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Abstract
Flooding is one of the deadliest climate hazard faced in Nigeria and recent times flood frequency and intensity has 
increased drastically. Lower Niger River at Lokoja-Kogi State tends to experience flood due to its location at the 
confluence of Niger and Benue Rivers. This research combined QGIS and HEC-RAS analysis to forecast the 
characteristics and spatial delineation of flood hazard zones using the hydrological data spanning 1995-2020. The 
Flood frequency analysis was conducted using Gumbel Extreme Value Distribution and the Return periods of 5, 10, 
20, 30, 50, 100, 200 and 300 years were estimated. The corresponding peak discharges were 24,325 m³/s, 27,184 m³/s, 
29,926 m³/s, 31,504 m³/s, 33,476 m³/s, 36,137 m³/s, 38,787 m³/s, and 40,335 m³/s, with associated water levels of 10.8 
m, 11.6 m, 12.4 m, 12.7 m, 13.5 m, 14.3 m, 15.0 m, and 15.5 m, respectively. The model was calibrated with the 2012 
flood and the simulated water level of 12.59 m compared closely with the observed level of 12.8 m. Simulation of the 
flood hazard assessment shows that with an increase in the return period there is a gradual increase in the discharge 
and flood extent as well. When compared to the historic flood event of 2012 (31,692 m³/s; 12.8 m) there is roughly a 
14% increase in discharge for the 100-year return period and more than a 27% increase for the 300-year return period. 
In conclusion, the combination of QGIS and HEC-RAS offers an effective data-driven methodology for flood 
prediction and hazard mapping to inform better flood risk management, spatial planning, and climate adaptation 
strategies in the Lower Niger Basin.

Introduction

Flooding remains one of the most destructive 
environmental hazards globally because of its far-
reaching effects on human life, infrastructure, 
agriculture, public health, and regional economies. In 
riverine environments, floods occur when water 
volumes exceed channel capacity and spill onto 
adjoining floodplains, submerging lands that are 
ordinarily dry (Emmanuel et al., 2015; Rincón et al., 
2018). Such events are particularly severe in large river 
basins where dense populations, critical infrastructure, 
and agricultural activities concentrate along low-lying 
alluvial corridors. As emphasized by Afzal et al. (2022), 
floods are catastrophic natural hazards with major 
implications for both mortality and economic stability, 
while Santos et al. (2019) similarly noted that river 
flooding is a recurrent global disaster associated with 
extensive material and human losses. Beyond natural 
hydrometeorological controls, floods may also be 
intensified by hydraulic infrastructure failure or sudden 
water releases from dams. The 2012 inundation across 
much of the Lower Niger-Benue system in Nigeria, 

widely linked to release from the Lagdo Dam in 
Cameroon, remains an important historical reminder of 
the scale of devastation that can be produced when 
extreme river discharge interacts with highly exposed 
floodplain communities.

The growing urgency of flood studies is further 
reinforced by the changing hydroclimatic regime now 
observed in many parts of the world. Climate change is 
increasing the frequency, magnitude, and uncertainty of 
extreme hydrological events, thereby complicating 
prediction and intensifying the vulnerability of already 
exposed populations (IPCC, 2021; Korah & Cobbinah, 
2019). In many African basins, however, flood-risk 
studies still tend to treat river systems as though they 
were spatially uniform, often overlooking the social, 
environmental, and geomorphic heterogeneities that 
influence flood generation, routing, inundation depth, 
and impact severity (Gaisie & Brandful, 2023; 
Ramayanti et al., 2022). This limitation becomes 
especially critical in large convergent drainage systems 
such as the Lower Niger Basin, where interactions 
among upstream inflow, channel morphology, 
floodplain storage, settlement patterns, and land-use 
conversion can produce highly variable flood behaviour 
across relatively short distances. For environmental 
planning and public safety, therefore, reliable estimates 
of flood timing, magnitude, depth, and extent are 
indispensable for early warning, land-use regulation, 
infrastructure protection, and disaster-response 
planning.
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In this regard, the integration of remote sensing, 
Geographic Information Systems (GIS), and hydraulic 
modelling has become one of the most effective 
approaches for contemporary flood analysis. GIS and 
remote-sensing datasets enable rapid extraction, 
processing, and visualization of terrain, land-cover, 
drainage, and inundation information, thereby 
improving both model setup and hazard interpretation 
(Schumann et al., 2018; Nharo et al., 2019). Compared 
with conventional field-based delineation methods, 
these techniques allow faster, broader, and often more 
accurate flood-extent estimation, particularly over large 
or logistically difficult terrains (Grežo et al., 2020). 
Flood hazard maps derived from such integrated 
workflows provide critical decision-support tools for 
identifying zones susceptible to inundation and for 
guiding planning related to settlement control, 
infrastructure placement, insurance evaluation, and 
disaster-risk reduction (Chen et al., 2022; Liu et al., 
2021). Within this broader methodological context, 
QGIS offers a flexible geospatial platform for terrain 
processing, spatial data integration, and map 
production, while HEC-RAS provides a widely 
accepted hydraulic modelling environment for 
simulating water-surface profiles and floodplain 
inundation under defined discharge scenarios.

The Lower Niger River Basin presents a compelling 
setting for the application of these tools because of its 
strategic downstream location, low-lying floodplain 
characteristics, and growing anthropogenic pressure. 
Urban expansion, agricultural development, and other 
land-surface modifications within the basin have 
progressively increased runoff generation and reduced 
infiltration, thereby exacerbating flood susceptibility in 
communities located near active river channels and 
flood-prone lowlands. Nigeria's recent flood history 
illustrates the seriousness of this problem. Although 
flooding is a recurrent phenomenon across the country, 
the 2022 flood disaster was widely regarded as the most 
severe since the 2012 event (Maclean, 2022). Reports 
indicate that more than two million people were affected 
during the 2022 floods (Akbarzai et al., 2022), while 
fatalities exceeded 600 and injuries surpassed 2,400 by 
October of that year (Maclean, 2022); earlier reports had 
already documented 372 deaths by August (Matthew, 
2022; Davies, 2022). Public-health consequences were 
also severe, including flood-related contamination of 
water sources and a cholera outbreak in northeastern 
Nigeria that caused at least 64 deaths (Davies, 2022). In 
addition, over 200,000 houses were reportedly 
destroyed or damaged, and approximately 110,000 
hectares of agricultural land were devastated (Adetayo, 

Flood modelling provides the principal analytical 
framework through which these processes can be 
understood and translated into actionable hazard 
information. In general terms, flood models are 
mathematical representations of hydrologic and 
hydraulic processes designed to reproduce the temporal 
and spatial behaviour of floodwaters and the hazards 
associated with them (Nikoo et al., 2016; Gori et al., 
2019). These models support a wide range of 
applications, including flood forecasting, flood-risk 
assessment, mitigation planning, and emergency 
management (Wu et al., 2019; Psomiadis et al., 2021). 
Hydrologic models are commonly used to transform 
rainfall inputs into runoff responses, thereby estimating 
how much water enters a river system and when that 
contribution occurs within a catchment (Herrera et al., 
2022; Duchan et al., 2022). Hydraulic models, by 
contrast, simulate the movement, storage, and stage 
behaviour of water within channels and floodplains as 
controlled by channel geometry, roughness, slope, and 
boundary conditions. Depending on study objectives, 
modelling frameworks may be continuous, for 
analysing long-term hydrological variability, or event-
based, for reproducing specific extreme events and their 
consequences (Filipova et al., 2019; Winter et al., 
2019).

Model dimensionality is another important 
consideration in flood studies. One-dimensional (1D) 
models are computationally efficient and remain widely 
used for channel-flow simulation; however, they often 
simplify lateral exchanges and may not adequately 
represent the complex hydraulics of floodplain 
inundation. Two-dimensional (2D) approaches are 
generally more suitable where the objective is to depict 
the spread of water both along and across floodplains, 
even though they demand greater computational effort 
and more detailed data inputs (Pinos et al., 2019; Hankin 
et al., 2019). Yet regardless of the modelling approach 
adopted, flood prediction is often constrained by 
uncertainty arising from incomplete or inaccurate 
hydrological, meteorological, topographic, and land-
use data (Mondal et al., 2023). In response, recent 
studies have increasingly incorporated advanced 
uncertainty-handling techniques such as Bayesian 
inference, Monte Carlo simulation, and optimization 
algorithms to improve model calibration and 
performance under data-limited conditions (Bauer-
Marschallinger et al., 2022; Clare et al., 2022; Diao et 
al., 2022). These advances have significantly enhanced 
the robustness of modern flood assessment, but they do 
not eliminate the need for reliable spatial datasets and a 
strong geospatial framework for model implementation.
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2022). The broader humanitarian implications were 
equally alarming: according to the United Nations 
system, the flooding significantly worsened food 
insecurity, with about 19 million people affected and 
14.7 million children placed at risk of malnutrition, 
including large numbers vulnerable to severe acute 
malnutrition in northern and northwestern states (UN, 
2022). These figures underscore the national 
importance of flood-risk assessment and the need for 
scientifically defensible prediction tools for areas 
influenced by the Niger River system.

Despite the frequency and severity of flood disasters in 
Nigeria, scientific and engineering information on 
inundation extent and return-period behaviour for the 
Lower Niger River remains insufficient for proactive 
planning. Many vulnerable populations continue to 
reside on floodplains and often return to the same 
locations after floodwaters recede, thereby sustaining a 
cycle of repeated exposure and loss. The lack of 
dependable local-scale flood prediction and hazard 
mapping has therefore remained a critical gap for 
communities, institutions, and decision-makers 
concerned with risk reduction and resilience building. It 
is against this background that the present study applies 
QGIS and HEC-RAS to predict flood behaviour and 
delineate hazard zones along the Lower Niger River. 
Specifically, the study processes and analyses relevant 
geospatial datasets within QGIS, applies the Gumbel 
Extreme Value Distribution to estimate flood 
magnitudes for return periods ranging from 5 to 300 
years, simulates the corresponding flood extents in 
HEC-RAS, and compares the simulated inundation 
patterns with the well-documented 2012 flood event. By 
combining geospatial analysis with hydraulic 
modelling, the study seeks to generate practical 
evidence for flood-risk monitoring, hazard 
communication, and strategic mitigation planning in 
one of Nigeria's most environmentally and 
socioeconomically important river basins.

Methodology

Study Area Description

Kogi State bridges two major Nigerian geological 
provinces: the Precambrian Basement Complex in the 
western and central parts, and the Cretaceous to Recent 
sedimentary formations associated with the Anambra 
and Benue Basins in the eastern and riverine lowlands 
near the Niger–Benue confluence (Nigerian Geological 
Survey Agency, 2010; Offodile, 2002). The Basement 
Complex  i s  p r edominan t ly  composed  o f  
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migmatite–gneiss, schist belts, and older granites, with 
occurrences of charnockites and gabbroic intrusions. 
Mineralization, including gold, iron, and cassiterite, is 
commonly associated with these basement formations 
and structural features (Rahaman, 1988; Kogbe, 1989). 
In contrast, the sedimentary sequences consist mainly of 
sandstones, shales, and localized coal deposits, 
alongside extensive alluvial materials distributed along 
river valleys and floodplains (Kogbe, 1989).

The hydrological data utilized in this study were 
obtained from the gauging station located along the 
Lower Niger River in Lokoja, positioned at Latitude 
07°52'12.69"N & Longitude 06°46'29.75"E, at 
theonfluence of the Niger and Benue Rivers (Nigeria 
Hydrological Services Agency, 2020).

Data Collection

A variety of current and past years' data were gathered, 
analyzed, and collated in order to create the flood 
modeling and simulation. The Lower Niger River 
floodplain's hydrological and hydraulic conditions are 
evaluated using these data as the foundation for further 
research and interpretation of the model's findings. 

In this study, NASA web imagery was used to provide 
accurate terrain and surface information required for 
hydraulic modelling. The NASA imagery specifically 
served as the primary source for extracting river 
geometry, including channel alignment, floodplain 
extent, & elevation characteristics. The Digital 
Elevation Model from NASA provided topographical 
data based on elevation that affect water flow and flood 
behaviour.

Furthermore, the imagery enabled the identification of 
key physical features such as riverbanks, surrounding 
landforms, and low-lying areas susceptible to flooding. 
These features were processed and geo-referenced 
within QGIS before being integrated into the HEC-RAS 
environment through RAS Mapper. 

According to model requirements, the significant data 
include water level, discharge and various web imagery 
data. All collected data are summarized in the Table 1.

Discharge & Water Level Data

The Flow and Stage-hydrographs of Lower Niger River 
were extracted from the Lokoja gauge station of Nigeria 
Hydrological Services Agency yearbook for the year 
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This software was used for geo-referencing & for 
processing of web images utilized in the study. 

Preprocessing in RAS MAPPER

Geospatial preprocessing and hydraulic model 
development were carried out using RAS Mapper 
within the HEC-RAS environment, where geo-
referenced datasets were processed to generate model-
ready inputs from the Digital Terrain Model and 
associated spatial data (Figure 2). The river geometry 
was established by digitizing the river centerline, which 
defines the flow direction and extent of the model 

1995-2020 of the Federal Ministry of Water Resources. 
The Maximum annual discharge was used as Upper 
Limit boundary condition for the HEC-RAS simulation 
while the water level data was used as downstream 
boundary condition for the simulation. Table 2 shows 
Maximum Annual Discharge & Water Level (NIHSA, 
2023).

Quantum Geographic Information System (QGIS)

QGIS is a cross-platform desktop geographic 
information system (GIS) application that supports 
viewing, editing, printing, & analysis of geospatial data. 

Fig. 1: Map showing the study area

Table 1: Summary of data type
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domain, extending from upstream to downstream along 
the Lower Niger River (Figure 3). Bank lines were 
traced to the left and right of the main channel to 
distinguish it from the floodplain, which enabled 
hydraulic properties such as Manning's n values to be 
applied differently to each area (Figure 4). Flow paths 
were delineated to allow flow routing to take place along 
the left overbank, the main channel and right overbank. 
The delineation of flow paths enables the downstream 
reach length to be calculated correctly by the model 
(Figure 5). Cross-sections were created orthogonal to 
the flow paths. Cross-sections are used as inputs into the 
hydraulic model and allow terrain elevations to be 
modelled from one side of the channel to the other 
across the floodplain (Figure 6). Cross-sections cut 
through the centreline, bank lines and flow paths 
allowing important hydraulic information such as bank 
stations, flow distances and geometry of the channel to 
be calculated. Manning's roughness coefficients were 
applied to each cross-section according to land cover. 
These values play a significant role in representing 
energy losses during flow and improving the realism of 
the simulation. Collectively, these processes ensured 

accurate representation of river geometry and 
floodplain characteristics, forming a reliable basis for 
subsequent flood modelling and analysis.

Table 2: Water quality assessment result

Fig. 2: RAS Mapper geometry processing

Centerline

Fig. 3: Lower Niger River Centerline

Bank Line

Fig. 4: Bank Line



15Journal of Engineering Geology and Environmental Research, Vol.2, 2026.

The Unsteady Flow Analysis

The Unsteady Flow Analysis window in HEC-RAS is a 
key component where simulations are performed and 
the analyses related to unsteady flow conditions in 
rivers and channels. Unsteady flow refers to situations 
where water flow varies with time, and it's essential for 
modeling events like floods or rapidly changing river 
conditions. For this research, unsteady flow analysis 
was carried out to simulate the various discharge 
readings from April, 2010 to March, 2020.

Calibration of HEC-RAS Model

The HEC-RAS model was calibrated referencing the 
September, 2012 flood stage (m) at Lokoja gaging 

station of 12.8m (NIHSA, 2023; Emmanuel et al, 2015). 
From the figure below, the water level from the 
simulation is 12.59m which falls within range to 
confirm the authentication of the model and the 
simulation.

Return Periods Calculation

For flood prediction of the case study, Gumbel' Extreme 
value distribution method was utilized to obtain the 
flood return periods of 5, 10, 20, 30, 50, 100, 200 and 
300years. Gumbel (1941) proposed this extreme value 
distribution, which is frequently referred to as Gumbel's 
distribution. In hydrologic and meteorological research, 
it is one of the most often used probability functions for 
extreme values to forecast flood peaks, maximum 

Flow Path

Fig. 5: Flow Path

Cross Section

Fig. 6: Cross Section

Fig. 7: Manning’s ‘n’ values template
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rainfall, maximum wind speed, etc. The following 
represents the Gumbel's Distribution equation with 
return time T:

     ....................................................(1)

Where, 
ó  = Standard Deviationx

K is Frequency Factor which is expressed as:

K=    ...................................................................(2)

Fig. 8: Calibration of the model (water surface elevation of 42.59):  (Note: the Datum height is 30m and the water level is 12.59m)

Fig. 9: Unsteady Flow Analysis
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Y  is reduced variate:t

Y  =           ...............................................(3)1

Y  and S  are selected from Gumbel's extreme volume n n

distribution table considered depending on the sample 
size (n).

In order to estimate the design flood for different return 
periods, the following steps are adopted:

Step I: the annual peak flood is found in the daily data 
for a period of time.

variant Y  is computed using equation (3).t

Step V: Flood frequency function K is computed using 
equation (2), given Y , S  & Y .n n t

Step VI: based on equation (1), the magnitude of flood 
is computed. 

Before applying this method for flood frequency 
analysis one should first verify whether the input flood 
data series depicting the study area conforms to 
Gumbel's distribution or not. The return period is 
assigned to each flood and the observed data is graded 
on descending scale (highest to lowest). By using 
equation (2), we compute the reduced variate 
corresponding to each flood. A graph of reduced variate 
& flood magnitude is plotted; if the plot yields a straight 
line, then we can safely assume that the observed flood 
data follows Gumbel's distribution and is considered to 
fit well.

Table 3: Maximum Annual Discharge and Water Level

Step II: from series of annual maximum flood (step I) 
for n years the mean X  & ó  are computed using:T x

        ..............................................................(4)

         ............................................... (5)

Step III: In the Gumbel's extreme value distribution 
table, the Y  & S  values are obtained depending on n n

sample size (n). The Gumbel's extreme value 
distribution table is presented in Appendix II. 

Step IV: from expected return period T , the reduced r

Table 4: Ranked Maximum Annual Discharge and Water Level

From the above, the Mean and Standard Deviation is 
calculated using equations 4 and 5 above.

=  
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noticeable increase in flood extent as the return period 
becomes higher. This pattern can largely be explained 
by the physical characteristics of the Lower Niger River 
system. The study area is located at the confluence of the 
Niger and Benue Rivers, where the river channel tends 
to widen, the slope becomes gentler, and sediments are 
deposited over time. These conditions reduce the ability 
of the channel to confine flow, especially during periods 
of high discharge, causing water to spill over the banks 
and spread across the floodplain. As a result, the extent 
of flooding increases significantly with rising discharge 
levels.

Further analysis indicates that the flood extents 
associated with the 100-year and 300-year return 
periods are considerably larger than that recorded 
during the 2012 flood event. This increase is not only 
due to higher discharge values, reaching up to about 
27% above the 2012 level, but also reflects reduced 
channel capacity caused by sediment build-up and 
increasing human activities within the floodplain. 
Similar behaviour has been observed in other low-
gradient alluvial river systems, where floodwaters tend 
to spread widely under extreme flow conditions.

From the table of Reduced Mean & Reduced Standard 
Deviation in Gumbel's Extreme Value Distribution for n 
= 26;

Y   =  0.5320n

S =  1.0961n   

Table 5: Reduced Variate

Fig. 10: Coefficient of Determination for Gumbel Extreme Distribution

The Figure 10 above with coefficient of determination/ 
2

R-square value (R )= 0.9856 indicates that Gumbel's 
extreme distribution is good fit for input flood data 
series. Therefore, adoption of Gumbel's Distribution for 
the determination of the various return periods for flood 
prediction at the Lower River Niger areas is satisfactory.

Results

Simulation

After all the necessary inputs were made in HEC-RAS, 
the simulation was run on the RAS Mapper to visualize 
the physical extend of the flood within study area.  

Geometric Results from the HEC-RAS simulation

Discussion of Results

The results from the simulation show a steady and 

Fig. 11: Expected Discharge for the Return Periods

Fig. 12: Expected Water Level Return Periods
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issues such as seepage and piping may develop. These 
conditions can weaken foundations and damage roads 
and embankments within affected areas.

The widening of flood-prone zones also raises 
important concerns for urban planning and 
infrastructure development. Many settlements and key 

From a geotechnical standpoint, the increasing intensity 
of flooding poses serious concerns for soil behaviour 
and infrastructure stability. Extended periods of 
flooding lead to soil saturation, which reduces shear 
strength and makes riverbanks more prone to erosion 
and possible collapse. In clayey soils, this may lead to a 
loss of load-bearing capacity, while in sandy soils, 

Fig. 13: Result for 30yr Return Period with a Water Level of 13.59m

Fig. 14: Result for 50yr Return Period with a Water Level of 13.89m
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facilities located in low-lying areas are becoming 
increasingly exposed to flood risks. If development in 
these areas continues without proper control, the level of 
vulnerability will only increase. The findings therefore 
emphasize the need for effective floodplain regulation, 
the integration of flood risk data into planning 
processes, and the design of infrastructure that can 

withstand extreme flood conditions. 

Conclusion

This study has shown that integrating QGIS and HEC-
RAS provides a reliable and practical framework for 
predicting floods and mapping hazard zones in the 

Fig. 15: Result for 100yr Return Period with a Water Level of 14.29m

Fig. 16: Result for 200yr return period with a Water Level of 14.66m
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Fig. 17: Result for 300yr return period with a Water Level of 14.86m

Fig. 18: Google Satelite Imagery of the study area showing the normal 
water body and the surrounding environment before flooding.

Fig. 19: Map Imagery of the study area showing simulated flood of 
Sepember 2012.

Fig. 20: Map Imagery of the study area showing simulated 30yr Return 
Period against the simulated 2012 flood.

Fig. 21: Map Imagery of the study area showing simulated 50yr Return 
Period against the simulated 2012 flood.
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overbank flooding. Beyond hydrological impacts, 
repeated flooding has serious geotechnical 
consequences, including soil saturation, reduced shear 
strength, erosion, and loss of foundation stability. These 
conditions pose substantial risks to infrastructure such 
as roads, embankments, and buildings within the 
floodplain.

From an engineering and planning perspective, the 
study demonstrates that relying solely on historical 
flood records is no longer sufficient for effective risk 
assessment. Instead, predictive modelling should be 
fully integrated into infrastructure design, urban 
development, and floodplain regulation. The findings 
strongly support the need for targeted mitigation 
measures, including improved drainage systems, 
controlled land use, riverbank stabilization, and 
efficient early warning systems.

Overall, this study not only quantifies the growing flood 
risk in the Lower Niger region but also provides a clear, 
data-driven basis for action. Implementing such 
integrated modelling approaches is essential for 
reducing vulnerability, improving resilience, and 
supporting sustainable development in flood-prone 
areas.

Lower Niger Basin. The findings clearly indicate that 
both flood magnitude and spatial extent increase with 
return period. In particular, projected discharges exceed 
the 2012 flood by about 14% for the 100-year event and 
over 27% for the 300-year event, resulting in a 
significant expansion of inundated areas, especially 
within low-lying and morphologically sensitive zones.

The results further highlight the strong influence of river 
morphology on flood behaviour. Channel widening, 
sediment accumulation, and reduced flow velocity all 
contribute to limited flow confinement and increased 

Fig. 22: Map Imagery of the study area showing simulated 100yr 
Return Period against the simulated 2012 flood.

Fig. 23: Map Imagery of the study area showing simulated 200yr 
Return Period against the simulated 2012 flood.

Fig. 24: Map Imagery of the study area showing simulated 300yr 
Return Period against simulated 2012 flood.
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