical methodology that aims 

to combine inference and predictions of several different models and to jointly assess their 

productive uncertainty. Various case studies show that BMA can produce more reliable predictions 

than other multi-model methods (Raftery et al., 2003, 2005; Duan et al., 2007; Vrugt and Robinson, 

2007). 

 

Beckers et al. (2015) applied BMA to a set of water-level forecast models used in the Flood 

Forecasting and Warning System for Rhine and Meuse rivers (FEWS NL). Four meteorological 

models were combined with both a hydrological model (HBV) and a combination of hydrological-

hydraulic models (HBV/SOBEK) to produce eight competing model forecasts. An additional 

forecast was obtained using a statistical model called Lobith. HBV discharges were translated into 

water level values using an empirical water-level discharge relationship. It was found that BMA 

is a promising method to produce a calibrated probabilistic forecast from a collection of competing 

forecast models. 

 

This study makes use of BMA to combine the water levels and discharge time series simulated by 

2D hydraulic models. It is believed that the method will increase the predictive performance of the 

combined result. Nobody previously applied this method in that area. As it is known that elevation 

data is an important source of error and can propagate into the result; consequently, results from 

several models with different elevation sources can remove the bias and improve the accuracy. 
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The weight of the individual model will be determined and will be applied to see if we can apply 

the weight for future prediction.  

 

2.6.6 The theoretical background of BMA 

 

Let y be the forecasted and 𝐷 = 𝑦 , 𝑦 … … . . 𝑦  to be the training data with length T. Let 

K models be denoted by 𝑓 = [𝑓 , 𝑓 , 𝑓 , … … , 𝑓 ]. Based on the observations D, the BMA 

probability density function (pdf) of y is given by:  

 

𝑝(𝑦|𝐷) = ∑ 𝑝(𝑓 |𝐷) .  𝑝 (𝑦|𝑓 , 𝐷)                                             (2.19) 

 

Where, 

 

𝑝(𝑦|𝐷) is the pdf of BMA of y given data D. 

 

𝑝(𝑓 |𝐷)is the posterior probability of model prediction 𝑓  given the observational data D, 

also known as BMA weight 𝑤 . 

  

𝑝 (𝑦|𝑓 , 𝐷) is the conditional probability density function (pdf) of y on the condition on 

the model prediction 𝑓  and observational data set D.  

 

If we denote 𝑤 = 𝑝(𝑓 |𝐷), the sum of 𝑤  equal to 1 i.e. ∑ 𝑤 = 1 .    

 

So, 𝑝(𝑦|𝐷) can be written in the following form: 

 

𝑝(𝑦|𝐷 ) = ∑ 𝑤  .  𝑝 (𝑦|𝑓 , 𝐷)                                         (2.20)                 

 

The mean and variance of the BMA prediction can be expressed as:  

 

Mean of BMA: 
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𝐸[𝑦|𝐷] = ∑ 𝑝(𝑓 |𝐷) .  𝐸[𝑝 (𝑦|𝑓 , 𝐷)] = ∑ 𝑤 𝑓                        (2.21)   

 

Variance of BMA: 

 

𝑉𝑎𝑟[𝑦|𝐷] = ∑ 𝑤 (𝑓 − ∑ 𝑤 𝑓 ) + ∑ 𝑤 𝜎                        (2.22) 

      

Where, 𝜎  is the variance of y with respect to models 𝑓  and data D. 

 

The successful implementation of the BMA requires estimates of the weights, 𝑤  and standard 

deviations, 𝜎  of the conditional pdfs of the ensemble members. Their values can be estimated 

through the maximum likelihood method (Raftery et al. 2005). 

 

Let,  𝜃 = {𝑤 , 𝜎 ,   𝑘 = 1, … 𝐾} 

 

The logarithmic likelihood function can be approximated as follows: 

 

𝑙(𝜃) = ∑ 𝑙𝑜𝑔 ∑ 𝑤  .  𝑝 (𝑦|𝑓 , 𝐷)                                         (2.23) 

 

Equation (2.23) cannot be solved analytically for 𝜃. The BMA weights can be calculated by two 

approaches, such as the Markov Chain Monte Carlo (MCMC) (Vrugt et al. 2008) algorithm and 

Expectation-Maximization (EM) (McLachlan and Krishnan, 1997) algorithm. We applied the EM 

algorithm, as recommended by Raftery et al. (2005), to get the optimum value of 𝜃. 

 

2.7  Improved boundary condition  

 

Boundary conditions are a required component of hydrodynamic models. There are two types of 

boundary conditions in a hydraulic model. One is the inlet boundary where discharge is prescribed. 

Another is the outlet boundary where water level or stage-discharge curve is prescribed. 

Uncertainty can result from inappropriate boundary conditions. The uncertainties in the boundary 

conditions are very often neglected (Pappenberger et al., 2006). The dominant part of the discharge 

at the inlet boundary in our model is coming from observations and considered as error-free.  
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In this thesis, a rating curve was prescribed at the downstream boundary of all hydrodynamic 

models. As the study area is dominated by the hysteresis effect, a looped rating curve is 

characterized and prescribed at the downstream boundary. The two methods used to derive the 

looped rating curves are described in the following section: 

 

2.7.1 The Jones formula 

 

The Jones formula (Jones, 1916) is the best-known formula for loop rating curve derivation. 

Herschy (1995) suggests using the Jones formula for correcting the steady-state rating curve when 

loop flow is present and significant.  

 

Jones (1915) used the following equation for loop flow computation: 

 

𝑄 = 𝑄 1 +
/

                                                (2.24) 

 

In which, 𝑄  is single rating discharge, can be obtained from the single rating curve, 𝑆  the mean 

slope of the stream and 𝑐 the kinematic wave speed, 𝜕ℎ/𝜕𝑡 rate of change of stage. 

 

𝑄  can be approximated by the following power-law function (Herschy, 1978; Dymond and 

Christian, 1982; ISO, 1998): 

 

𝑄 = 𝑎(ℎ − 𝑏)                                                   (2.25) 

 

Petersen-Øverleir (2006) simplified the loop rating equation in the following way: 

𝑄 = 𝑎(ℎ − 𝑏) 1 + 𝜃(ℎ − 𝑏)
/

                            (2.26) 

 

where 𝜃 =
( )

( )
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𝐾 conveyance factor, M friction law exponent (~2/3), N channel-shape parameter (~0-1),  𝑎 and 𝑐 

are rating curve constants and can be estimated from a steady rating curve analysis, 𝑏 is the water 

level corresponds to zero discharge 

 

2.7.2 Dimensionless form of Q and WL 

 

Mishra and Seth (1998) stated that hysteresis is represented by dimensionless quantity derived 

from stage and discharge values. The equations used to transform discharges and water levels into 

their dimensionless forms are given in the following section. 

 

Observed water levels for each of the year are transformed into a scale of 0-1 by using the 

following formulae: 

 

(𝐻 ) =                                                         (2.27) 

 

In which, 𝐻  is scaled water level, 𝐻 is the observed water level, 𝐻  is the minimum and 𝐻  

is the maximum water level, 𝑖 is the ith data of the respective year. 

  

Observed discharge for each of the year is transformed into scale by using the following formulae: 

(𝑄 ) =                                                              (2.28) 

 

In which, 𝑄  is scaled discharge, 𝑄 is observed discharge, 𝑄  is the maximum discharge, 𝑖 is 

the ith data of the respective year, 𝑄  is the discharge obtained from a single static rating curve.  

 

The scaled values can be used to obtain the loop rating curve with the following equation: 

 

𝑊𝐿 = (𝐻 ) ∗ (𝐻 − 𝐻 ) + 𝐻                             (2.29) 

 

𝑄 = (𝑄 ) ∗ 𝑄 + 𝑄                                           (2.30) 
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in which 𝑄  and 𝑊𝐿  are discharge and water level of loop rating curve, respectively. The 

other terms are described in the previous section. 

 

2.8 Performance assessment for discharge and water level simulation 
 

Models performance can be evaluated with various techniques as described in the flowing sections 

 

2.8.1 Pearson correlation coefficient  
 

Pearson correlation coefficient (r) is the ration of the sample covariance to the product of the 

standard deviations of the observed and simulated values (Wilks, 2011). The coefficient of 

determination (R2) is the square value of the Pearson correlation coefficient.  The general form of 

the equation for the correlation coefficient is given below: 

 

r =
∑ ( ̅)( )

∑ ( ̅) ∑ ( )
                                                   (2.31) 

 
Here, x represents the simulated, and y the observed value of a variable. �̅� and 𝑦 are the averages 

of the simulated and observed values, respectively. 

 

Wilks, (2011) stated two disadvantages of the Pearson correlation coefficient- 1) it is not robust, 

2) not resistant. It is not robust because strong but nonlinear relationships between the variables 

may not be recognized. It is not resistant since it can be very sensitive to one or a few outliers.  

 

The value of the coefficient ranges from -1 (for perfect negative correlation) to +1 (for perfect 

positive correlation). Thus, for any given sample size, the closer the coefficient is to +-1, the 

stronger the linear relationship. On the other hand, as the value approaches 0, the relationship 

between the variables become weaker.  

 
Mc-Cuen et al. (1979) suggested not to use the correlation coefficient alone because it may 

sometimes give misleading results. When the total variation is relatively high, then both the 
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numerator and error can be relatively high. This results in a high “r” but, at the same time, the 

average error might be quite large.  

 

2.8.2 Root-mean-squared-error (RMSE) 
 

The root-mean-square-error (RMSE) is another widely used criterion for model performance, 

which is often applied to hydrological and hydrodynamical models (e.g., Kim et al., 2012; Neal et 

al., 2012). It indicates the average error in the model predictions and is calculated as follows: 

𝑅𝑀𝑆𝐸 =
∑ ( )

                                                     (2.32) 

 

While the RMSE indicates a model’s overall performance, it says little about its ability to 

accurately simulate peak flows, which are an important indicator for floods. 

 

RMSE is always non-negative, and a value of 0 (seldom achieved in practice) would indicate a 

perfect fit to the data. In general, a lower RMSE is better than a higher one. However, comparisons 

across different types of data would be invalid because the measure is dependent on the scale of 

the numbers used. 

 

2.8.3 Relative error  
 

The relative error is calculated as follows: 

𝑅𝐸 = ∑
( )

                                                        (2.33) 

 

Here, x represents the simulated, and y the observed value of a variable.  and  are the averages 

of the simulated and observed values, respectively. n is the number of observations.  

 
 
2.8.4 Nash-Sutcliffe coefficients  
 

The Nash-Sutcliffe coefficient (NS), proposed by Nash & Sutcliffe (1970), compares the modeled 

output to the observed data. NS can be determined by computing the ratio of the sum of square 
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error of observations and predictions, and variance of the observations. This ratio is subtracted 

from 1 to get the NS coefficient.  NS is expressed in the following equation:  

 

𝑁𝑆 = 1 −
∑ ( )

∑ ( )
                                                     (2.34) 

where x represents the simulated, and y the observed value of a variable. �̅� and 𝑦 are the averages 

of the simulated and observed values, respectively. 

 

The range for NS can vary between -∞ and 1, where: NS = 1 corresponds to a perfect match 

between simulated and observed data; NS = 0 means that the model‘s predictions are as accurate 

as the mean of the observed data; and NS < 0 indicates that the mean value of the observed time 

series would have been a better predictor than the model, which indicates unacceptable 

performance (Wang et al. 2009). Though NS is widely used for evaluating model performance, 

however, there are limitations as pointed out by Legates and McCabe (1999).  The limitations are 

because the differences between the observed and simulated values are calculated as squared 

values. As a result, there is an over-estimation of larger values in a time series, and lower values 

are neglected.  

 

Lian et al. (2007) evaluated a model as “good” if the NS value is above 0.75 and “satisfactory” if 

the value lies between 0.36 and 0.75. Bredesen and Brown (2019) used intervels of NS as 

performance rating as follows; 0.75 < NS < 1 is a “very good” performance rating, 0.65 < NS < 

0.75 is a “good” performance rating, 0.50 < NS < 0.65 is a “satisfactory” performance rating, and 

NS < 0.50 is an “unsatisfactory” performance rating. 

 

2.9 Performance assessment for inundation extent 
 

Model skills can be evaluated by comparing simulated inundation extent with the observed by 

adopting several fit measures (Taylor, 1977 and Gallien et al. 2011). The measures used in this 

purpose are Agreement fit measures, Under-prediction measures, and Over-prediction measures. 

A brief description of the methods is given in the following paragraph. 
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2.9.1 Agreement fit measures 
 

Agreement fit measures (𝐹 ) represents the intersection of predicted and observed flood extents 

divided by the union of the predicted and observed flood extent. 𝐹  is expressed by the following 

equation: 

𝐹 =
∩

∪
                                                                 (2.35)                                                                                  

where EO and EP are the observed and predicted flood extents, respectively. 𝐸 ∩ 𝐸  is the 

intersection between EO and EP. 𝐸 ∪ 𝐸 is the union between EO and EP. FA values of zero and 

unity correspond to no agreement and complete agreement, respectively.  

 

2.9.2 Under-prediction measures 
 
Under-prediction measures (𝐹 ) the fraction of flooded area observed, but not predicted and is 

expressed as follows, 

𝐹 =
∩

∪
                                                          (2.35) 

𝐹  values of 0 and 1 correspond to no under-prediction and complete under-prediction, 

respectively.  

 

2.9.3 Over-prediction measures 
 

Over-prediction measures (𝐹 ) the fraction of flooded area predicted but not observed and 

expressed as follows: 

𝐹 =
∩

∪
                                                         (2.36) 

Where 𝐹  values of 0 and 1 correspond to no over-prediction and complete over-prediction, 

respectively.  

 

Superior models will maximize the 𝐹  while minimizing both 𝐹  and 𝐹 . 
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2.10 Concluding remarks of the literature review 

 

There were several efforts (Dadson et al., 2010; Haag, 2015; Neal et al., 2012; Zsufa et al., 2013) 

to model the hydrodynamics of the IND. Among the studies, most notable is the study conducted 

by Neal et al. (2012). They applied LISFLOOD-FP for modeling the variables in IND. Although 

the model predicts discharge correctly, however, it was not able to simulate water level and 

inundation extent of the area with substantial accuracy. Although the author mentioned that the 

elevation data was the barrier to not to produce good prediction, another cause may be the finite 

difference method that was used to solve the shallow water equation with about 1.0km rectangular 

grid, that was too coarse for floodplain modeling. 

 

A fine resolution, full 2D hydrodynamic model which can simulate the flow dynamics of the IND 

properly, is still absent. The present study is an endeavor to model the area with sophisticated 

modeling techniques. It is known that hydraulic model equipped with finite element solution in 

unstructured grid is less sensitive to terrain input and can account for the variation the geometry 

in the channel and over the floodplain (Cook and Merwade,2009). TELEMAC 2D is equipped 

with sophisticated numerical schemes, and it solvest the systems of equations with finite element 

methods in an unstructured grid. Sanyal et al. (2014) found that the TELEMAC-2D is more 

suitable than LISFLOOD-FP model for simulating extensive floodplain inundation in a data-scarce 

region.  

 

Based on the fact that 2D models are appropriate for a flood plain modeling and process 

representation can better be done with finite element method with unstructured grid, we choose to 

apply TELEMAC 2D. No modeling was conducted in the study area with this model. 

 

Ogilvie et al. (2015) conducted a flood mapping of the IND based on satellite images. They 

recommended using the satellite-based inundation extent maps for set up and calibration of 

hydrodynamic model. The study makes use of satellite-derived inundation maps to set up, 

calibration, and validation purposes.  
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Multimodeling techniques such as BMA will be applied to improve the simulation results. 

Georgakakos et al. (2004) stated that combining simulations from multiple models may better 

account for uncertainties in physical processes and model structure.  

 

Pappenberger et al. (2006) mentioned that uncertainty could be generated from the boundary 

conditions, and the uncertainties in the boundary conditions are very often neglected. The study 

will also focus on improving the simulation by including loop rating curve.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

45 
 

  

Study area and study material 

3.1 Study area  
 
The Inner Niger Delta, Mali, West Africa, has been selected as the study area of this research work. 

The IND is situated in a semi-arid region in the Sahelian zone (a broad semiarid belt, extending 

from the Atlantic Ocean to Sudan, averaging about 350 km wide). The Inner Niger delta is formed 

by the braiding channel system of the Niger River and its tributaries. The catchment of the IND is 

the Upper Niger Basin (UNB). Both the IND and UNB are part of the Niger River basin. The Niger 

River, the third-longest river (about 4200km long) in Africa, originates at the mountains in Guinea 

and Sierra Leone, flows towards UNB and IND, then heads south-east direction to Niger and 

Nigeria and finally flows into the Atlantic Ocean in coastal Nigeria. Two model domains are 

considered in this research work. The content of Chapter 5 and Chapter 6 are based on the model 

area corresponds to Fig. 3.1(c). In Chapter 7, the model domain that is considered is shown in Fig. 

3.1(d), which has a larger area than the previous one.  
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  (c)                       (d) 

Fig. 3.1: (a) Study area in the context of Sahelian zone (source: CILSS, 2016); and (b) Study area 

within the countries in the West Africa; (c) model domain used in Chapter 5 and Chapter 6; (d) 

model domain used in Chapter 7. 

 
3.2 Ecological importance of IND 
 
 

The IND is a river-dependent ecosystem. The ecosystem service and natural resources depend on 

the magnitudes of the flow coming from upstream catchment through the Niger and the Bani 

Rivers. The river water is vital to the livelihoods of the surrounding riparian population, where 

individuals gain advantage for their economy from the flood caused by these rivers. These major 

economic activities include fishing, floating rice (Oryza glaberrima), rainfed millet on the fringes 

of the flooded fields, as well as Bourgou (Echinochloa stagnina) and other forage for which big 

seasonal migrations are carried out by livestock herders (Ogilvie et al., 2010). The IND has been 

designated as wetlands of International Importance (Ramsar Sites) in 2014 because of its important 

biodiversity.    
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3.3 Hydrology of IND 
 

The Inner Niger Delta's primary source of water is the Niger and the Bani Rivers water flow, which 

in turn depends on the precipitation of the Upper Niger Basin. The July-August rainfall in this 

region is a useful measure of the Inner Niger Delta flooding in September-October. The Inner 

Niger Delta experiences flood dynamics between July and December. The water level may rise 4-

6m during the rising flood and declines the same in receding flood. Most of the water flowing in 

IND comes from a very humid region in Guinea, which is situated in 600-900 km upstream. The 

headwater's annual rainfall can go up to 1750mm. However, in IND, the average annual rainfall 

varies between 200 mm per year at the downstream and 500mm per year at the upstream. Local 

rainfall is too limited to influence the flood height. The spatial repartition of annual rainfall in the 

upper Niger basin is shown in Fig. 3.2. 

 

 
 
Fig. 3.2: Annual rainfall (mm per year) in the basin of the Upper Niger (Zwarts et al. 2005) 
 
 

Evaporation has an immediate impact on the water balance of IND. The comparison between the 

inflow of the Niger and the Bani and the outflow into the Inner Niger Delta shows a large 

difference, which may be attributed to water loss due to evaporation (Mahé et al. 2009). 

Evaporation varies between 160 and 240 mm per month, depending on temperature and sunshine, 

with an average of 200 mm per month. Ogilvie et al. (2015) found evaporation rates between 4.0 

mm per day and 7.0 mm per day over the year 2008–2009.  
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Fig. 3.3: Comparison of yearly accumulated inflow and outflow from IND 
 

Yearly accumulated flow into IND resulting from the combined flow of the Niger and the Bani 

through KeMacina and Sofara is compared with the yearly outflow from IND through Dire in Fig. 

3.3. The yearly average loss of water over the period 1980-2015 is about 10.14 km3 out of average 

yearly inflow of 32.71 km3, which corresponds to a loss of 31% of the total inflow. As can be seen 

in Fig. 3.3, the loss is not constant and varies over the years. The variation depends on the amount 

of water enters into IND through KeMacina and Sofara. The more water enters and spread into 

IND, the more the losses due to evaporation and infiltration. This amount of loss has a substantial 

impact on the water balance and should be accounted for during water resources analysis. 

 

3.4 Available data 
 
3.4.1 Discharge and water level data 

 

Water level and discharge at Ké-Macina, Mopti, Akka, and Diré from 1990 to 2016, as well as a 

rating curve at Diré,  were obtained from the Malian hydrometric services (Direction Nationale de 

l’Hydraulique, DNH). Fig. 3.4(a) shows the observed hydrographs at Ké-Macina, Mopti, Akka, 

and Diré from July 2001 to February 2002 and Fig. 3.4(b) shows a series of hydrographs at Dire 

representing driest (1984-85) to wettest year (1994-1995). Ke-Macina and Akka are located along 

the Niger River, while Mopti is at the confluence of the Niger and Bani rivers. The hydrographs 
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at Ké-Macina and Mopti represent water entering the IND, while the hydrograph at Diré represents 

water leaving the IND. 

 

 

(a) 

 

 

(b) 

Fig. 3.4: (a) hydrographs at Ké-Macina, Mopti, Akka, and Diré from July 2001 to February 2002; 

(b) series of hydrograph showing driest (1984-85) to wettest year (1994-95). 
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3.4.2 Global digital elevation models 

 

Two sets of global digital elevations were used for the study. One of them is the Shuttle Radar 

Topography Mission (SRTM) elevation data, which was downloaded from 

https://earthexplorer.usgs.gov/.  SRTM data is available at a resolution of one arc-second (~30 m) 

for the study area. The other one is the DEM Multi-Error-Removed Improved-Terrain, MERIT 

DEM (Yamazaki et al., 2017), which is available at about 90m  resolution and can be downloaded 

from http://hydro.iis.u-tokyo.ac.jp/~yamadai/MERIT_DEM/.  

 

3.4.3 Available Satellite Imagery 

 

In the absence of direct monitoring of inundation extent, remote sensing data is used to derive the 

flood situation of events. Landsat and MODIS images are the two sources from where data can be 

downloaded freely and processed to obtain water extent. Zwarts et al., (2005) processed Landsat 

5 TM images captured on 24 different dates spanning from 1984 to 2003 and derive 24 water 

extent maps for the study area. Our study makes use of these water extent maps for model setup 

and calibration purposes and obtained from the Wetlands International, Mali Office. The images 

provide evidence of the minimal and maximal extents of inundation areas along with known water 

levels at Mopti, Akka, and Diré. Inundation extent obtained on July 28, 2001, and October 16, 

2001 from the images are shown in Fig. 3.5.  
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Fig. 3.5: Satellite Images of inundation extents of the Delta on July 28, 2001 (left) and October 16, 

2001 (right) (Source: Zwarts, et al., 2005) 

To validate the simulated inundation extent, a series of Landsat 7 ETM and MODIS images were 

processed to derive the inundation extent. A summary of satellite data usage is given in Table 3.1. 

Table 3.1: Satellite images used for calibration and validation 

 

Image source/ Name Satellite Path/row Purpose Date Captured Resolution 

Several images from Zwart et 

al. (2005) 

Landsat 5 

TM 

197/49 

and 

197/50 

Model setup, 

Calibration  

1984 to 2003 30m 

LE07_197049_20080901 

LE07_197050_20080901 

LE07_197049_20081104 

LE07_197050_20081104 

LE07_197049_20090224 

LE07_197050_20090224 

Landsat 7 

ETM 

197/49 

and 

197/50 

Model 

validation 

01 Sep 2008 

04 Nov 2008 

24 Feb 2009 

30m 
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MOD09A1.A2008241 

MOD09A1.A2008281 

MOD09A1.A2009017 

MODIS - Model 

validation 

28 Aug 2008 

07 Oct 2008 

17 Jan 2009 

500m 

MOD09A1.A2010273 MODIS - Validation  30 Sep 2010 500m 

MOD09A1.A2010321   of 17 Nov 2010  

MOD09A1.A2010337   Inundation  03 Dec 2010  

MOD09A1.A2010353   curve 19 Dec 2010  

MOD09A1.A2011001    01 Jan 2011  

MOD09A1.A2011033    02 Feb 2011  

MOD09A1.A2011057    26 Feb 2011  

MOD09A1.A2005305    01 Nov 2005  

MOD09A1.A2005337    03 Dec 2005  

MOD09A1.A2005353    19 Dec 2005  

MOD09A1.A2006041    10 Feb 2006  

*The author processed the images described in 2nd, 3rd and 4th rows 
 
 
3.4.4 Rainfall-runoff modeling 

 

A calibrated hydrological model, Soil Water Assessment Tools (SWAT), is used to generate lateral 

flows that end up in the IND and that are not captured by existing stream gauges. The SWAT 

model was run with observed climate data, and the discharge from surrounding watersheds was 

assumed to enter the area where the main channel crosses the boundary of the study area (Fig. 3.6). 
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Fig. 3.6: Study area at the domain of the SWAT model (Source: Seidou, 2019) 

 
3.4.5 USGS Land Use/ Land Cover data 
 
The study used USGS Land Use/Land Cover data (Loveland et al., 2000) to get land use 

information of the study area, which was subsequently used to derive floodplain friction of the 

study area. The data was downloaded from https://earthexplorer.usgs.gov/. They are based 

primarily on the unsupervised classification of 1-km AVHRR (Advanced Very High-Resolution 

Radiometer) 10-day NDVI (Normalized Difference Vegetation Index ) composites (Loveland et 

al. 2000). The area comprises 19 land classifications, which are linked to the Manning roughness 

coefficient as described by Asante et al. (2008). Fig. 3.7(a) displays the land use map of the study 

areas and Fig. 3.7(b) shows the distributed Manning’s roughness coefficient at the IND’s 

floodplain. 
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Fig. 3.7: The land use map of the study area (a); Manning’s coefficient at the floodplain (b). 
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Improving the Accuracy of Hydrodynamic Simulations in Data Scarce Environments using 

Bayesian Model Averaging: a Case Study of the Inner Niger Delta, Mali, West Africa1  

 

Abstract 

 

The study area is the Inner Niger Delta, Mali, West Africa. The area is facing environmental 

challenges due to altered flow regimes resulting from climate change, increasing irrigation 

withdrawal, and dam operation on the main river reaches. An accurate understanding of spatial 

and temporal dynamics of inundation extent is needed to govern the water management choices of 

the area.  The study aims to use 2D hydrodynamic modeling to simulate variables such as water 

level, depth, velocity, inundation extent. Three different digital elevations (SRTM, MERIT, and a 

DEM derived from satellite images) were used as source of elevation data for the model. Six 

different models were created with different sources of elevation data and different downstream 

boundary conditions. The simulation results were then combined through Bayesian Model 

Averaging (BMA) to have the best predictions of discharges and water levels.  Despite data 

scarcity, the study develops a hydrodynamic model with 2D finite element TELEMAC-2D model, 

which can simulate the variables with reasonable accuracy. The accuracy of the simulation was 

further increased by combining model configurations using BMA. It was found no matter the 

source of elevation data, all models performed reasonably well (NS>0.8). It was also found that 

models built using MERIT DEM perform slightly better than SRTM in terms of NS coefficient in 

the simulations.  

 

 

Keywords Inner Niger Delta, Uncertainty, TELEMAC 2D, Bayesian Model Averaging 

 

 

                                                 
1 This part has been published as: Haque, M.M., Seidou, O., Mohammadian, A., Djibo, A.G., Liersch, S., Fournet, S., 
Karam, S., Perera, E.D.P., Kleynhans, M. (2019) Improving the Accuracy of Hydrodynamic Simulations in Data 
Scarce Environments Using Bayesian Model Averaging: A Case Study of the Inner Niger Delta, Mali, West Africa. 
Water, 11, 1766. https://doi.org/10.3390/w11091766 
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4.1 Introduction 

 

The Inner Niger Delta (IND) is the second-largest wetland in Africa, and its maximum inundated 

area can exceed 30,000 km2 during wet years (Zwarts and Frerotte, 2012). Its main water sources 

are the Niger and Bani Rivers, which enter the study area at Ké-Macina and Sofara, respectively, 

flowing through the Delta over several hundred kilometers, before both exit at Diré (Fig. 4.1). The 

maximum inundation area shrinks to around 10,000 km2 in dry years (Zwarts et al, 2005) under 

the combined impacts of climate variability, irrigation withdrawals, and dam operation. The IND 

faces many environmental challenges due to upstream water interventions on the river system, as 

well as high precipitation variability. 

 

 

Fig. 4.1: Location map of the study area, the Inner Niger Delta, Mali, West Africa. 
 

The IND is considered as a hub of human activities, including agriculture, fishing, transport, and 

tourism. The Delta plays an important role in promoting sustainable development for food security, 

water management, and the environment. Some upstream dams and irrigation structures are 

already in place, while more are at the planning stage. The infrastructures aim to increase economic 

development and food security. However, damming a river often implies a transfer of benefits 

from the downstream to the upstream regions. Thus, damming the main course or branches of the 

Niger River can impact on food security, ecology, and the environment as a whole by altering flow 

and inundation patterns. The operation of existing dams, such as Sélingué, Markala, and Talo has 

already modified flow patterns in the Delta, and planned dams, such as Fomi and Djenné, may 
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exacerbate the changes. Fig. 4.2 shows the location of existing and planned dams/reservoirs 

upstream of IND. Zwarts and Frerotte (2012) have shown that on average, 9% of the total flood 

extent area has been lost due to the effects of the Selingue and Markala dams. Liersch et al. (2019) 

anticipated an average reduction of 24% flood extent compared to the natural condition due to the 

combined effect of existing and planned water infrastructures in the watershed. The situation may 

get worse due to increased evaporation as a result of global warming (CDKN, 2014). However, 

changes in precipitation are uncertain (USAID, undated) where some models project a wetter, and 

others a drier future in the Upper Niger basin (Liersch et al., 2019). A lower flow rate, in 

combination with a smaller flood plain, will most probably affect crop yields, fisheries, livestock, 

biodiversity, and environmental flow. To understand the possible impacts of these future changes 

on ecosystems and livelihoods, a realistic simulation of water levels, flow velocity, and 

inundations is required.  

 

Fig. 4.2: Hydrodynamic model domain, along with dams and reservoirs in the Upper Niger basin. 
 
Concerns about the hydrologic regime alterations in the watershed have triggered interest in 

ecosystem services and environmental health, especially in the IND area. The evaluation of 

ecosystem health requires the knowledge of relevant hydraulics parameters under altered flow 

scenarios. Such knowledge can only be achieved using hydrodynamic modeling. Unfortunately, 

previous attempts to develop a hydrodynamic model of the IND were only partially successful. 

For instance, Neal et al. (2012) applied LISFLOOD-FP (Bates and Rao, 2000), a raster-based sub-

grid model, but model results were affected by the low-resolution (about 1 km) structured grid and 

simplified assumptions about the solution of the St. Venant equation. Dadson et al. (2010) applied 

a one-dimensional model with 25 km grids, and presented the inundation as a fraction of the cells 

(Planning) 
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which did not show the variability of inundation. Haag (2015) applied the D-Flow FM (Kemkamp 

et al, 2011, Deltares 2015), a shallow-water solver based on the finite-volume method on an 

unstructured grid to study the flood in the delta, and ended up having an imperfect simulation of 

water level, where inundation resulted from poor calibration efforts.  

 

This study is an attempt to develop a working hydrodynamic model for the IND in support of 

ecosystems studies in the area. The modeling was done using TELEMAC 2D (Hervouet,2007), a 

finite-element computer program suite that solves shallow-water equations using the finite element 

method. Given the lack of accurate digital elevation models of the study area, two global digital 

elevation models were considered: the Shuttle Radar Topography Mission (SRTM) (NASA JPL, 

2013), and the Multi-Error-Removed Improved-Terrain (MERIT DEM) (Yamazaki et al., 2017). 

However, the elevation accuracy of the DEMs makes their use in hydrodynamic modeling 

challenging. Rodriguez et al. (2006) reported an elevation error (standard deviation) of about 4.68 

m of SRTM DEM in Africa. Yamazaki et al. (2017) reported a relative vertical height error of 

about 2 m of MERIT DEM for 58% of the land mapped by the DEM. A third DEM was therefore 

derived using the waterline method (Cracknell et al, 1987; Ramsay, 1995;Mason et al 1998).  

 

Downstream boundary conditions were imposed by prescribing rating curves either in the form of 

discharge as a function of water level or water level as a function of discharge. Inflows in the 

domain were a combination of measurements and simulations using a Soil Water Assessment 

Tools (SWAT) hydrological model (Arnold et al. 1998) of the Upper Niger Basin. The 

combination of all available DEMs and downstream conditions led to a total of six models with 

different performances in simulating discharges, water levels, and inundation extents. Bayesian 

Model Averaging (BMA) (Hoeting et al, 1999) was used to combine the outputs of these six 

models to get improved results and identify the best individual models that could be used to 

simulate water levels and discharges with relatively high performance. 

 

The paper is organized as follows: Section 1 contains the background and objective of the study; 

Section 2 presents the materials and methods, which includes available data, topographic data 

derivation, river network, bathymetric data, floodplain friction, adjustment of the elevation of 

SRTM and MERIT DEM, model setup, model calibration, and the theory of BMA; Section 3 deals 
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with calibration results, BMA prediction, validation results, inundation extent, and performance 

of global DEMs; and finally, some concluding remarks complete the study. 

 

4.2 Materials and Methods 
 
4.2.1 Available Data 
 
4.2.1.1 Discharge and Water Level 
 
Water levels and discharge at Ké-Macina, Sofara, Mopti, Akka, and Diré, as well as a rating curve 

at Diré were obtained from the Malian hydrometric services (Direction Nationale de 

l’Hydraulique, DNH). Water level data have been referenced to Institut national de l’information’s 

(IGN) datum. Water entered into the study area at KeMacina and Sofara through the Niger and 

Bani rivers, respectively. Mopti is located downstream of the confluence of the Bani and Niger 

rivers. Akka is situated almost at the middle of the study area, along the Niger River. Water drains 

the system at Dire station.  

 

4.2.1.2 Topographic Data Sources 
 

The SRTM DEM has been available at a resolution of one arc-second (about 30 m) since 2014. It 

is a widely used DEM: Biancamaria et al. (2009), Neal et al. (2012) and Schumann et al. (2014) 

used SRTM gridded data for hydraulic modeling of the Ob in western Siberia, the Scioto River in 

the eastern U.S., and the Niger River (Inner Niger Delta) in Mali, respectively. The SRTM 

elevation data used in this study were downloaded from https://earthexplorer.usgs.gov/. 

 

The MERIT DEM is available at three arc-sec resolutions (about 90 m), and was derived from 

SRTM and AW3D-30 m (JAXA, 2018) by removing multiple error components, such as absolute 

bias, stripe noise, speckle noise, and tree height bias (Yamazaki et al., 2017). The MERIT DEM 

was used by Hawker et al. (2018) and Archer et al. (2018) for the flood modeling study of the Ba 

catchment, Fiji. The MERIT DEM was downloaded from http://hydro.iis.u-

tokyo.ac.jp/~yamadai/MERIT_DEM/. 

 

 



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

60 
 

4.2.1.3 DEM Derivation Using the Waterline Method 
 

An additional DEM was developed using the waterline method from the combined uses of the 

water extent map derived from Landsat satellite images by Zwart et al. (2005) and water level data 

collected on particular dates. The waterline method involves determining the horizontal position 

of the land–water boundary from a time series of remotely sensed images taken during different 

periods, and then superimposing on this boundary the heights relative to a datum.  

 

The procedure is as follows: 

 Seven inundation extent polygons derived from Landsat satellite images by Zwarts et al. 

(2005) for dates 5 July 1985, 10 June 2001, 8 August 1984, 28 July 2001, 25 October 1984, 

16 October 2001, and 28 November 1999 were selected to represent the range of possible 

water elevations in the Inner Delta. 

 For each of the seven flood inundation maps, water levels at Ké-Macina, Mopti, Akka, and 

Diré were used to calculate the slope of the water surface along principal flow paths 

between Ké-Macina and Akka, between Mopti and Akka, and between Akka and Diré. In 

the absence of additional information, it was further assumed that the water level variation 

between any two stations is linear. 

 A series of orthogonal lines were drawn at 30 m intervals along principal flow paths.  

 It was assumed that water levels along these lines are constant. Therefore, an elevation 

value could be set at the intersection points between water extent polygon and the 

orthogonal lines. 

 At the end of the process, an altitude was estimated for each point within the flood extent 

polygons.  

 Areas outside the larger polygon were populated using SRTM elevation data. 

 GIS was used to interpolate (with Inverse Distance Weighting, IDW)  the elevation data 

inside the study area. 

 

The mean elevation of the Waterline DEM, SRTM, and MERIT DEM were 264.86 m, 267.06 m, 

and 266.77 m, respectively (Fig. 4.3).  
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Fig. 4.3: Digital elevation model derived from the waterline method (left), Shuttle Radar 

Topography Mission (SRTM) (middle), and Multi-Error-Removed Improved-Terrain (MERIT 

DEM) (right). 

 

Difference of DEM are calculated and presented in Fig. 4.4. MERIT exhibits lower elevation at 

the northern part (d/s) of the area than Waterline and SRTM. It also shows lower elevation at the 

most south-western and south-eastern part than compared to Waterline and SRTM respectively. 

The white color represents that the DEM represent same or small variations in the elevation (-0.5 

to-0.5m).  

 

 

DEM of Difference: 
MERIT minus SRTM 

DEM of Difference: 
MERIT minus Waterline 
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Fig. 4.4:: Difference of DEMs  between MERIT, SRTM, and Waterline DEM’s 

 

4.2.1.4 Satellite Imagery 
 

This study makes use of the water extent maps derived from Landsat images by Zwarts et al. 

(2005). Zwarts et al. (2005) processed Landsat 5 TM images captured on 24 different dates 

spanning from 1984 to 2003, and derived 24 water extent maps for the study area. The images 

provide evidence of the water extents of inundation areas, along with known water levels at Mopti, 

Akka, and Diré. The inundation extent obtained from the images on 28 July 2001 and 16 October 

2001 are shown in Fig. 4.5. 

DEM of Difference: 
Waterline minus SRTM 

DEM of Difference: 
Waterline minus MERIT 

DEM of Difference: 
SRTM minus MERIT 

DEM of Difference: 
SRTM minus Waterline 
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Fig. 4.5: Satellite Images of inundation extents of the Delta on 28 July 2001 (left) and 16 
October 2001 (right) (Source: Zwarts, et al., 2005). 
 

To validate the simulated inundation, a series of Moderate Resolution Imaging Spectroradiometer 

(MODIS) images were processed to derive the inundation extent. A summary of the satellite data 

usage is given in Table 4.1. 

 

Table 4.1: Satellite images used in the study. 
 

Image Source/Name Satellite Path/Row Purpose Date Captured Resolution 

Several images from 

Zwart et al. [0] 
Landsat 5 TM 197/49 and 197/50 

Model setup, 

Calibration  
1984 to 2001 30 m 

MOD09A1.A2008241 

MOD09A1.A2008281 

MOD09A1.A2009017 

MODIS - 
Model 

validation 

28 August 2008 

7 October 2008 

17 January 2009 

500 m 

 

We used two spectral indices to separate water pixels from non-water pixels. The indices are the 

Modified Normalized Difference Water Index (MNDWI) (Zu, 2006) and the Normalized 

Difference Moisture Index (NDMI) (Wilson and Sader, 2002). 

 

MNDWI and NDMI indexes are expressed as follows:  

MNDWI =
Green − MIR

Green + MIR
 (4.1) 
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NDMI =
NIR − MIR

NIR + MIR
 (1.2) 

 

For MODIS images, Green, NIR, and MIR represent reflectance from Band 4 (545 nm–565 nm), 

Band 2 (841 nm to 876 nm), and Band 6 (1628 nm to 1652 nm), respectively. The study makes 

use of the finding by Ogilvie et al. (2015) on the threshold value of NDMI and MNDWI. They 

analyzed MODIS images to study the spatial and temporal dynamics of floods across the Niger 

Inner Delta over the period of 2000–2011. Water was classified when the pixel had a threshold 

value of 0.15 for NDMI, and for the MNDWI, classifying pixels above the threshold of −0.34 was 

considered a flooded area.  

 

4.2.2 River Network 
 
The river network was derived from the inundation extent map derived from a Landsat image on 

8 July 1985 by Zwarts et al. (2005). Only major rivers and channels were extracted. Small 

channels, especially at the northern part of the delta, could not be taken into consideration due to 

their haphazard geometry and complex meandering. Fig. 4.6 shows the delineated river network 

used in the model. 

 

Fig. 4.6: River network for the model. 
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4.2.3 Channel Geometry 
 

The bed elevation of river sections at Ké-Macina, Mopti, Akka, and Diré was approximated using 

hydraulic geometry equations proposed by Leopold and Maddock (1953). Hydraulic geometry 

relationships are a series of power laws that relate river width (w), depth (d), and velocity (v) to 

discharge. These functions are: 

𝑤 = 𝑎𝑄  (4.3) 

𝑑 = 𝑐𝑄  (4.4) 

𝑣 = 𝑘𝑄  (4.5) 

 

Here, a, c, and k are coefficients, and b, f, and m are exponents with 𝑏 + 𝑓 + 𝑚 = 1, and  

𝑎 ∗ 𝑐 ∗ 𝑘 = 1.  

 

Empirical values of the hydraulic geometry coefficients and exponents derived by Hey and Thorne 

(1986) for Gravel-Bed Rivers in Britain were used in this study. Hey and Thorne (1986) found that 

a = 3.67, b = 0.45, c = 0.33, and f = 0.35 were a fair representation of hydraulic geometry. The 

same coefficients were used by Neal et al. (2012) in the IND.  

 

Leopold (1994) suggested taking the bankfull discharge for the analysis, as it is related to channel 

morphology. The bankfull discharge is often assumed to be the discharge, with a return period of 

about 1.5 years. Table 4.2 shows the river bed elevation at KeMacina, Mopti, Akka, and Dire. 

Elevations of other points in between the sections were calculated assuming a linear variation 

along the longitudinal direction. It is to be noted here that the coefficients values proposed by Hey 

and Thorne (1986) were used only to get an approximation of the river bed. The bathymetry of 

tributary channels is approximated form the confluence of the channels and Niger river, as the 

elevation of that point is already known, by interpolating the elevation moving upstream along the 

length of the tributary. This derived set of bathymetry data is used for setup the model. The 

bathymetry data of the Niger River was adjusted during calibration and the data of the tributaries 

were changed accordingly. 
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Table 4.2: Bed elevation of the Niger River at Ke-Macina, Mopti, Akka, and Dire. 
 

Monitoring 

Stations 

Bankfull Discharge 

(m3/s) 

Bankfull Stage 

(mIGN) 

Bankfull Depth 

(m) 
Bed Elevation (mIGN) 

KeMacina 3518.00 274.31 5.81 268.50 

Mopti 2340.00 266.42 5.04 261.38 

Akka 1816.00 262.81 4.61 258.20 

Dire 1760.00 261.45 4.56 256.89 

 
4.2.4 Estimation of Inflow at Ungauged Inlets 
 
Observed streamflow time series were available only at two inlets of the hydrodynamic model 

domain, namely Ke-Macina and Sofara. Streamflow at the seven other inlets was generated by 

local precipitation that generate ephemeral streams which ultimately end up in the IND. These 

ungauged inflows were estimated using a SWAT model of the upper Niger and Bani Rivers basins 

developed in a previous project (Seidou, 2019). SWAT is a process-based and spatially semi-

distributed hydrological model. In the SWAT model, the whole watershed is divided into multiple 

sub-basins, and each sub-basin is divided into several Hydrological Responsible Units (HRUs) 

that consist of unique homogeneous combinations of soil, land use, and topographic features in 

each sub-basin (Arnold et al, 2012). The hydrological cycle simulated by the SWAT model is 

based on the water balance equation (Neitsch et al. 2005): 

𝑆𝑊 = 𝑆𝑊 + 𝑅 − 𝑄 − 𝐸 − 𝑊 − 𝑄  (4.6) 

 

where 𝑆𝑊 , 𝑆𝑊  are the final and initial soil water content (mm/d), respectively; t is the time (day); 

𝑅  is the precipitation(mm/d); 𝑄  is the runoff (mm/d); 𝐸  is the evapotranspiration (mm/d); 

𝑊  is the percolation (mm/d); and 𝑄  is the return flow (mm/d). The SWAT model implements 

multiple options for the description of hydrological processes, such as the Soil Conservation 

Service (SCS) curve number method (USDA, 1972) for runoff calculation and the Penman-

Monteith (Monteith, 1965) method for the estimation of potential evapotranspiration. The details 

on SWAT modeling tools can be found from Arnold et al., (1988), Arnold et al. (2012), and Neitsch 

et al. (2005). 
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The SWAT model of the UNB contains 32 sub-watersheds (Fig. 4.7a). The model was calibrated 

and validated using streamflow from 14 hydrometric stations listed in Table 4.3, along with the 

calibration and validation performance. The performance criteria used in the calibration and 

validation process is NS. Sensitivity analysis was performed to select the parameters to use for 

calibration: CN2 (SCS runoff curve number for moisture condition II), RCHRG_DP (Deep aquifer 

percolation fraction), and RES_K (Hydraulic conductivity of the reservoir bottom, mm/hr) which 

were tuned during calibration. The Sequential Uncertainty Fitting program, SUFI-2 (Abbaspour, 

2007) was used for calibration purposes. A detailed description of the model used in this study can 

be found in Seidou (2019) and Maiga (2019). 

 

Table 4.3: Calibration and validation performance of the Soil Water Assessment Tools (SWAT) 

model. 

Monitoring Station Latitude Longitude 
NS at 

Calibration  
NS at Validation  

Kankan 10.38 −9.31 0.65 0.8 

Baro 10.51 −9.72 0.68 0.73 

Kouroussa 10.64 −9.88 0.68 0.78 

Banankoro 11.68 −8.67 0.86 0.9 

Sélingué 11.64 −8.24 0.45 0.64 

Koulikoro 12.85 −7.56 0.87 0.93 

Kirango 13.69 −6.08 0.86 0.82 

Ké-Macina 13.95 −5.36 0.9 0.91 

Bougouni 11.39 −7.45 0.77 0.78 

Pankourou 11.44 −6.58 0.74 0.6 

Douna 13.21 −5.9 0.79 0.9 

Mopti 14.49 −4.21 0.8 0.78 

Akka 15.4 −4.24 0.87 0.84 

Diré 16.27 −3.39 0.9 0.75 

 

The calibrated SWAT model was forced with observed climate data, and the discharge from 

surrounding watersheds was assumed to enter the area where the main channel crosses the 

boundary of the study area (red dots in Fig. 4.7b). Yellow dots in Fig. 4.7b indicates observed 

discharge stations. The formulas used to calculate inflows into the hydrodynamic model domain 

from the SWAT model outputs are provided in Table 4.4. 
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Table 4.4: Inflows into the hydrodynamic model domain from the SWAT model outputs. 
 

Inlet Point Location SWAT Model Subbasin(s) Remarks 

Inlet boundary 1 

(Inlet B. 1) 
Watershed 9 60% of the outflow of watershed 9 

Inlet boundary 2 

(Inlet B. 2) 
Watershed 9 40% of the outflow of watershed 9 

Inlet boundary 4 

(Inlet B. 4) 
Watershed 1 0.2126 * (Inflow of watershed 1-Outflow of watershed 1) 

Inlet boundary 5 

(Inlet B. 5) 
Watershed 2 Outflow of watershed 2 

Inlet boundary 6 

(Inlet B. 6) 
Watershed 1 0.125 * (Inflow of watershed 1-Outflow of watershed 1) 

Inlet boundary 7 

(Inlet B. 7) 
Watershed 3 Outflow of watershed 3 

Inlet boundary 8 

(Inlet B. 8) 
Watershed 6 and watershed 7 Outflow of watershed 6 + Outflow of watershed 7 

* 0.2126 and 0.125 are the fractions of watershed 1 that lie outside the study area in each case. 
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(a) 

 

(b) 

Fig. 4.7: (a) Extent of the SWAT model with calibration stations (Source: Seidou, 2019) and (b) 
locations of the liquid boundaries in the hydrodynamic model. 
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4.2.5 Floodplain Friction 
 
The Manning roughness coefficient was derived from the USGS Global Land Cover 

Characterization (Loveland et al., 2000) database following Asante et al. (2008). Fig. 4.8 shows 

the distributed Manning’s roughness coefficient at the IND. 

 

Fig. 4.8: Manning’s coefficient at the floodplain of Inner Niger Delta (IND). 
 

4.2.6 Hydrodynamic Model Setup 
 
The hydrodynamic modeling was performed using TELEMAC 2D, a hydrodynamic model used 

worldwide. TELEMAC-2D solves the depth-integrated Shallow Water Equations (SWEs) using 

the finite element method on an irregular mesh.  

 

In TELEMAC 2D, the SWE’s are solved using a fractional step method (Marchuk, 1975), whose 

main principle is that the hyperbolic and parabolic parts of the SWE’s should be treated separately. 

The solution comprises two steps: a solution of advection terms, and the solution of the 

propagation, diffusion, and source terms. Several schemes are available for the advection step, 

where the Method of Characteristics has been applied to solve the advection of u and v. The 

Streamline Upwind Petrov-Galerkin (SPUG) method (Brookes and Hughes, 1982) has been 

applied to solve the advection of h in the continuity equation. Variational formulations and space 

discretization transform the continuous equations into a linear triangular element, where the 

dependent variables u, v, and h are expanded using equal order interpolation functions. In the 
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second step, the propagation, diffusion, and source terms are coupled through an implicit time 

scheme, and the resulting linear system is solved with a variant of the conjugate gradient method 

(Bates et al, 1997).  

 

4.2.6.1 Mesh Generation 
 
The entire domain was discretized using a system of irregular triangular elements. In the channel 

mesher, the rivers and channels were discretized separately, and in the combined mesher, the river 

and flood plain were joined together to form a combined mesh. The combined mesh has 220,289 

nodes and 438,716 elements. The smallest length of the elements is about 50 m, and maximum 

length is about 844 m. 

 

4.2.6.2 Model Boundary Conditions 
 
The model has ten liquid boundaries. Nine of the liquid boundaries are inlets, while the last one is 

an outlet boundary. The location of liquid boundaries is shown in Fig. 4.7b. Time-varying 

discharges were used to prescribe flows at the inlet boundaries. Among the nine inlets, two are fed 

with the measurement, and seven comes from the output of a SWAT model. The downstream 

boundary is prescribed with two types of rating (stage-discharge) curves, where the Type (1) rating 

curve is in the form of water level as a function of discharge, and the Type (2) rating curve is in 

the form of discharge as a function of water level. We used a relaxation parameter to the Type 1 

rating curve to possibly obtain a stable simulation of water level and discharge free from 

oscillation, as suggested by Hervouet (2017). Relaxation to the rating curve gives rise to the 

possibility of a smoothly varying boundary condition, which may otherwise trigger instabilities 

(Hervouet, 2017).  

 

Rainfall was not included in the hydrodynamic model, because local rainfall has some effect on 

IND flood magnitude. The IND is in a semi-arid area, and most of the water flowing in it comes 

from a very humid region in Guinea, 600–900 km upstream. The headwaters’ annual rainfall can 

go up to 1750 mm. However, in IND, average annual rainfall varies between 200 mm/yr at the 

downstream and 500 mm/yr at the upstream (Zwarts et al., 2005). We did account for precipitation 

and evaporation on the watershed through the SWAT model, but chose not to include precipitation 
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directly on the water body. Zwarts (2010) found that local rainfall was too limited to influence the 

flood height in IND.  

 

Evaporation was considered constant during the simulation. The authors acknowledge that 

constant evaporation has a lot of limitations, but the estimation of evaporation in the IND is an 

ongoing debate, with multiple papers published on the topic, and rather diverging estimates. 

Evaporation varies between 160 and 240 mm per month, with an average of 200 mm per month 

(Zwarts et al. 2005). Ogilvie et al. (2015) found evaporation rates were between 4 mm/day and 7 

mm/day over the years 2008–2009.  

 

Given the huge uncertainty in the estimated evaporation and the fact that our main purpose was 

flood wave propagation, we believe that the choice of constant evaporation had little impact on the 

results. The authors are considering the inclusion of dynamic precipitation and evaporation in the 

model that involves modifications of the TELEMAC 2D routines. 

 

4.2.6.3 Initial Conditions 
 
An introductory simulation was performed with prescribed constant discharges at each inlet, as 

well as a constant prescribed elevation at the outlet boundary to obtain the initial condition for 

subsequent runs. The simulation time step was set as 60 sec. It was selected in such a way so that 

it would not produce any instability on the simulation. It is to be noted that the courant number 

gives the impression of the stability of the model to perform the calculation. The Courant number 

of the simulation was kept below 4. Manning’s friction coefficient, as discussed in the previous 

section, was assigned to the nodes. The Manning coefficient at the floodplain was constant during 

simulation. However, the Manning’s coefficient at the river channel was considered variable, and 

tuned during calibration.  

 

4.2.6.4 Model Configurations 
 
Given that three elevation data sets were available and that there were two possibilities for 

downstream boundary conditions to be set (by prescribing a rating curve in one of the following 

forms: discharge as a function of water level—type 1 or water level as a function of discharge—
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type 2), we obtained total of six different hydrodynamic models (Table 4.5). Prescribing Type 1 

boundary conditions often leads to resonances or uncontrollable oscillations because of the 

feedback of the level on the local discharge. To address the issue, the developers of TELEMAC 

2D estimated water levels at time t as a weighted average of the water level, corresponding to the 

discharge prescribed at time t and the water level corresponding to the discharge prescribed at time 

t−1. The weight of the water levels corresponding to the prescribed discharge at time t is called the 

relaxation coefficient (R). The developers of TELEMAC 2D recommend a value of R between 

0.01 and 1.0 to smoothly prescribe discharges. In this paper, the value of R has been set to its 

default value of 0.02. 

 

Table 4.5: Configuration of the six models. 
 

Model 

Number 
Elevation Data Downstream Boundary Condition 

Model 1 Merit DEM Rating curve in the form of water level as a function of discharge, R = 0.02 

Model 2 Merit DEM Rating curve in the form of discharge as a function of water level 

Model 3 SRTM DEM Rating curve in the form of water level as a function of discharge, R = 0.02 

Model 4 SRTM DEM Rating curve in the form of discharge as a function of water level 

Model 5 Waterline DEM Rating curve in the form of water level as a function of discharge, R = 0.02 

Model 6 Waterline DEM Rating curve in the form of discharge as a function of water level 

 

Ogilvie et al. (2015) found that the years 2001–2002 and 2008–2009 experienced relatively few 

clouds. Our study used these two periods as the calibration and validation period, respectively. 

MODIS and Landsat images during the months of September–February were considered for 

extracting water extent, as these months showed fewer clouds than the other months (Ogilvie et 

al., 2015). The periods between 1 July 2001 to 28 February 2002, and from 1 July 2008 to 28 

February 2009 were thus chosen for calibration and validation, respectively.  

 

4.2.7 Calibration 
 
In flood modeling, the roughness coefficient is typically used as a calibration parameter 

(Woodhead et al. 2007). It is commonly recognized that friction varies in space, and that the 

precision of simulation can be improved through calibration and the use of effective friction 

coefficients (Aronica et al. 1998; Woodhead et al. 2007). The model was calibrated by changing 
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the Manning coefficients in the reaches of the Niger river: KeMacina to Mopti (slope = 0.052 

m/km), Mopti to Akka (slope = 0.029 m/km), and Akka to Dire (slope = 0.007 m/km). The 

Manning coefficient in the other reaches was assumed to be constant (0.02). As discussed before, 

the Manning coefficient of the floodplain was derived from GLCC. The calibration period of the 

model was chosen as July 2001–February 2002. The simulation results were evaluated by 

Pearson’s correlation coefficient (r) and Nash-Sutcliffe coefficients (NS) at Akka and Mopti. 

Pearson’s correlation coefficient (r) and Nash-Sutcliffe coefficients (NS) are described in the 

following equations: 

𝑟 =
∑ (𝑥 − �̅�)(𝑦 − 𝑦)

∑ (𝑥 − �̅�) ∑ (𝑦 − 𝑦)
 (4.7) 

𝑁𝑆 = 1 −
∑ (𝑥 − 𝑦 )

∑ (𝑦 − 𝑦)
 (4.8) 

Here, x represents the simulated, and y the observed value of a variable. �̅� and 𝑦 are the averages 

of the simulated and observed values, respectively. 

 

Models 1, 3, and 5 (Table 4.5) were calibrated for discharge and water level, and the calibration 

parameters were used for Models 2, 4, and 6, respectively. 

 

After having a good calibration of the models against discharge and water level, we moved to 

further adjust the waterline DEM with respect to the inundated area. Adjustment was made on the 

elevation data to match the observed inundation area. Inundation extent maps by Zwarts et al. [0] 

on 28 July 2001, 25 October 1984, and 16 October 2001, which represent small, medium, and high 

flooded areas corresponding to 166 cm, 331 cm, and 432 cm water heights at Akka, respectively, 

were chosen for this purpose. The model was run for 1984–1985 with same parameter and 

Manning’s coefficient. Underprediction, agreement, and overprediction areas were calculated by 

comparing simulated and observed inundation. Over- and under-predicted areas were those areas 

that were not supposed to submerge or dry in real cases. Simulated water depth at the overpredicted 

and underpredicted areas were extracted from the simulation result. The topography of the areas 

where inundation was overpredicted was adjusted by adding the water depth with the elevation at 

the grid points, and vice versa. This process continued until a good match was obtained between 

observed and simulated inundation. 
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4.2.8 Bayesian Model Averaging 
 
Bayesian model averaging (BMA) is a statistical procedure used to infer a consensus prediction 

by weighing individual predictions based on their probabilistic likelihood measures. A BMA 

which assesses the performance of a model using its likelihood of predicting the observation is 

called the model’s marginal likelihood, or Bayesian Model Evidence (BME) (Schöniger et al. 

2014). The BME is often normalized and transformed into model weights. The better the model, 

the higher its evidence, hence its weight. A BMA’s outcomes has more skill and reliability than 

the original ensemble members generated by competing models (Madigan et al. 1996; Raftery et 

al. 2005). Several authors (Duan et al. 2007; Zhu et al. 2013) applied BMA to combine 

hydrological simulations. For instance, Zhu et al. (2013) applied BMA for flood prediction and 

uncertainty estimation of flood event predictions. Beckers et al. (2008) applied BMA to a set of 

water-level forecast models used in the Flood Forecasting and Warning System for Rhine and 

Meuse rivers. 

 

In this study, we applied BMA to the predicted water level and discharge by the six models 

developed in this paper, with the expectation that these models’ outputs will be combined into a 

robust prediction. BMA was applied at each location (Akka and Mopti) and for each variable. 

Therefore, the combined model would be different according to the location and variable of 

interest. A brief description of the methodology is given below, as per Hoeting et al. (1999) 

If ∆ is the quantity of interest, then its posterior distribution, given data 𝐷, is 

pr(∆|𝐷) = pr(∆|𝑀 , 𝐷)pr(𝑀 |𝐷)  (4.9) 

This is an average of the posterior distributions under each of the models considered, weighted by 

their posterior model probability. In Equation (4.9), 𝑀 , … … . . , 𝑀  are the models considered. The 

posterior probability for model 𝑀  is given by: 

pr(𝑀 |𝐷) =
pr(𝐷|𝑀 )pr(𝑀 )

∑ pr(𝐷|𝑀 ) pr(𝑀 )
 (4.10) 

where 

pr(𝐷|𝑀 ) = pr( (𝐷|𝜃 , 𝑀 )Pr((𝜃 |𝑀 )𝑑𝜃  (4.11) 
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pr(𝐷|𝑀 ) is the integrated likelihood of model 𝑀 , 𝜃  is the vector of parameters of model 𝑀  

(e.g., for regression 𝜃 = (𝛽, 𝜎 )), Pr(𝜃 |𝑀 ) is the prior density of 𝜃  under model 𝑀 , 

pr(𝐷|𝜃 , 𝑀 ) is the likelihood, and pr(𝑀 ) is the prior probability that 𝑀  is the true model. 

pr(𝑀 |𝐷) is also known as the BMA weight 𝑤 , and the sum of 𝑤  is equal to 1, that is, 

∑ 𝑤 = 1. 

 

The Bayesian Model Evidence (𝐵𝑀𝐸) is defined as: 

𝐵𝑀𝐸 = pr(𝐷|𝑀 )pr(𝑀 ) (4.12) 

The posterior mean and variance of ∆ are calculated as follows: 

Mean: 

𝐸[∆|𝐷] = ∆ pr(𝑀 |𝐷)  (4.13) 

Variance: 

𝑉𝑎𝑟[∆|𝐷] = ∑ 𝑉𝑎𝑟[∆|𝐷, 𝑀 ] +  ∆  pr(𝑀 |𝐷) − 𝐸[∆|𝐷]  (4.14) 

 

Where (Raftery, 1993; Draper, 1995) 

∆ =  𝐸[∆|𝐷, 𝑀 ]. (4.15) 

The successful implementation of the BMA requires estimates of the weights, 𝑤  and standard 

deviationsof the conditional probability density function (pdfs) of the ensemble members. Their 

values can be estimated through the maximum likelihood method (Raftery et al. 2005). 

Let 

𝜃 = {𝑤 , 𝜎 , 𝑘 = 1, … 𝐾}. (4.16) 

The logarithmic likelihood function can be approximated as follows: 

𝑙(𝜃) = 𝑙𝑜𝑔 𝑤  pr (∆|𝑀 , 𝐷)  (4.17) 

 

Equation (4.17) cannot be solved analytically for 𝜃. The BMA weights can be calculated by two 

approaches, such as the Markov Chain Monte Carlo (MCMC) (Vrugt et al. 2008) algorithm and 

Expectation-Maximization (EM) (McLachlan and Krishnan, 1997) algorithm. We applied the EM 

algorithm, as recommended by Raftery et al. (2005), to get the optimum value of 𝜃. 
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4.3 Results and Discussion 
 
4.3.1 Calibration Results 
 
The calibration performance of all models is shown in Table 4.6. 

 

Table 4.6: Correlation (r) and Nash-Sutcliffe (NS) coefficients for simulated discharge and water 

level at the calibration. 

 

Models 

Discharge  Water Level 

Mopti Akka Mopti Akka 

NS r NS R NS r NS r 

Model 1 0.975 0.996 0.879 0.944 0.984 0.992 0.946 0.988 

Model 2 0.975 0.995 0.863 0.983 0.984 0.999 0.941 0.992 

Model 3 0.954 0.995 0.908 0.983 0.951 0.999 0.907 0.992 

Model 4 0.954 0.995 0.871 0.974 0.954 0.999 0.915 0.986 

Model 5 0.956 0.994 0.958 0.986 0.981 0.997 0.871 0.998 

Model 6 0.956 0.994 0.945 0.983 0.981 0.997 0.838 0.994 

 

The results in  

Table 4.6 show that the downstream boundary condition affects model performance. Although the 

NS of discharge and water level at Mopti has no variation, the model performance varies in Akka 

in the simulating discharge and water level. Models 1, 3, and 5 generally performed better than 

Models 2, 4, and 6 in terms of NS. Results suggest that prescribing the downstream boundary 

condition, ‘water levels as a function of discharge (Type 1)’, leads to better simulations than 

prescribing the boundary, ‘discharge as a function of water level (Type 2)’. The authors speculate 

that providing a Type 1 boundary condition leads to better results. The reason seems to the use of 

the relaxation coefficient (R), as described in Section 2.6.4, which smooths out the solution, but 

introduces some errors in the algorithm. 

 

Models have been ranked in order of decreasing performance when simulating discharge (resp. 

water levels) in Table 4.7 (resp. Table 4.8). While models built on MERIT DEM generally 

performed well, the order of the models can change according to the boundary condition, the 

location (Akka or Mopti), the performance measure (r or NS), and finally, the variable under 
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investigation. The results are in line with the findings of Pappenberger et al. (2006) that the 

boundary condition is a source of uncertainty. 

 

Table 4.7: Model ranking based on performance (NS and r) for discharge at Mopti and Akka. 
 

Hydrometric 

Station 
MOPTI AKKA 

Variable Discharge Discharge 

d/s Boundary 

Condition 
Type 1 a Type 1 Type 2 b Type 2 Type 1 Type 1 Type 2 Type 2 

Performance 

Criteria 
NS r NS r NS r NS r 

Best models/associated 

DEM 

MERIT d 

(M1 c) 

MERIT 

(M1) 

MERIT 

(M2)  

MERIT (M2) 

and SRTM(M4) 

Waterline 

(M5) 

Waterline 

(M5) 

Waterline 

(M6) 

Waterline (M6) 

and MERIT(M2) 

Second 

model/corresponding 

DEM 

Waterline 

(M5) 

SRTM 

(M3) 

Waterline 

(M6) 
- 

SRTM 

(M5) 

SRTM 

(M3) 

SRTM 

(M4) 
- 

Third 

model/Corresponding 

DEM 

SRTM 

(M3) 

Waterline 

(M5) 
SRTM (4) Waterline (M6) 

MERIT 

(M1) 

MERIT 

(M1) 

MERIT 

(M2)  
SRTM (M4)  

a Type 1: d/s Boundary condition—water level as a function of discharge; b Type 2: d/s Boundary condition—discharge 

as a function of water level; c M1, M2…: Model 1 and Model 2 and so on; d MERIT DEM. 

 
Table 4.8: Model ranking based on performance (NS and r) for water level at Mopti and Akka. 
 

Hydrometric 

Station 
MOPTI AKKA 

Variable Water Level Water Level 

Boundary 

Condition 
Type 1 a Type 1 Type 2 b Type 2 Type 1 Type 1 Type 2 Type 2 

Performance 

Criteria 
NS r NS r NS r NS r 

Best 

model/associated 

DEM 

MERIT d (M1 
c) 

SRTM 

(M3) 
MERIT (M2)  

MERIT (M2) 

and SRTM 

(M4) 

MERIT 

(M1) 

Waterline 

(M5) 

MERIT  

(M2)  

Waterline 

(M6) 

Second 

model/correspondin

g DEM 

Waterline (M5) 
Waterline 

(M5) 

Waterline 

(M6) 

Waterline 

(M6) 

SRTM 

(M3) 

SRTM 

(M3) 

SRTM 

(M4) 

MERIT 

(M2)  
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Third 

model/Correspondi

ng DEM 

SRTM (M3) 
MERIT 

(M1) 
SRTM (M4)   

Waterline 

(M5) 

MERIT 

(M1) 

Waterline 

(M6) 

SRTM 

(M4) 

a Type 1: d/s Boundary condition—water level as a function of discharge; b Type 2: d/s Boundary condition—discharge 

as a function of water level; c M1, M2...: Model 1 and Model 2 and so on, d MERIT DEM. 

 
4.3.1.1 BMA Weights 
 
The BMA weights calculated in the calibration period (2001–2002) for each of the six models are 

given in Table 4.9. 

 

Table 4.9: Bayesian Model Averaging (BMA) weights of the models. 
 

Model 
BMA Weight to Obtain Discharge BMA Weight to Obtain Water Level 

Mopti Akka Mopti Akka 

Model 1 0.0002 0.1177 0.3650 0.9602 

Model 2 0.7931 0.0000 0.1820 0.0000 

Model 3 0.1417 0.0000 0.0001 0.0000 

Model 4 0.0000 0.0000 0.0000 0.0398 

Model 5 0.0614 0.8823 0.3320 0.0000 

Model 6 0.0017 0.0000 0.1200 0.0000 

 

The fact that the best-performing model depends on several factors was an incentive to use 

Bayesian Model Averaging (BMA) at each location for each variable to get a location-specific 

combination of models exploiting the relative strength of the available models. For instance, the 

combined BMA simulation of discharge at Akka relies on Model 1 (weight = 0.1177) and Model 

5 (0.8823), and almost completely ignores Models 2, 3, 4, and 6 (wight = 0.0000 each); the 

combined BMA simulation of water level at the same location relies more on Model 1 (weight = 

0.9602) and Model 4 (0.0398) than on Models 2, 3, 5, and 6 (wight = 0.0000 each). BMA allows 

the end-user to have a robust estimate of key parameters by varying the weight according to 

location and variable of interest. If one location and one variable are more important for the end-

user and resources are not available to run six models in parallel, the BMA weights will help them 

identify which model to maintain. 
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One of the assumptions in the BMA approach is that BMA weights should reflect relative model 

skill. BMA weights were highly correlated with model performance statistics (Duan et al. 2007). 

Model weights and BME are probabilistic model performance measures, and both are typically 

associated in the context of BMA (Guthke et al. 2017), as shown in Equation (4.12). On the other 

hand, NS, “r”, daily root mean square error (DRMS), and daily absolute error (DABS) are used 

for deterministic model performance measurements. Previous authors (Duan et al. 2007; Zhu et al. 

2013) used performance statistics such as Nash-Sutcliffe (NS), DRMS, or DABS to examine the 

consistency of the BMA predictions in terms of their weight. In this exercise, we compared model 

performance in term of NS and “r” with their BMA weight. 

 

If we compare the highest NS values in Table 4.6 with the highest BMA weight in Table 4.9, we 

can see that the highest NS value corresponds to the highest BMA weight, though the “r” values 

give a mixed picture. The high correlation between NS statistics and BMA weight confirms one 

of the central assumptions of the BMA scheme, that better-performing models receive higher 

weights (Duan et al. 2012). BMA weights provide an additional means to assess the relative 

credibility of the six models. If we take NS statistics and BMA weight together, Model 1 was 

found to perform well in simulating water levels at Mopti and Akka, and Model 2 is better in 

simulating discharge at Mopti. Finally, Model 5 outperformed the others in simulating discharge 

at Akka. Thus, we considered Models 1, 2, and 5 to be the best three among the six models. 

 

4.3.1.2 BMA Estimates of Water Levels and Discharge in the Calibration Period 
 
The models were combined based on their respective weight values, as shown in Table 4.9. The 

maximum weights of the value of the individual model was found to contribute more to the 

resultant forecast. For instance, the BMA forecast of discharge at Mopti mainly comes from the 

combination of Model 2 and Model 3 with 79.31% and 14.17%, respectively, from their simulated 

discharge. A comparison of the discharge and water level from the best individual models, as well 

as the BMA prediction at the stations, are given in Fig. 4.9. 
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Fig. 4.9: Comparison of discharge (top) and water level (bottom) of the best models and BMA. 
 

The BMA estimate of discharge and water level at the monitoring stations is shown in Fig. 4.9, 

where there seems to be a good match between observed values (red) and BMA predictions (black). 

The highest NS values (Fig. 4.10) confirms that BMA outperforms each best individual model. 

 

 

Fig. 4.10: Comparison of the Nash-Sutcliffe (NS) coefficient of BMA and the three best 

individual models. 
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4.3.2 Hydrodynamic Models Validation 
 
The model results were validated using the 2008–2009 discharge, water levels, and water extent. 

Each of the models was run with inflows of 2008–2009 at the model inlets keeping the same 

parameters as obtained at the calibration. Table 4.10 summarizes the NS and “r” statistics of the 

model simulations. 

 

Table 4.10: Correlation (r) and NS coefficients for simulated discharge and water level in the 

validation period. 

 

Models 

Discharge  Water Level 

Mopti Akka Mopti Akka 

NS r NS R NS r NS r 

Model 1 0.982 0.995 0.836 0.918 0.962 0.984 0.940 0.992 

Model 2 0.982 0.995 0.803 0.979 0.964 0.997 0.975 0.994 

Model 3 0.939 0.995 0.830 0.979 0.933 0.997 0.917 0.994 

Model 4 0.939 0.995 0.800 0.975 0.939 0.997 0.953 0.996 

Model 5 0.935 0.990 0.882 0.976 0.973 0.993 0.876 0.988 

Model 6 0.935 0.990 0.857 0.975 0.974 0.993 0.881 0.995 

BMA 0.972 0.995 0.887 0.972 0.978 0.990 0.940 0.983 

 
4.3.3 BMA Validation 
 
The weights obtained from the calibration periods were used to compute BMA predictions for the 

validation period. The performance statistics, including NS and “r”, were again employed to 

examine the consistency of the BMA predictions. A comparison of NS statistics between BMA 

and each of the models 1, 2, and 5 are shown in Fig. 4.11. 
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Fig. 4.11: Comparison of NS coefficient of BMA to each of Models 1,2, and 5. 
 

Discharge and water levels simulated by Models 1, 2, and 5 have been compared to BMA estimates 

in Fig. 4.12. The figure shows a good match between observed values (red) and BMA predictions 

(black). 

 

Fig. 4.12: Comparison of discharge (top) and water level (bottom) from the best individual 

models and BMA prediction at the validation. 

 

It can be seen that the BMA predictions perform better than the best individual in most of the 

cases. Minor degradation of NS statistics also took place; for instance, BMA performance in the 

validation is slightly worse than that of Models 1 and 2 in predicting discharge at Mopti and the 
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water level at Akka, respectively. Although there is some minor degradation in the performance 

when the BMA result is compared with the best individual models, BMA is generally superior to 

that of the individual models, which is consistent with previous studies (Duan et al. 2007; Vrugt 

and Robinson, 2007). The improvement due to BMA is relatively low when NS is close to 1, as 

there is then little room for improvement. When the NS is low, like in the simulation of discharge 

at Akka (Figures 9 and 10), the improved accuracy is much more obvious. The use of BMA for 

estimating both variables is, therefore, preferable to the use of individual model simulations. This 

feature of BMA is particularly interesting in data-scarce environments, such as Mali, where the 

only available information often comes from global sources with rather coarse resolutions. 

 

4.3.4 Simulated Inundation Extent from Best Individual Models 
 
This section provides a brief comparison between simulated and satellite-derived inundation 

extents for 2008–2009. Only the best individual models (Models 1, 2, and 5), as obtained from 

Section 4.3.1, are considered in the comparison. The reference inundation extents were derived 

from MODIS imagery for three days, representing the rising, peak, and recession limb of the 2008–

2009 hydrograph. These images were taken on 28 August 2008, 7 October 2008, and 17 January 

2009. The inundation extent simulated with Models 1, 2, and 5 along with the satellite-derived 

inundation extent is shown in Fig. 4.13. The simulated inundation in the central part of the study 

area, containing Lakes Walado, Debo, and Korientze, shows better agreement with the observed 

inundation for Model 5 for almost all the three days. The flood extent between KeMacina and 

Akka on 28 August was better simulated by Model 5 than Models 1 and 2. The inundation pattern 

simulated by Model 5 also closely matched with the observed inundation on 7 October. 

 

It was also found that, while Model 5 performed well in reproducing the inundation extent of 28 

August 2008 and 7 October 2008, it performed poorly in reproducing the inundation extent of 17 

January 2009 (receding flood), especially in the area between Ke-Macina and Akka. The 

simulations show water in interconnecting channels that seem to be dry in the satellite images. 

This, however, has to be interpreted with care, as the coarse resolution of the MODIS images (500 

m) does not allow the detection of narrow channels. 
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Fig. 4.13: Inundation extent on 28 August 2008 (left panel), 7 October 2008 (middle), and 17 
January 2009 (right panel). 
 

Based on the above facts, we can consider Model 5 to be the best in terms of simulating inundation. 

It is worth mentioning here that among the individual models, Model 5 was calibrated against 

inundation obtained from Landsat images captured in the 2001–2002 season. This probably makes 

this particular model the best among the participating models in simulating inundation extent. 

 

Agreement, over prediction and under prediction area were calculated by comparing observed and 

simulated inundation extents and presented in Fig 4.13. It is seen that the agreement is better for 

Model 5 during rising flood because the inundation matches about 54% and 67% with the observed 

on August 28, 2008 and October 07, 2008 respectively. Nevertheless, the model (Model 5) slightly 
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degrade in simulating the inundation extent on January 17, 2009 because it shows less agreement 

with respect to Model 1 and Model 2.      

 

Fig. 4.14: Comparison of agreement, over prediction and under prediction areas 

 

It is to be noted that the values of agreements found in this study are relatively low compared to 

previous studies where authors used high-resolution topography (e.g. Bates and De Roo, 2000; 

Horritt and Bates, 2001), who found an agreement of 81.9%.  but the agreement percentage in this 

study is relatively high compared to the results from other data-sparse areas such as Amarnath et 
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al. (2015) who found 38% and Sayama et al. (2012) who found 61% for agreement. It is noteworthy 

to mention here that the authors evaluated the agreement for the studies during the flood period. 

The agreement percentage found in this study is about 67% (on Oct 07, 2008) which, is quite high 

compared to the findings of the other authors in data scarce region. Visual inspection shows that 

the disagreements between the observed and simulated inundation extents are large in the northern 

part where the channels could not be represented properly with the current resolution of the DEM. 

Another source of discrepancy is the observed inundation map on January 17, 2009 that were 

derived from MODIS, which has a resolution 500m. The derived inundation map shows the 

existence of uncertainty in the image itself because it does not show the river and channels at the 

u/s part which were not dried at that time. The comparison with such a map, obviously, will lead 

to errors in the result. High-resolution satellite imagery such as Sentinel-2 and high-resolution 

mesh at the d/s part should improve the quality of the inundation map simulation.  

 

4.3.5 Potential Usages of the Developed Model 
 
The IND is a complex floodplain that is used by 1.5 million people, where there is little information 

about floodplain dynamics. Simple empirical equations are used to link water levels at key stations 

to inundation extents, and flood forecasting is done using linear regressions (OPIDIN, undated). 

A hydrodynamic model, even if not perfect, provides more insight into the flood dynamics, and 

will be more useful for decision making. The model developed here will be later used to replace 

or improve the empirical relationships currently used by local authorities, and to develop a process-

based flood forecasting model. 

 

4.4 Conclusions 
 
In this study, six different hydrodynamic models of the Inner Niger Delta (IND) in Mali were 

developed using three different DEMs and two different downstream boundary conditions. The 

elevation data came from two global DEMS (SRTM and MERIT), as well as a DEM derived from 

satellite imagery and water level observations using waterline methods. Given the data scarcity in 

the area, a considerable amount of input data, such as bathymetry, the river network, friction 

coefficient, and inundation extent were derived from secondary sources, leading to a high level of 

uncertainty in the simulations. The six models which were developed showed unequal 
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performances in simulating water levels, discharges, and floodplain extent, with none of them 

outperforming the others in all fronts. It was found that specifying the boundary condition (water 

levels as a function of discharge) led to better results. The reason for this seems to the use of the 

relaxation coefficient in the algorithm of the stage-discharge curve. Overall, the MERIT DEM was 

the best DEM among the ones considered in this paper, as it is a processed DEM by removing 

errors from SRTM. Bayesian Model Averaging (BMA) was used to produce a more robust 

estimate of water levels and discharges. BMA also helped to identify which individual models had 

the highest value for an end-user who is more interested in a particular location in the IND and a 

particular hydraulic variable. 
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Effect of rating curve hysteresis on flood extent simulation with a 2D hydrodynamic model: 

a case study of the Inner Niger Delta, Mali, West Africa2  

Abstract: The Inner Niger Delta (IND) is a complex hydraulic system where the flood dynamics 

and connectivity between water bodies is the main driver for ecosystem services and economic 

activities. Therefore, it is of pivotal importance that hydraulic models used to assess ecosystem 

services and socio-economic usages in the IND are capable of capturing both the inundation and 

connectivity dynamics. A particularity of the IND is that a strong hysteresis effect can be observed 

in the stage-discharge relationships at all hydrometric stations in the area. However, existing 

hydrodynamic models of the IND typically use a static stage-discharge relationship as the 

downstream boundary condition during both the rise and recession of the flood, which leads to 

potential inaccuracies when trying to predict the flood extent. This paper explores how the 

simulation results of the flood and connectivity dynamics in the IND can be improved by using a 

looped rating curve at the downstream model boundary. Two different methods are explored to 

integrate the hysteresis into the rating curve: one is based on dimensionless discharges and water 

levels (DLRC) while the second is based on the modified Jones formula. The results show that 

while the hysteresis effect is better represented using the DLRC approach, either approach was 

capable to improve the accuracy of predicting floodplain extent and connectivity dynamics 

between the Niger river system and an important lake in the IND. The improvement in water level 

predictions decreased steadily with the distance from the downstream boundary of the modelled 

area.  

 

Keywords Inner Niger Delta, floodplain inundation, hydrodynamic model, hysteresis  

 

 

 

 

                                                 
2 Haque, M. M., Seidou, O., Mohammadian, A. (2019) Effect of rating curve hysteresis on flood extent simulation 
with a 2D hydrodynamic model: a case study of the Inner Niger Delta, Mali, West Africa. Journal of African Earth 
Sciences (Revised)  
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5.1 Introduction 

 

Floodplains play a vital role in preserving biodiversity and providing environmental services to 

human populations (Di Baldassarre, 2012). The Inner Niger Delta (IND), Mali, West Africa (Fig. 

5.1), is one of the biggest floodplains in the world and represents a vast natural resource that 

continues to attract many people to live in and around the delta (Liersch et al. 2012, Zwarts et al. 

2005). The IND is considered a hub of human activities that include agriculture, fishing, transport, 

and tourism.  

 

The IND receives flow mainly from the Niger and Bani rivers at KeMacina and Sofara, 

respectively. The delta extends for several hundred kilometers before terminating at Dire. When 

water level is increasing during the rising stage of water, the main rivers and important lakes such 

as Lake Fati and Lake Horo become interconnected and turn into important habitats for fish and 

birds, while providing a feeding ground for local cattle. During the dry seasons, the channels 

connecting the lakes and rivers fall dry. In our study we focus on Lake Fati (Fig. 5.1), situated in 

the northernmost (downstream) part of the study area, to examine the seasonal connection and 

disconnection dynamics between the local water bodies.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5.1: Location map of the Inner Niger Delta, Mali, West Africa. 
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The IND plays an important role in promoting its sustainable development for food security, water 

management, and the environment. Given the economic importance of the inundation areas, there 

have been several studies examining the dynamics of the flooded areas. The techniques used 

include the generation of time series of inundation maps using satellite imagery (Zwarts et al., 

2005; Mariko, 2003; Ogilvie et al., 2015), the development of empirical functions that linked the 

water level at key stations to the inundation extent (Zwarts et al, 2005; Mariko,2003; 2015; Mahe 

et al., 2011), and numerical simulations using hydrodynamic models (Neal et al., 2012; Haque et 

al. 2019). Other studies focused on the flood modeling of the IND (Haque et al., 2019; Neal et al., 

2012; Dadson et al., 2010; Haag, 2015).  

 

A special feature of the IND is that a strong hysteresis effect can be observed in the stage-discharge 

relationships at all hydrometric stations in the area. Horritt (2000) found that the hysteresis 

phenomenon may influence the accuracy of the simulations near the downstream boundary. He 

also mentioned that the impact of the downstream boundary condition for dynamic circumstances 

may extend further upstream.  

 

Rating curves estimated on the basis of a single-valued rating curve assumption become inaccurate 

if the stage-discharge relationship is significantly affected by unsteadiness (Petersen-Øverleir, 

2006). If the flow is characterised by hysteretic phenomena i.e. a given stage value corresponds to 

two discharge values, simulation should be done with this condition. This phenomenon is also 

referred to as unsteadiness or looping in the rating curve. Unsteadiness arises due to irregular cross 

section, presence of water infrastructures such as bridges, dams, hydroelectric plant in the stream 

channels, changing channel, backwater effect, unsteadiness of the river flow, variable channel 

storage, aquatic vegetation, and freezing and breaking of ice. Their presence could create 

backwater effects affecting water stage at the gauge (Wu and Yang, 2008, Boyer,1964). The flood 

wave passes through several channels and overflows huge floodplain until it reaches at 

downstream. The flow in the IND become unstable and looped once it enters into the area. It is 

found that stage discharge curve at IND is characterised by unsteadiness. 

 

However, no previous study at IND considered the hysteresis effect that can be observed at the 

downstream boundary of the study area (Fig. 5.2). While Haque et al. (2019) considered a non-
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looped (single) rating curve at Diré station (the downstream boundary of the study area) in situ 

observations at Diré hydrometric station show a clear hysteresis (Fig. 5.2).  

 
Fig. 5.2: The looped rating curve observed in situ at Diré station from 2001-2002 versus the non-

looped (single/ steady) rating curve used in the model by Haque et al. (2019).  

 
In this paper, we examine whether the use of a looped instead of a steady or single rating curve 

boundary condition leads to significant improvements in the modelled predictions of flow, water 

level, connectivity, and inundation extent in the IND. For this purpose, we adapt the hydrodynamic 

model developed in Haque et al. (2019) to include a hysteresis at the downstream boundary and 

compare the results from the single and looped rating curve boundary conditions to in situ 

observations.  

 

This paper is organized as follows: Section 2 presents the materials and methods used and 

introduces the study area; Section 3 presents and discusses the results of the hydrodynamic 

simulation using the looped and non- looped rating curve. Some concluding remarks complete the 

study. 

 
5.2 Materials and Methods 
 
 
5.2.1 Hydrological Data 
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Observed water level and discharge data for the period 1980 - 2016 were obtained from the Mali 

Hydrometric Service (Direction Nationale de l’Hydraulique, DNH) at Mopti, Akka, and Diré 

hydrometric stations. In addition, the study uses Landsat 5 images from between 1984 and 2002 

(Zwarts et al. 2005).   

 

5.2.2 Hydrodynamic model of the IND 
 

The hydrodynamic model used in this paper was developed by Haque et al. (2019) and is based on 

the TELEMAC 2D hydrodynamic model (Hervouet, 2007). TELEMAC-2D solves the depth-

integrated shallow water equations (SWEs) using the finite-element method on an irregular grid.  

 

5.2.3 Elevation data 
 
In this paper, we use the digital elevation data from Haque et al. (2019) who derived the data using 

the waterline method (Cracknell et al. 1987; Ramsey, 1995; Mason et al. 1998). The depth of the 

river bed at Ké-Macina, Mopti, Akka, and Diré was approximated using the hydraulic geometry 

equations proposed by Leopold and Maddock (1953), while the bathymetry of the other points 

along the river was estimated assuming a linear variation of the water slope between stations. In 

this study, we use the same Manning coefficients for the river and floodplain and also the same 

general setup, elevation, bathymetry and friction data as in Haque et al. (2019).  

 

5.2.4 Domain discretization 
 

The model domain was discretized using a system of irregular triangles yielding a mesh consisting 

of 220,289 nodes and 438,716 elements. The smallest and largest distances between nodes are 

about 50 m and 844 m, respectively. More details on the model can be found in Haque et al. (2019). 

The model liquid boundaries consist of nine inlets and one outlet (Fig. 5.3).  
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Fig. 5.3:  Locations of the 10 liquid boundaries (B) in the hydrodynamic model, specified as inlets 

and outlets. 

 

5.2.5 Boundary condition 
 

Time-varying (daily) observed discharges were prescribed at the inlet boundaries. Ungauged 

discharge at the inlet boundaries were estimated using a hydrological model, Soil Water 

Assessment Tools (SWAT) (Arnold et al. 1998) of the upper Niger and Bani Rivers basins 

developed in a previous project (Seidou, 2019). Three types of rating (stage-discharge) curves 

were applied to the downstream (outlet) boundary: (1) a single non-looping rating curve, (2) a 

looped rating curve derived from dimensionless discharge and water level observations, and (3) a 

looped rating curve derived from the modified Jones Equation (Petersen-Øverleir, 2006). The 

TELEMAC 2D source code was modified to include the possibility of using a looped rating curve 

in the simulation satisfying the Courant criteria and related stabilities 
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5.2.6 Calibration and validation 
 

We used the same model calibration that had already been used successfully in Haque et al. (2019), 

based on streamflow data and water levels of the 2001-2002. The model had been validated using 

streamflow data, water levels, and inundation extent of the 2008-2009. The quality of the simulated 

discharge and water levels were evaluated with Pearson’s correlation coefficient and Nash-

Sutcliffe coefficients (Table 5.1). 

 

Table 5.1: Pearson’s correlation coefficients (r) and Nash-Sutcliffe coefficients (NS) for the 

model calibration and validation of the simulated discharges and water levels. 

 

Model 

Discharge  Water Level 

Mopti Akka Mopti Akka 

NS r NS r NS r NS r 

Calibration 0.956 0.994 0.958 0.986 0.981 0.997 0.871 0.998 

Validation 0.935 0.99 0.882 0.976 0.973 0.993 0.876 0.988 

 
 
5.2.7 Derivation of a looped rating curve for the Diré station 
 

Two methods were used to generate the rating curve at Diré; one is based on the dimensionless 

forms of the discharge (Q) and the water level (WL) (Mishra and Seth,1998) while the second is 

based on the modified Jones Equation (Jones, 1916). 

 

5.2.8 Deriving the dimensionless forms of Q and WL  
 

Mishra and Seth (1998) postulated that hysteresis can be represented by dimensionless quantities 

derived from stage and discharge values. To this purpose, we normalized the observed water level 

for each year using the following formulae: 

 

(H ) =
-

-
                                                                             (5.1) 
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where is the normalized water level;  is the observed water level;  and  are the 

annual minimum and maximum water level, respectively;  is the ith observation in the hydrologic 

year. 

  

Similarly, the discharge is normalized using: 

 

(Q ) =
-

                                                                                  (5.2) 

 

where is the scaled discharge,  is the observed discharge,  is the annual maximum 

discharge,  is the ith observation of the hydrological year, and  is the discharge obtained from 

the single (non-looping) rating curve.  

 

These scaled values can be used to obtain the looping rating curve: 

 

WL = (H ) *(H -H ) + H                                          (5.3) 

 

Q = (Q ) *Q + Q                                                                   (5.4) 

 

where  and  are the discharge and water level, respectively, for the looping rating 

curve. 

 

Once the scaled values have been calculated for each year, the dimensionless curves are obtained 

by plotting  as function of . Two polynomials are used to represent the relationship between 

 and  with one equation being fitted to the upper part ( , which represents the rising 

flood, and the second equation being fitted to the lower part (  which represents the 

receding flood. 
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5.2.9 Jones formula 
 

The Jones formula (Jones, 1916) is the best-known method to derive a looped rating curve. Jones 

(1916) used the following equation: 

 

Q = Q 1 +
/

                                                                   (5.5) 

 

where  is the single rating discharge which can be obtained from the single rating curve, , 

the mean slope of the stream and the kinematic wave speed .  is the rate of change of the 

river stage. 

 

 can be approximated by the following power-law function (Herschy, 1995; ISO 1998; 

Kennedy, 1984; Rantz et al., 1982b): 

 

Q = a(h-b)                                                                         (5.6) 

 

Petersen-Øverleir (2006) modified the Jones equation (hereafter Modified Jones Method) in the 

following way: 

Q = a(h-b) 1 + θ(h-b)-
/

                                              (5.7) 

 

where  θ =
( )

( )
 

 

 is the conveyance factor, M the friction law exponent (~2/3), and N the channel-shape parameter 

(~0-1).  and  are rating curve constants while  is the water level that corresponds to zero 

discharge. The coefficients a and c are obtained from the relationship between discharge and water 

level. The value for  is optimized for each year and averaged over the years.   is the rate of 

change of the river stage over the previous six days which was fixed after several trials. 
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5.2.10 Evaluating Model Performance 
 

The model results are evaluated using the relative error (RE), the Nash-Sutcliffe coefficient (NS), 

and the root-mean-square-error (RMSE).  The equations for NS, RMSE, and RE are given bellow: 

 

𝑁𝑆 = 1 −
∑ ( )

∑ ( )
 (5.8) 

𝑅𝑀𝑆𝐸 =
∑ ( )

 (5.9) 

 RE = ∑
( - )

 (5.10) 

  

where x represents the simulated, and y the observed value of a variable.  and  are the averages 

of the simulated and observed values, respectively. n is the number of observations.  

 

5.2.11 Estimation of the connectivity and water level threshold for Lake Fati  
 

Inundation extents (Zwarts et al. 2005) derived from Landsat images were analyzed to examine 

the connectivity dynamics between Lake Fati and the Niger river (Fig. 5.4). A series of images 

were placed on top of each other to find out the connection and disconnection scenarios.  
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Fig. 5.4: Two consecutive inundation extent maps are superimposed to show the switch from the 

disconnected to the connected state (between Lake Fati channel with Niger river) during rising 

water levels (left) and the reverse during receding water levels (right). 

 

A connection between the Niger River and Lake Fati is established once the water level at Diré 

reaches about 260.42 mIGN during rising water levels. Conversely, this connection is severed 

when the water level falls below 258.91 mIGN during receding waters.  

 

5.2.12 Simulation of the connectivity between the Niger River and Lakes Fati  
 

Given that Lake Fati is close to Diré station, we decided to link the connectivity between the lakes 

to the water levels at Diré. In combination with satellite imagery, we established an approximate 

threshold that separates the connected from the disconnected states. This threshold is used on the 

entire water level time series at Diré (either simulated and observed) to decide whether Lake Fati 

is connected to the Niger River or not. 
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5.3 Results and Discussion 
  

5.3.1 Rating curve derived from the dimensionless forms of Q and WL at Diré 
 

A discharge time series containing 12 hydrological years (June 1 to May 30) from between 1980 

and 2016 at Diré are shown in Fig. 5.5. The selected 12 years contain both the wettest and the 

driest years from the 36 year period and also evenly cover anything in between (Fig. 5.5).  

 

 

 

Fig. 5.5: Hydrographic data for 12 selected hydrological years between 1980 and 2016.  

 

The dimensionless discharges and water levels were calculated from above data using equation 

5.1 and 5.2 and plotted on Fig. 5.6. 8th order polynomial was used to fit the curves as it gave the 

highest R2 value. Fitted 8th order polynomial equation for upper and lower parts are given in 

equation 5.11 and 5.12: 

 

Upper part: 

 

        (5.11) 

Lower part: 
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           (5.12) 

 

where, f(x) is the scaled discharge and x is the scaled water level.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.6: Scaled discharge and water levels 

 

5.3.2 Rating curve derived from Modified Jones method 
 

A new stage-discharge (Q-H) relationship (Eq. 14) at Diré station is obtained from the 

implementation of Equation 5.7 to estimate the discharge based on the water level: 

 

                            (5.13) 

….. Polynomial (8th order) 
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The first part of the right side of the equation 5.13 corresponds to the single (non-looping) rating 

curve and the second part is the correction to account for the hysteresis.  

 

5.3.3 Performance of the looped rating curves 
 

We used dimensionless discharges and levels and the modified Jones Equation to obtain the loop 

rating curve at Diré. Let us denote the above rating curves as DLRC and MJRC respectively. The 

years 1994-1995 and 2001-2002 were used for the calibration while the validation was performed 

for the years 1996-1997 and 2005-2006 (Table 5.2 and Table 5.3). 

 

Table 5.2: Model performance during calibration showing the root-mean-square-error (RMSE), 

the relative error (RE), and the Nash-Sutcliffe coefficient (NS).  

 
Year Single rating DLRC MJRC 

RMSE RE  NS RMSE RE  NS RMSE RE  NS 

2001-2002 143.94 12.74 0.942 36.32 3.751 0.996 46.47 4.11 0.994 

1994-1995 171.88 12.11 0.928 41.54 3.13 0.996 56.81 4.37 0.992 

 
DLRC outperforms MJRC for both 2001-2002 and 1994-1995 which can also be seen in the 

graphical representation of both methods where the looped rating curve obtained from either 

method closely matches the observed rating curve (Fig. 5.7).  

 

 
 
Fig. 5.7: Comparison of the rating curves at Diré. 
 



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

103 
 

Table 5.3: Performance of the methods during validation showing the root-mean-square-error 

(RMSE), the relative error (RE), and the Nash-Sutcliffe coefficient (NS). 

 
Year Single rating DLRC MJRC 

RMSE RE  NS RMSE RE  NS RMSE RE  NS 

2005-2006 145.84 30.16 0.928 32.25 9.54 0.996 34.18 7.49 0.996 

1996-1997 205.69 31.70 0.937 47.52 7.34 0.996 50.63 7.44 0.996 

 
For the validation period, both rating curves exhibit similar performances in terms of NS, while 

DLRC outperforms MJRC in terms of RMSE. The RE statistics show a mixed picture with MJRC 

having a better RE in 1996-1997 but a slightly worse one in 2005-2006 (see also Fig. 5.8). Both 

DLRC and MJRC are significantly better than the single rating curve during calibration and 

validation.  

 

 
 
Fig. 5.8: Comparison of the rating curves at Diré during validation. 

 

5.3.4 Impact of a looped rating curve on the simulation of discharge and water level   
 

Table 5.4 shows the models ability to simulate discharge and water level as measured by RMSE 

and NS. 
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Table 5.4: Performance of simulated discharge and water levels at Mopti, Akka, and Diré for 2001-

2002 in terms of root-mean-square-error (RMSE) and Nash-Sutcliffe coefficient (NS).  

 

Stations 
Downstream boundary 

condition 

 Discharge Water level  

RMSE NS RMSE NS 

Mopti 

MJRC 165 0.96 0.17 0.98 

DLRC 166 0.96 0.17 0.98 

single rating curve 166 0.96 0.17 0.98 

Akka 

MJRC 127 0.97 0.41 0.89 

DLRC 134 0.96 0.41 0.89 

single rating curve 116 0.96 0.44 0.87 

Diré 

MJRC 94 0.97 0.21 0.97 

DLRC 104 0.97 0.18 0.98 

single rating curve 111 0.96 0.23 0.96 

 
These results clearly show that using a looped rating curve (MJRC and DLRC) resulted in an 

improvement of the predicted discharge and water level at Diré. At Akka, the use of a looped rating 

improves the discharge and water level simulation in term of NS; however, the RMSE turns to be 

better for water level and slightly worse for discharge. At Mopti there is essentially no difference 

between the looped and single rating curves.  

 

Simulated water surface profile from downstream boundary at Diré to upstream at Akka is plotted 

in Fig. 5.9 on two dates during rising and recession time of flood. 
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Fig. 5.9: Simulated water level along Niger River from Diré to Mopti during rising water levels 

on Sep 1 2001 (left) and during receding water levels on Jan 25 2002 (right).  

 

The effect of the looped raing curve is most important at Diré (downstream), and diminishes we 

move further upstream (Fig. 5.9). Use of the looped raing curve predicts slightly lower water levels 

during rising waters and higher water levels during receding waters.  

 

5.3.5 Effect of a looped rating curve on predicting the inundated area  
 

Comparing the simulated inundation areas for the single and looped rating curves we find that the 

looped rating curve yields smaller inundated areas compared to the single rating curve when the 

hydrograph is rising (Fig. 5.10). During receding water the opposite is true.  
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Fig. 5.10: Predicted inundation area with the looped and single rating curves at the downstream 

boundary. The insets show enlargements of the rising/receding waters on Sept 01 2001/Jan 25 

2002.  

 

Predicted inundation areas on Sept 01, 2001 and Jan 25, 2002 obtained with the looped and single 

rating curves is shown in Table 5.5. 

 

Table 5.5: Comparison of simulated inundation areas for the looped (DLRC and MJRC) and single 

rating curves.  

 

Boundary condition 

Inundation area (km2) 

Rising Recession 

(Sept 01, 2001) (Jan 25, 2002) 

DLRC 5555.8 5560.9 

MJRC 5586.3 5569.8 

Single rating 5605.6 5510.0 

 
 
Inundation pattern of the area adjacent to the downstream boundary is shown in Fig. 5.11 . For 

brevity, inundation at recession time of flood on Jan 25, 2002 is considered. 
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Fig. 5.11: Comparison between observed (left) and simulated (with DLRC, right) inundation areas 

in the downstream part of the study area on Jan 25, 2002.  

 

The observed (from MODIS) and simulated inundation maps for January 25, 2002 (receding 

waters) show that simulations with looped rating curves yield larger flooded areas (excess shown 

in red). Especially around Lake Horo and Lake Fati, as well as along the Niger river and other 

channels there are more inundated areas with the looped rating curves which also seems a better 

match with observations. While these improvements may seem minor in terms of absolute 

inundated area, they can be significant in an ecological context as these slight differences may 

cause a change in connectivity between water bodies which can affect the migration of aquatic 

species in the water system.  

 

 

 

 

Lake 
 Fati 
 

Lake  
Horo 
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5.3.6 Estimating the connection and disconnection dates for Lake Fati  
 

The water level at Diré during rising (260.42 mIGN) and receding waters (258.91 mIGN) are 

considered as thresholds that separate the connected from the disconnected periods of the channel. 

In other words, using the Diré water level time series of a particular year, we can estimate the 

connectivity dynamics of Lake Fati. Using simulated water levels with DLRC, MJRC, and the 

single rating curve, we obtain the connectivity durations and presented in Table 5.6.  

 

Table 5.6: Connectivity periods and durations for Lake Fati from observations and simulated water 

level data at Diré station (see main text for thresholds). 

 

 

Data source for water 

levels 

Connectivity period based on 

water level thresholds Days connected 

In situ observations Sep 02, 2001 to Feb 20, 2002 167 

Model with MJRC Sep13, 2001 to Feb 26, 2002 167 

Model with DLRC Sep 12, 2001 to Feb 21, 2002 163 

Model with single rating 

curve Sep 09, 2001 to Feb 15, 2002 161 

 
The simulated connectivity period is longer when using either of the looped rating curves (MJRC 

or DLRC). The best match with regard to the onset and breakdown of the connectivity is provided 

by DLRC while the MJRC approach yielded the best match for duration. These results can be 

further improved by using a finer mesh in the channels in combination of high-quality elevation 

data and high-resolution radar satellite images such as Sentinel-2 (resolutions of about 10m to 

20m) to gauge the inundation. While the connectivity is not directly simulated by the 

hydrodynamic model, the results of this study can be used to assess changes in water management 

or climate change and their impact on the ecological dynamics in the IND.    
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5.4 Conclusion 
 

Despite a significant hysteresis being present at all hydrometric stations of the Inner Niger Delta 

(IND), existing hydrodynamic models of the area do not account for it. In this study, the effect of 

including the hysteresis in the rating curve at the downstream model boundary on the inundation 

and connection dynamics of different water bodies in the IND have been investigated. We 

employed two different methods to reproduce the hysteresis effect at the downstream boundary; 

one was based on dimensionless discharges and water levels and the second was based on the 

modified Jones formula. The quality of the simulation results was evaluated using root-mean-

square-error (RMSE), the relative error (RE), and the Nash-Sutcliffe coefficient (NS). We found 

that accounting for hysteresis improved the simulation results, particularly the predictions for 

water level, discharge, and inundation extent in the downstream part of our study area. By 

including hysteresis, we could also make better predictions of the connectivity between different 

water bodies such as Lakes Fati, which are of great ecological and economic importance to the 

IND. The observed improvements in the model predictions suggest that if an area is subjected to 

hysteresis, hydrodynamic simulations must be performed with looped rating curves in order to 

obtain a better match with observations.  
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Development of an improved relationship between water levels and flooded areas in the 

Inner Niger Delta, Mali, West Africa3 

 

Abstract: The Inner Niger Delta (IND) is a vast floodplain with abundant natural resources that 

supports the livelihood of millions of people. Accurate knowledge of the extent to which flooding 

occurs is crucial for the proper management of natural resources in the IND. Previous studies have 

developed empirical relationships between water levels at key stations in the IND and the area 

flooded in an attempt to provide a simple tool to link hydraulic parameters to the performance of 

socio-economic activities in the IND. However, simulations from an IND hydrodynamic model 

show that the relationship between water level and the extent of inundation varies greatly from 

year to year and that this relationship cannot be adequately captured by static formulas. In this 

study we first demonstrate that if the maximum water level is known in advance, an accurate 

relationship between water level and inundation extent can be derived. Secondly, we use stepwise 

regression to develop a function that forecasts maximum water levels at Mopti using observed 

streamflow and precipitation upstream of the Delta. The combination of the two results allows for 

a real-time estimation of the inundated area in the IND using observed water levels, precipitation, 

and streamflow.  

 

Keywords: Inundation extent, forecasting, hydrodynamic model, Inner Niger Delta  

 

 

 

 

 

 

                                                 
3 Haque, M. M., Seidou, O., Mohammadian, A. Djibo, A. G., (2019) Development of an improved 
relationship between water levels and flooded areas in the Inner Niger Delta, Mali, West Africa, 
Journal of Hydrology: Regional Studies (Revised) 
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6.1 Introduction 

 

Floodplains are dynamic systems that are periodically flooded, creating distinctive habitats 

through the exchange of water, sediment, and organisms (Tockner and Stanford 2002, Opperman 

et al. 2010). Flood dynamics provide numerous advantages that help the development of aquatic 

ecosystems and benefit human communities (RRP, 2016). The Inner Niger Delta (IND) in Mali, 

West Africa is one of the largest floodplains in the world and is a vast natural resource that attracts 

many people to live in and around it (Zwarts et al. 2005).  

 

Methods for estimating the inundation area can be roughly divided into three types: methods based 

on Digital Elevation Models (DEMs), methods based on hydrodynamic model simulations, and 

remote sensing methods (Chen et al. 2019). DEM methods work for small and still water bodies 

for which high-resolution bathymetry is available. They cannot be applied to moving water or 

large lakes where the water surface cannot be assumed to be horizontal. Methods based on 

hydrodynamic simulations have several advantages, but require the availability of a calibrated 

hydrodynamic model, and the input data to run it. Despite the availability of a few hydrodynamic 

models for the IND (e.g., Neal et al., 2012; Haag, 2015), these methods were not used here because 

the models were developed and operated by institutions outside of Mali, and expertise in IND 

hydrodynamic modeling has not yet been transferred to local institutions. Remote sensing is a 

widely used technique for inundation extent estimation (Bates, 2012; Bates et al. 1997). It is 

extremely useful in remote regions and in developing countries (Domeneghetti et al. 2019) where 

data collection is challenging. Several studies have used remote sensing to derive inundation 

extents and build a relationship between water level and the area flooded, such as Ogilvie et al. 

(2015), Mahe et al. (2011), Zwarts et al. (2005) and Mariko (2003). Ogilvie et al. (2015) used a 

total of 526 Moderate Resolution Imaging Spectroradiometer (MODIS) images from July 2000 to 

December 2011 to derive a relationship between inundation and water level in Mopti, Mali. Mahe 

et al. (2011) used NOAA/AVHRR images from 1990 to 2000 to map the flooded areas and link 

them to water heights at Mopti’s gauge station. Zwarts et al. (2005) derived a correlation between 

flooded areas and Akka’s water stage level by analyzing 24 Landsat images spread over several 

years. Mariko (2003) derived inundation extent using NOAA AVHRR images. An inundation 

function (a relationship between water levels and flooded areas) was developed using the average 
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water height at Mopti and Akka gauges. However, the use of remote sensing is subject to 

constraints such as unavailable or poor quality images, the presence of clouds, noisy images, and 

spectral confusion between water and non-water surfaces. Bates et al. (1997) found that the 

extrapolation of satellite-derived inundation extents to estimate the area of inundation during high 

floods was problematic.  Extrapolating the empirical equations derived by Zwarts et al. (2005) and 

Mariko (2003) during peak water levels resulted in a poor estimate of the inundation area. Another 

major limitation in the existing relationship between water levels at a reference station and the 

inundation area is that these equations are not able to accurately describe hysteresis behavior. Mahe 

et al. (2011), Zwarts et al. (2005), and Mariko (2003) stressed this matter in their studies but were 

not able to provide a solution to this problem due to an insufficient amount data on inundation 

extent. The above mentioned issues highlighted in previously published studies, suggest that 

relationships between water levels and inundation extent in the IND are highly imprecise.   

 

The main objectives of this paper were to develop a relationship between water levels at one 

reference station and predict the inundation extent in the IND that can a) have year-to-year 

variations and b) be used in real-time. Simulated timeseries of water levels and inundation extents 

were generated using a two-dimensional hydrodynamic model of the IND that was set up, 

calibrated, and validated for discharge, water level, and inundation extent. The simulated 

timeseries of water levels and inundated area were used to build a relationship between water 

levels and inundation area, given the maximum water level and maximum flooded area. Finally, 

stepwise regression was used to develop a relationship that forecasts maximum water levels and 

maximum inundation in the IND using observed streamflow and precipitation. 

 

6.2 Materials and Methods 

 

6.2.1 Overview of the methodology 

 

The methodology adopted in this paper has three main parts: 

 

4. The development, calibration, and validation of a hydrodynamic model and the 

development of a relationship between simulated water levels at Mopti and inundation 
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extent in the IND, conditioned on the knowledge of yearly maximum water levels maxH

and yearly maximum inundation extents maxI ; 

5. The development, calibration, and validation of a linear model that can forecast maxI and   

maxH given precipitation and streamflow measured on the upper Niger river basin (UNB) 

before the flood season; 

6. The combination of the relationships developed in points 1 and 2 to obtain a relationship 

between water levels at Mopti and inundation extent in the IND that changes from year to 

year. The inundation extent predicted by the new relationship is then compared to the 

predicted relationships developed by other studies, and with the inundation extent obtained 

from MODIS satellite imagery. 

 

An overview of the methodology is presented in Fig. 6.1: 
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Fig. 6.1: Overview of the methodology 

 

6.2.2 Study area  

 

The study area is the Inner Niger Delta (IND), in Mali, West Africa. The IND has relatively flat 

topography (approximately 0.036 m/km) with a network of tributaries, channels, swamps, and 

lakes providing vital habitats for fish, agriculture and livestock, and is home to many ethnic 

communities such as the Fulani herders, the Bozo and Somono, and the Marka, Bambara, and 

Sonrai. In the literature, the area of the Inner Delta varies from 36,000 km2 to 80,000 km2 (Liersch 

et al. 2012). In our study, the area spans from KeMacina and Djenne in the upstream reaches to 

Korioume in the downstream reaches, with an area of approximately 45,521 km2. We delineate the 

area in such a way that it encompasses all water bodies in the IND during high flood conditions. 

The study area is shown in Fig. 6.2. 
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Fig. 6.2: Study area of the Inner Niger Delta in Mali, West Africa within the Upper Niger river 

basin 

 

6.2.3 Development of a relationship between water levels and inundation extent 

 

6.2.3.1 Hydrodynamic model development 

 

The hydrodynamic model used in this study is similar to that of Haque (2019) except that the 

modeled area was extended to match that of Mariko (2003), Zwarts et al. (2005), Mahe et al. (2011) 

and Ogilvie et al (2015). The modeled domain is shown in Fig. 6.3. 

 

The study uses elevation data from MERIT DEM (Yamazaki et al. 2017). MERIT DEM is 

available at a resolution of three arc-sec (approximately 90 m) and was derived from SRTM 

(NASA JPL, 2013) and AW3D-30 m (JAXA, 2018) by removing multiple error components such 

as absolute bias, stripe noise, speckle noise, and tree height bias (Yamazaki et al. 2017). The 

bathymetry of Niger and the Bani river was approximated using hydraulic geometry equations 

proposed by Leopold and Maddock (1953). The procedure to derive the data can be found in Haque 

et al. (2019).  
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The hydrodynamic model (TELEMAC 2D) (Hervouet, J.M. 2007) has a mesh with 347,324 nodes. 

The time step was 120 sec for all simulations. The hydrodynamic model has eight open boundaries, 

seven of which are inlets, while one is an outlet (Fig. 6.3). The inlet boundaries were fed with 

discharge timeseries data for each of the selected years. The downstream boundary condition is 

the rating curve at Korioume. As in Haque et al. (2019), inflow at two of the inlet boundaries is 

the observed streamflow at KeMacina and Sofara. Inflows at the other boundaries were simulated 

with Soil Water Assessment Tools (SWAT) and were used to provide flow at the inlet boundaries 

which were not gauged. The model was developed by Seidou (2019) for the upper Niger and Bani 

River basins. 

 

 

 

a) 

 

Fig. 6.3: Discretization of the study area including the inlet and outlet boundaries (a); a closeup 

view of the meshes near Dire (b) and Mopti (c)  
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6.2.3.2  Hydrodynamic model calibration and validation 

 

The 2001-2002 hydrological year was chosen for calibration of the hydrodynamic model, while 

the 2008-2009 hydrological year was chosen for validation. Discharge and water levels at Mopti, 

Akka, and Dire were compared using Pearson's correlation coefficient (r) and Nash-Sutcliffe’s 

coefficient (NS) and are described in the following equations: 

 

𝑟 =
∑ (𝑥 − �̅�)(𝑦 − 𝑦)

∑ (𝑥 − �̅�) ∑ (𝑦 − 𝑦)
 (6.1) 

𝑁𝑆 = 1 −
∑ (𝑥 − 𝑦 )

∑ (𝑦 − 𝑦)
 (6.2) 

where x represents a simulated value of a variable and y the observed value. �̅� and 𝑦 are the 

averages of the simulated and observed values, respectively. 

 

6.2.3.3 Performance assessment for inundation extent 

 

Performance of simulated inundation extents was evaluated with agreement fit measures, under-

prediction measures and over-prediction measures (Taylor, 1977 and Gallien et al. 2014) and are 

given in the following equations: 

 

Agreement fit measures (𝐹 ):  

 

𝐹 =
∩

∪
                                                                     (6.3)                                                                                  

 

where EO and EP are the observed and predicted flood extents, respectively. 𝐸 ∩ 𝐸  is the 

intersection between EO and EP. 𝐸 ∪ 𝐸 is the union between EO and EP. FA values of zero and 

unity correspond to no agreement and complete agreement, respectively.  
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Under-prediction measures (𝐹 ):  

 

𝐹 =
∩

∪
                                                             (6.4) 

 

𝐹  values of 0 and 1 correspond to no under-prediction and complete under-prediction, 

respectively.  

 

Over-prediction measures (𝐹 ):  

 

𝐹 =
∩

∪
                                                               (6.5) 

 

Where 𝐹  values of 0 and 1 correspond to no over-prediction and complete over-prediction, 

respectively.  

 

Once a satisfactory calibration was obtained, the simulated inundation extent was validated using 

reference inundation extents derived from images captured by NASA’s MODIS. Two spectral 

indices were used to separate water pixels from non-water pixels. The indices are the Modified 

Normalized Difference Water Index (MNDWI) (Xu, 2006) and the Normalized Difference 

Moisture Index (NDMI) (Wilson et al. 2002). 

 

6.2.3.4 Simulation of water level and inundation extent timeseries 

 

Simulations were carried out using a wide range of hydrological years that span from extremely 

dry years to extremely wet years. The hydrological years selected to represent flooding from 

lowest to highest are: 1984-1985, 1990-1991, 2002-2003, 2001-2002, 2008-2009, 1994-1995 and 

span from1980-2012. The peak discharge of the chosen years at Mopti and Dire is given in  

 
Table 6.1, where peak discharge is presented chronologically from the lowest peak (1984-1985) 

to the highest peak (1994-1995).  
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Table 6.1: Peak discharge at Mopti and Dire.  

 

Year Maximum discharge (m3/s) 

Mopti Dire 

1984-1985 1414 1241 

1990-1991 1866 1443 

2002-2003 2072 1680 

2001-2002 2730 2022 

2008-2009 2832 2146 

1994-1995 3027 2307 

 

6.2.3.5 Choosing a reference station for water levels in the IND 

 

Mopti was chosen as the reference station in this paper. The hysteresis phenomenon can be well 

described at this station. Previously, the Mopti gauging station was used to model annual floods in 

the IND (Mahé et al., 2011; Mariko, 2003). Ogilvie et al. (2015) found a coherence between 

seasonal flood dynamics in the IND and the Mopti flow regime while analyzing the behavior with 

satellite images.  

 

6.2.3.6 Derivation of the relationship between water levels at the reference station 

and the inundation extent 

 

The method followed here is inspired by the dimensionless rating curve method introduced by 

Mishra and Seth (1998) and used in Haque et al. (2019b). The timeseries of simulated inundation 

area and water level areas were transformed into their dimensionless form. Observed water levels 

for each year have been normalized using the following formula: 

 

(𝐻 ) =                                                             (6.6) 
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where 𝐻  is the normalized water level, 𝐻 is the observed water level, 𝐻  is the minimum and 

𝐻  is the maximum water level, and 𝑖 is the ith data of the respective year. 

  

Inundation for each year has been normalized using the following formula: 

(𝐼 ) =                                                                (6.7) 

 

where 𝐼  is the normalized inundation, 𝐼 is the simulated inundation, 𝐼  is the maximum 

inundation, and 𝑖 is the ith data of the respective year.  

 

These normalized values can be used to obtain a timeseries of inundation extent with 

corresponding water levels by using the following equations: 

 

𝐼 = (𝐼 ) ∗ (𝐼 − 𝐼 ) + 𝐼                                                (6.8) 

 

𝐻 = (𝐻 ) ∗ (𝐻 − 𝐻 ) + 𝐻                                             (6.9) 

 

where 𝐼 and 𝐻 are inundation and water level, respectively.  

 

6.2.4 Development of a forecasting model for maximum water levels and inundation 

extent 

 

Prior to applying Equations 6.8 and 6.9, the yearly maximum water level and the maximum 

inundation extent must be known. In this paper, the maximum water level was forecasted using 

stepwise regression analysis with monthly discharge, monthly maximum discharge, and monthly 

average precipitation data at selected locations in the Upper Niger Basin. These data were used as 

predictors. Stepwise regression was used to screen the data (Sittichok et al. 2014, Gado Djibo et 

al. 2015) in each set of the predictors that closely match with the predictand. Then a linear model 

was established by regressing observed maximum water levels over the qualifying data obtained 

from the stepwise method. 
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6.2.4.1 Selection of the pools of potential predictors 

 

Three types of potential predictors, namely monthly average discharge, monthly maximum 

discharge, and monthly precipitation in the Upper Niger Basin (UNB) were chosen for the analysis. 

Monthly average discharge from January to September at Kouroussa, Baro, Kankan, Koulikoro, 

and KeMacina for the period from 1990-2009 were used as the first pool of potential predictors. 

Maximum monthly discharge at the same stations and for the same years formed the second pool 

of predictors. Monthly average precipitation at each of the 32 sub-basins of the SWAT model, as 

shown in Fig. 6.4 formed the third pool of predictors. Three pools of predictors are selected 

because of their location within the UNB and influence on the IND water level. However, other 

data situated at remote location such as sea surface temperature (SST) (SST in equatorial Atlantic, 

equatorial Indian, eastern equatorial Pacific, southern tropical Indian oceans, Atlantic and the 

Pacific Ocean), southern oscillation index, sea level pressure, relative humidity, air temperature 

etc. can be considered as predictors. 

 

Only months between January and September from 1979-2009 were used for this analysis as floods 

in the IND region start in September. These pools of predictors are denoted as: 

 

1. Pool 1: 
S

MQ  where  SepMarFebJanM ,...,,,  and 

 KeMacina Koulikoro, Kankan, Baro, Kouroussa,S  

2. Pool 1: 
S
MQmax  where  SepMarFebJanM ,...,,,  and 

 KeMacina Koulikoro, Kankan, Baro, Kouroussa,S  

3. Pool 1: 
Sub

MPCP  where  SepMarFebJanM ,...,,,  and  

 1,2,...,32Sub  

for example,  

at Kankun, 
S

MQ     𝑄  : Average discharge during August at Kankan 

at  Koulikoro, 
S
MQmax    𝑄𝑚𝑎𝑥  : Max. discharge during Sept at Koulikoro  

at watershed 31, 
Sub

MPCP  𝑃𝐶𝑃  : Average precipitation during April in watershed 31 
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Fig. 6.4: Upper Niger river basin (SWAT model boundary). The regions outlined in black color 

represent sub-basins (a total of 32 sub-basins) of the model  

 

6.2.4.2 Stepwise regression 

 

Stepwise regression is a statistical procedure used to identify the best independent variables from 

several possible variables and provide the best model. This approach is likely the best way to pick 

the correct predictors for the simulation (Wang et al., 2009) in this study. There are two main types 

of stepwise regression: forward and backward selections. Forward stepwise regression starts with 

no independent variables. Then it adds variables one at a time, and the new model is evaluated 

according to values with a specific criterion. Backward stepwise regression begins with all the 

independent variables in the model. It then deletes one variable at a time using the same criteria as 

defined by the user. In this paper, both forward and backward stepwise regression are used to select 

the predictors. The periods 1990-2001 and 2002-2009 were selected for the calibration and 

validation of Pool 1 and Pool 2 datasets, respectively. In Pool 3, the periods 1979-1998 and 1999-
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2009 were chosen as the calibration and validation periods, respectively. Stepwise regression was 

applied to each of the three pools of predictors to get an equation for Hmax; the outputs of the three 

equations were then combined in one single linear equation and used in the forecasting model for 

determining Hmax.  

 

6.2.5 Performance evaluation 

 

The performance of the developed relationship between water level and inundation extent is 

compared to predictions using the formulas developed by Zwarts et al. (2005), Mariko (2003) and 

Mahe et al. (2011), as described below. Zwarts et al. (2005) developed the following formula: 

 

𝐼 =
0.0005𝑥 − 0.215𝑥 + 28.807𝑥 + 194.36 (rising part)

0.0002𝑥 − 0.0687𝑥 + 25.121𝑥 + 656.14  (recession part)
                (6.10) 

 

where x is the water level gauge height (cm) at Akka station (for water level <511cm), and I is the 

inundation area in km2. 

 

The formula developed by Mariko (2003) is presented below: 

 

𝐼 =
234.07𝑒 . (rising part)

7523 ln(𝑥) − 32640  (recession part)
                               (6.11)    

 

where  x is the average water level gauge height (cm) of Mopti and Akka station, and I is the 

inundation area in km2. 

 

The equation developed by Mahe et al. (2011) is given below: 

 

𝐼 = 225.45𝑒 .                                                       (6.12) 

 

where x is the water level gauge height (cm) at Mopti station and I is the inundation area in km2. 
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The predicted inundation extents were calculated using observed water levels in the delta and 

compared to inundation extents derived from MODIS images. A list of MODIS images used to 

validate the inundation curve is given in Table 6.2. Unfortunately, similarly to Ogilvie et al. (2015), 

we found that most images captured before September contained a large fraction of clouds and 

could not be used. Therefore, most of the reference extents used in this paper correspond to the 

period of receding water. 

 

Table 6.2: List of MODIS images used for validating the relationship between water levels and 

inundation extent. 

 

Image name Image date 

MOD09A1.A2010273 30 Sep 2010 

MOD09A1.A2010321 17 Nov 2010 

MOD09A1.A2010337 03 Dec 2010 

MOD09A1.A2010353 19 Dec 2010 

MOD09A1.A2011001 01 Jan 2011 

MOD09A1.A2011033 02 Feb 2011 

MOD09A1.A2011057 26 Feb 2011 

MOD09A1.A2005305 01 Nov 2005 

MOD09A1.A2005337 03 Dec 2005 

MOD09A1.A2005353 19 Dec 2005 

MOD09A1.A2006041 10 Feb 2006 

 

6.3 Results and Discussion 

 

6.3.1 Hydrodynamic model calibration and validation 

 

The calibration and validation results are presented in the following sections. 
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6.3.1.1 Discharge and water levels 

 

The calibration and validation results of the model for discharge and water level are given in Table 

6.3. NS values are higher than 0.85 in all the simulations, confirming there is good agreement 

between simulated and observed water levels and discharge. Although, NS values were usually 

better during the calibration at Mopti and Akka, NS values were higher at Dire during validation 

for both discharge and water level.  

 

Table 6.3: Comparison of discharge and water level during calibration and validation. 

 

Station Calibration (2001-2002) Validation (2008-2009) 

 Discharge Water level Discharge Water level 

NS r NS r NS r NS r 

Mopti  0.966 0.992 0.939 0.989 0.945 0.988 0.945 0.984 

Akka 0.893 0.964 0.953 0.994 0.853 0.949 0.942 0.988 

Dire 0.913 0.963 0.913 0.972 0.985 0.995 0.932 0.982 

 

6.3.1.2 Validation of the inundation extent simulated by the hydrodynamic model 

 

Two days (16 October 2001 and 07 October 2008) were selected from the calibration and 

validation period to derive the reference inundation extent. Table 6.4 provides a short description 

of the images used in this study. 

 

Table 6.4: List of MODIS images used for calibration and validation. 

 

Image name Image date Purpose 

MOD09A1.A2001289 16 Oct 2001 Calibration of the model 

MOD09A1.A2008281 07 Oct 2008 Validation of the model 

 

The inundation extent was evaluated using the percentage of agreement, under prediction, and 

over prediction measures as described in the previous section and presented in Table 6.5.  
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Table 6.5: Inundation extent fit measures. 

 

Fit Measures Calibration  

(16 October 2001) 

Validation  

(07 October 2008) 

Agreement 69.8% 66.8% 

Under prediction  18.5% 22.2% 

Over prediction 11.7% 11.0% 

 

Results show a close agreement between the simulated and observed inundation values with a 

69.8% and 66.8% agreement for calibration and validation, respectively. It is to be noted that the 

values of agreements found in this study are relatively low compared to previous studies where 

authors used high resolution topography (e.g. Bates and De Roo, 2000; Horritt and Bates, 2001) 

but relatively high compared to the results from other data sparse areas such as Amarnath et al. 

(2015) who found 38% and Sayama et al. (2012) who found 61% for agreement. Visual 

representation of the observed and simulated inundation areas on 07 October 2008 are presented 

in Fig. 6.5. 
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Fig. 6.5: Comparison of the observed and simulated inundation extent on 07 October 2008 

during validation  

 

6.3.2 Relationships between dimensionless water level and inundation during rising and 

receding waters  

 

The simulated inundation extents of 1984-85, 1990-91, 1994-1995, 2001-2002, 2002-2003, 2008-

2009 and their corresponding water levels at Mopti were processed to obtain dimensionless water 

levels and inundation values during rising and receding flood waters. The two timeseries were 

normalized using Equations 6.6 and 6.7. The rising and receding parts of the flood data were 

separated, and two curves were fitted to the relationship between scaled water levels and scaled 

inundation extents, one for the rising flood period and one for the receding period (Fig. 6.6, Table 

6.6). 

 

Inundation from the  
MODIS image 
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Fig. 6.6: Best fit curve of the relationship between scaled water levels and scaled inundation 

extent during the period of rising flood waters (left) and receding flood waters (right). 

 

Table 6.6:  Best fit curve of the relationship between the scaled water levels and the inundation 

extent during the period of rising flood waters (left) and receding flood waters (right). 

 

Scale values during rising 

flood waters 

Scale values during receding 

flood waters 

Water level 

(Hsc) 

Inundation 

(Isc) 

Water level 

(Hsc) 

Inundation 

(Isc) 

0.027 0.006 0.951 1.000 

0.181 0.006 0.897 0.969 

0.227 0.007 0.837 0.949 

0.289 0.015 0.781 0.928 

0.359 0.033 0.761 0.920 

0.402 0.048 0.707 0.892 

0.454 0.070 0.660 0.861 

0.495 0.090 0.598 0.813 

0.548 0.121 0.553 0.772 

0.581 0.142 0.511 0.731 

0.623 0.173 0.489 0.707 

0.668 0.213 0.447 0.663 
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0.707 0.254 0.433 0.647 

0.734 0.287 0.392 0.601 

0.763 0.328 0.344 0.546 

0.796 0.381 0.307 0.504 

0.825 0.435 0.270 0.461 

0.847 0.482 0.223 0.406 

0.870 0.535 0.198 0.376 

0.882 0.565 0.163 0.334 

0.905 0.626 0.128 0.289 

0.926 0.686 0.099 0.251 

0.951 0.765 0.066 0.203 

0.973 0.844 0.052 0.180 

0.988 0.897 0.010 0.110 

1.000 0.950 0.000 0.090 

 

6.3.3 Estimation of maximum water level at Mopti  

 

To develop a model that can forecast Imax and Hmax from the pool of potential predictors, the 

timeseries of predictors were split into a calibration period and a validation period. The 1990-2001 

and 2002-2009 periods were selected for the calibration and validation of Pool 1 and Pool 2 

datasets. In Pool 3, the periods 1979-1998 and 1999-2009 were chosen for the calibration and 

validation periods, respectively. Forward and backward stepwise regression were applied to the 

calibration period to determine the best set of predictors in each of the three pools. The p-value 

used to select a predictor was set to 0.03, while the p-value used to drop a predictor was set to 0.1. 

Lower p-value was selected to guarantee the proper selection of appropriate predictors and to avoid 

multicollinearity among the variables. Table 6.7 shows the list of selected predictors for each pool. 
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Table 6.7: Selected predictor in each Pool. 

 

Predictor Pool 1 Pool 2 Pool 3 

1 Average discharge 

during August at 

Kankan (𝑄 ) 

Maximum discharge 

during September at 

Koulikoro 

(𝑄𝑚𝑎𝑥 ) 

Average precipitation 

during April in watershed 

31 (𝑃𝐶𝑃 ) 

2 Average discharge 

during September 

discharge at KeMacina 

(𝑄 ) 

Maximum discharge 

during September Ke-

Macina 

𝑄𝑚𝑎𝑥  ) 

Average precipitation during 

June in watershed 29 

(𝑃𝐶𝑃 ) 

3 - - Average precipitation during 

July in watershed 21 

(𝑃𝐶𝑃 ) 

4 - - Average precipitation 

during August in watershed 

13 (𝑃𝐶𝑃 ) 

 

The equations of the linear regression models (LM) obtained for each dataset pool are as follows: 

 

Pool 1:  

𝐿𝑀 = 264.0822 − 0.0005𝑄 + 0.001223𝑄                   (6.13) 

 

Pool 2: 

𝐿𝑀 = 265.08884 − 0.00178𝑄𝑚𝑎𝑥 + 0.00069𝑄𝑚𝑎𝑥             (6.14) 

 

Pool 3: 

𝐿𝑀 = 262.7047 − 0.0035293𝑃𝐶𝑃 + 0.0072037𝑃𝐶𝑃 + 0.0.0085746𝑃𝐶𝑃  +

0.0027352𝑃𝐶𝑃                                                                                                                      (6.15) 
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The comparison between modeled (from Pools 1 to 3) and observed maximum water levels at 

Mopti is shown in Fig. 6.7.  

 

 

 

Fig. 6.7: Linear regression model (LM) for Pool 1 (left), Pool 2 (middle), and Pool 3 (right). 

 

The R2 values for the relationships obtained from pools 1, 2, and 3 are 0.8186, 0.8355 and 0.8966 

respectively, during the calibration period, versus 0.8366, 0.919, and 0.5212 during the validation 

period. The R2 values were high for both calibration and validation periods (except for pool 3 

during the validation period). The outputs of the three linear models were combined through 

multiple linear regression techniques. We initially intended to include all the best predictors in 

Pool 1, Pool 2 and Pool 3, directly, into the regression, however, could not be able to do so because 

the data set contain variable time span. Forcing the data into equal time span led lower R2 in the 

regression.  Then, we decided to take only the outputs of three linear model (𝐿𝑀 , 𝐿𝑀 , 𝐿𝑀 ) to 

make the regression equation. The following equation was obtained to estimate the maximum 

water level at Mopti: 

 

𝐻 = −48.4807 + 0.49133 ∗ 𝐿𝑀 + 0.32663 ∗ 𝐿𝑀 + 0.36391 ∗ 𝐿𝑀              (6.16) 

 

where 𝐻  is the maximum water level at Mopti in mIGN (IGN: datum of Institut national de 

l’information’s). A comparison between the observed and estimated maximum water level using 

equation 6.16 at Mopti is shown in Fig. 6.8. High R2 values during both calibration and validation 

imply the equation can be used for future applications. 
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Fig. 6.8: Comparison between the forecasted and observed maximum water levels at Mopti.  

 

The maximum inundation extent is needed to solve equations 6.8 and 6.9. A linear model is 

established using the relationship between the maximum water level at Mopti and the simulated 

maximum inundation. The equation is shown below: 

 

𝐼 = 7376.862 ∗ 𝐻 − 1952780                                           (6.17) 

 

where 𝐼  is the maximum inundation extent and 𝐻  is the maximum water level at Mopti. 

Once the maximum water level at Mopti is known, the maximum inundation value can be 

determined by using Equation 6.17.  

 

Both the maximum water level at Mopti and maximum inundation can be forecasted ahead of time 

because both the events take place after 30th September. The timing of maximum water level at 

Mopti and maximum inundation at IND is presented in  

 

. The event of maximum water level at Mopti and maximum inundation takes place well after the 

day- September 30 of each year. The time between the actual day of occurrence of the peak water 

level and 30 September is the lead time. The lead time depends on the magnitude of the water level 

i.e. the higher the maximum water level at Mopti the higher is the lead time.  

R² = 0.8923

R² = 0.8863

265.4

265.6

265.8

266.0

266.2

266.4

266.6

266.8

267.0

267.2

265.5 266.0 266.5 267.0 267.5

Fo
re

ca
st

ed
 m

ax
im

um
 w

at
er

 l
ev

el
 

(m
IG

N
)

Observed maximum water level (mIGN)

Comparison between the forecasted and observed maximum 
water levels at Mopti

Calibration
Validation
Linear (Calibration)
Linear (Validation)



Modeling Flood Extent of a Large Wetland in a Data-Scarce Region using Hydrodynamic and Empirical Models 

133 
 

 

Table 6.8:: Lead time of the forecasted maximum water level and peak inundation extent 

Year 

Peak water level at 

KeMacina 
Maximum water level at Mopti Maximum inundation at IND 

Water 

level 

(mIGN) 

Date 

Water 

level 

(mIGN) 

Date 

Time lag 

from 

Kemacina 

(day) 

Inundation 

(km2) 
Date 

Lead time 

(days) from 

30th 

September 

1990-91 273.45 26-Sep 265.92 9-Oct 13 9147 22-Oct 23 

2002-03 274.08 28-Sep 266 8-Oct 10 11958 28-Oct 31 

2001-02 275.46 21-Sep 266.83 18-Oct 27 15876 30-Oct 30 

2008-09 275.13 29-Sep 266.95 23-Oct 24 16755 3-Nov 34 

1994-95 275.36 20-Oct 267.17 3-Nov 14 19233 24-Nov 55 

 

6.3.4 Validation of the inundation extent function 

 

The developed relationship between water levels at Mopti and the inundation extent was validated 

using data from 2010-2011 and 2005-2006. The 2010-2011 hydrological year was a relatively wet 

year, while 2005-2006 was a relatively dry year. The maximum water level at Mopti and the 

corresponding maximum inundation were forecasted using equations 6.16 and 6.17, respectively. 

The predicted inundation extents were compared to the predictions using the equations proposed 

by Mahe et al. (2011), Zwart et al. (2005), and Mariko (2003) and are shown in Fig. 6.9.  
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Fig. 6.9: Validation of the inundation extent for 2010-2011 (top) and 2005-2006 (bottom) 

 

Results show Mariko (2003), and Zwart et al. (2005) underestimate the inundation extent during 

the period of receding water in the wet year (2010-2011) and overestimate it during the dry year 

(2005-2006). The method developed in this paper better represents the reference inundation 
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obtained from MODIS images in the receding water period. Another advantage of the method 

proposed in this paper is that the maximum inundation extent is explicitly forecasted, while it is 

unknown when one uses the formulas derived by Zwarts et al. (2005) and Mariko (2003). The user 

would therefore not know when to switch from using the equation that represents the rising flood 

period to the equation that represents the receding period. Bates et al. (1997) also found that the 

extrapolation of satellite-derived inundation functions is not feasible during high flood periods. 

Several studies have highlighted the relationship between flood dynamics, particularly the 

maximum inundation extent, and the quality of ecosystem services in the IND. By explicitly 

forecasting the maximum inundation extent and providing a more accurate way to estimate flooded 

areas in the IND using a readily available variable (water level at Mopti), the method developed 

in this paper can generate useful information for decision-makers. They can, for instance, know 

how far a flood is likely to travel and inform rice growers of the optimal area to plant in a particular 

year. They can anticipate the amount and extent of forage that will be available for herders. They 

will also be able to infer the accessibility of remote villages by road and by boat simply by looking 

at the measured water levels at Mopti. 

  

6.4 Conclusions 

 

A time-varying relationship between water levels at Mopti station and inundation extent in the 

IND was developed in this paper. Simulated time series of water levels and inundation extents 

were first generated using a two-dimensional hydrodynamic model of the IND that was set up, 

calibrated, and validated for discharge, water level, and inundation extent. The simulated 

timeseries of water levels and inundated areas were used to build a relationship between water 

levels and inundation areas. The relationship is conditioned on the maximum water level and 

maximum flooded area. Finally, stepwise regression was used to develop a non-stationary 

relationship that can forecast maximum water levels and maximum inundation in the IND using 

observed streamflow and precipitation. Results show that in addition to explicitly forecasting the 

maximum inundation extent ahead of time, the inundation extent predicted with the new method 

is also more accurate than predictions calculated from formulas currently in use for the IND. This 

study can help provide valuable information to anticipate resource availability and optimize socio-

economic activities in the IND. 
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Conclusions and recommendation for future works  

7.1 Conclusions 
 

In this thesis, we have proposed procedures for the development of 2D hydrodynamic numerical 

models to simulate variables such as water level, discharge, and inundation extent in a large 

floodplain in data-sparse regions. The study area is the Inner Niger Delta. Special emphasis set on 

the derivation of topographic and bathymetric data, given that that they greatly affect the accuracy 

of the simulation yet are not readily available with the required precision and resolution in the 

study area. Six different hydrodynamic models of the Inner Niger Delta (IND) in Mali were 

developed using three different DEMs and two different downstream boundary conditions. The 

elevation data comes from two global DEMS (SRTM and MERIT) and a DEM derived from 

satellite imagery and water levels observations using the waterline methods. Given the data 

scarcity in the area, a considerable amount of input data such as bathymetry, river network, friction 

coefficient, and inundation extent were derived from secondary sources, leading to a high level of 

uncertainty in the simulations. The developed six models showed unequal performances in 

simulating water levels, discharges, and floodplain extent, with none of them outperforming the 

others in all fronts. Bayesian Model Averaging (BMA) was used to produce a more robust estimate 

of water levels and discharges using all six model outputs. It was found that specifying water levels 

as boundary conditions generally lead to better simulations, presumably because the calculation of 

water levels is more precise than the calculation of discharge in TELEMAC 2D. MERIT DEM is 

overall the best DEM among the ones considered in this paper as it is a version of SRTM that was 

post-processed to improve hydrodynamic simulations. Bayesian Model Averaging (BMA) was 

used to produce a more robust estimate of water levels and discharges using all six model outputs. 

The results of the BMA allow users to have simulations of water levels and discharge that is more 

reliable than the ones provided by individual models.  

 

A particularity of the IND is that a severe hysteresis effect is present in stage-discharge 

relationships at all hydrometric stations. Existing hydrodynamic models of the IND use a static 

stage-discharge relationship as a downstream boundary condition during both the rise and 
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recession of the flood, leading to potential inaccuracies in the simulation of the flood extent. Horritt 

(2000) observed that the accuracy of the simulations near the downstream boundary might be 

strongly affected when a hysteresis effect is present. He also noticed that the impact of the 

downstream boundary condition for dynamic circumstances would be distinct, and its impact may 

extend further upstream. In this study, the impact of the inclusion or not of the hysteresis effect in 

the rating curve at the downstream boundary of a hydrodynamic model of the IND is investigated. 

Two methods for reproducing the hysteresis effect in the downstream boundary conditions, one 

based on dimensionless discharges and levels and the other based on the modified Jones formula, 

were examined. Simulation results are compared using RMSE, ARE, and NS values. It is found 

that loop rating curve improves the simulation in the downstream area particularly on water level, 

discharge and inundation simulations. It also allows for the indirect simulation of the connectivity 

to ecologically important lakes in the IND. Improvement in the results suggests that if an area is 

subjected to hysteresis effect, hydrodynamic simulation is to perform with looped rating to obtain 

better simulation results.  

 

Finally, a novel time-varying relationship between water levels at the Mopti station and inundation 

extent in the Inner Niger Delta (IND) is developed in this thesis. Simulated time-series of water 

levels and inundation extents were first generated using a two-dimensional hydrodynamic model 

of the IND that was is set up, calibrated, and validated for discharge, water level, and inundation 

extent. The simulated time series of water levels and inundated areas are used to build a 

relationship between water levels and inundation areas. The relationship is conditioned on the 

maximum water level and maximum flooded area; finally, stepwise regression is used to develop 

a non-stationary relationship that can forecast maximum water levels and maximum inundation in 

the IND using observed streamflow and precipitation. Results show that besides explicitly 

forecasting the maximum inundation extent ahead of time, the inundation extent predicted with 

the new method is more accurate than the predictions of the formulas currently used for the IND. 

It has the potential to provide valuable information that can help anticipate resource availability 

and optimize socio-economic activities in the IND. 
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7.2 Limitations and constraints of the research 
 

After highlighting all the merits of the techniques taken in this research work, we would also like 

to point out the limitations and constraints of the research work. Most of the limitations are due 

mainly to the lack of data available for model development. Three different types of data are 

recognized as a significant limitation on the performance of the developed models. These are 

topographic, bathymetric, and flood extent data. Because of the absence of high-resolution data, 

we had to resort to DEM’s such as SRTM and MERIT. Another DEM was derived by combining 

water level and inundation extent derived from Landsat images. The vertical accuracy of these 

DEM’s is not ideal for floodplain modeling. As observed by Horritt and Bates (2002) that 

topography is the most important factor for the estimation of flood extent. This resulted in 

significant inaccuracies in the modeled flood extents. 

 

The bathymetric data used in the thesis is highly uncertain as it was estimated using the geometric 

equations proposed by Leopold and Maddock (1953). The river bed elevation of four locations 

such as KeMacina, Mopti, Akka, and Dire are hence approximative. The river bed elevations for 

the other points in the rivers and channels were estimated by assuming a linear variation based on 

those four locations.   

 

The mesh size of the model in the northern part of the study area needs to be of finer resolution 

than the existing one. The existing mesh density is unsuitable for capturing the flood extent as the 

channel width in-between the east-west running dune is narrower than 300m (Dickens et al. 2018), 

which is lower than the smallest size of a mesh. Improvement of the flood extent in this region can 

be achieved if we can use increased mesh density, i.e. each mesh size is smaller than 300m. 

 

The model did not include any infrastructure in the study area. The presence of bridge, culvert, 

embankment, and any other structural interventions in the domain may affect the flow 

characteristics. The simulation result can be improved with the inclusion of such structures with 

their proper dimensions and alignment.  

 

Because of the absence of observed flood extent, Landsat and MODIS images were used for the 

delineation of flood extent maps. These maps were used for model setup, calibration, and 
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validation purposes. Flood extent could not be derived properly because the resolution of images 

especially for MODIS image is low (about 500m). The fact that MODIS and Landsat use optical 

imagery also contributed to decrease the accuracy in the flood extent map. That inaccuracy most 

likely influenced the quality of calibration and analysis that was done on the satellite-derived 

inundation extent data.   

 

Evaporation is an important parameter that influences the water balance at IND. A substantial 

amount of water loss takes place from IND due to evaporation. Evaporation was kept constant 

throughout the simulation, which may have influenced the accuracy of the result. We kept 

evaporation constant in our model to simplify the simulations. Exclusion of rainfall from the model 

may also have influenced the accuracy of the simulation result.  

 

7.3 Recommendation for Future work 
 

There are several other aspects of this work that can be considered to continue the research 

presented in this thesis:  

 

Inclusion of time-varying evaporation and rainfall into the simulation 

 

In this study, for the sake of simplicity, we have used constant evaporation.  Evaporation in IND 

varies both spatially and temporally. Evaporation is closely proportional to the flood extent. Years 

with larger flood extent have higher evaporation than years with lower flood extent. The quality 

of the simulation can be improved by incorporating the yearly variation of the evaporation. While 

losses can be quantified from inflow and outflow, water level, and simulated inundation extent 

time series of IND, it has proven to be particularly difficult to separate evaporation from 

infiltration. Once a better estimate of the spatio-temporal variation of evaporation is obtained, it 

can be incorporated into the simulation in such a manner that in every time step a new evaporation 

value is calculated from the simulated water level, and the calculated evaporation can be used as 

an input for the next computation step. In this case, the TELEMAC source code needs to be 

modified to include the evaporation function in the simulation. 
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Rainfall was not considered into the model because that rainfall at the upper Niger basin drives the 

flooding pattern of the IND. Given that the IND is a large wetland, rainfall over the IND can affect 

the water balance. Considering rainfall into the model may improve the quality of the result. It is 

recommended to include the daily time series of rainfall during the simulation. This can be 

included in the simulation by modifying the TELEMAC source code.  

 

Use of SAR image for the extraction of flood extent 

 

The estimation of the inundated area can be improved by using freely available SAR images such 

as ENVISAT or high-resolution optical images such as Sentinel-1 and Sentinel-2. 

 

Increasing the mesh resolution for the Northern part  

 

The northern part of the IND contains east-west running dunes in between where the channels are 

situated. These dunes affect the flood propagation but are difficult to capture in the mesh, given 

that they are less than 300m wide (Dickens et al. 2018). A higher mesh resolution is needed to 

better capture the topography/bathymetry at this part.   

 

Bathymetric survey at key locations 

 

Bathymetric information can be improved and enriched by surveying key river cross-sections. It 

is recommended to collect cross-section data by surveying of the Niger river at least at the key 

locations such as KeMAcina, Mopti, Akka, Dire. Once cross-section data at upstream and 

downstream of each of the small channels are available, this would enrich the existing bathymetric 

data, and thus it helps improve the quality of the simulation result.  

 

Environmental flow calculation 

 

The developed model can be used to estimate environmental flow (hydrodynamic perspective) that 

is necessary for IND to maintain a habitat for ecosystem production. A time series of annual 

inundation can be derived from the model simulation. The magnitude of inundation corresponding 
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to a given exceedance probability can be estimated and used for environmental flow estimation. 

Tennant (1976) recommended 10% of the mean annual flow (MAF) to be the lowest instantaneous 

flow to sustain short-term survival of aquatic life, while > 30% MAF was recommended to provide 

flows where the biological integrity of the river ecosystem as a whole was sustained. Here, we can 

adopt a value of the exceedance probability (say 70%) of inundation extent and determine the 

corresponding MAF. The maximum of the MAF among the hydrological and hydraulic methods 

can be selected as the desired environmental flow to be maintained for IND. 

 

Forecasting maximum water level and maximum inundation  

 

As discussed in Chapter 6, maximum inundation can be estimated if the maximum water level 

(MWL) at Mopti is known. Stepwise regression is applied to screen significant predictors to 

forecast the MWL. Three types of datasets were chosen for the method and ended up having a 

model that can forecast the MWL. It is found that MWL correlates with the precipitation of the 

Inner Niger basin, which is situated in the Sahel region. Several authors (Garric et al. 2002, 

Sittichok et al. 2014, Gado Djibo et al. 2015) were successful in predicting the precipitation in 

Sahel. They used datasets such as sea surface temperature (SST) (SST in equatorial Atlantic, 

equatorial Indian, eastern equatorial Pacific, southern tropical Indian oceans, Atlantic and the 

Pacific Ocean), southern oscillation index, sea level pressure, relative humidity, air temperature. 

A potential research topic is a systematic search of the best data sets among the predictors 

mentioned above using stepwise regression, to predict the maximum water level with a sufficient 

precision well before it is reached.  This kind of information would be extremely useful for the 

water-dependent community in IND who can then prepare their land for cultivation according to 

the magnitude of the coming flood.  
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