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Abstract: Flood risk mapping is spreading in the Global South due to the availability of
high-resolution/high-frequency satellite imagery, volunteered geographic information,
and hydraulic models. However, these maps are increasingly generated without the
participation of exposed communities, contrary to the Sendai Framework for Disaster Risk
Reduction 2015–2030 priorities. As a result, the understanding of risk is limited. This
study aims to map flood risk with citizen science complemented by hydrology, geomatics,
and spatial planning. The Niger River floods of 2024–2025 on a 113 km2 area upstream of
Niamey are investigated. The novelty of the work is the integration of local and technical
knowledge in the micro-mapping of risk in a large area. We consider risk the product of a
hazard and damage in monetary terms. Focus groups in flooded municipalities, interviews
with irrigation perimeter managers, and statistical river flow and rainfall analysis identified
the hazard. The flood plain was extracted from Sentinel-2 images using MNDWI and
validated with ground control points. Six classes of assets were identified by visual photo
interpretation of very high-resolution satellite imagery. Damage was ascertained through
interviews with a sample of farmers. The floods of 2024–2025 may occur again in the next
12–19 years. Farmers cannot crop safer sites, raising significant environmental justice issues.
Damage depends on the strength of the levees, the crop, and the season. From January
to February, horticulture is at a higher risk. Flooding does not bring benefits. Risk maps
highlight hot spots, are validated, and can be linked to observed flood levels.

Keywords: community participation; flood damage; flood risk map; horticulture; local
knowledge; MNDWI; multi-hazard; paddy fields; risk management; Sentinel-2

1. Introduction
Flood exposure in Sub-Saharan Africa has increased in recent years [1]. More frequent

heavy rainfall on already saturated or barren soils increases runoff, feeds rivers with often
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silted-up beds, and turns into floods [2–5]. Incessant demographic pressure has extended
settlements and crops into flood-prone zones. According to the Sendai Framework for
Disaster Risk Reduction, understanding risk is the first priority, and to achieve it locally, it
is important to develop risk maps [6].

Rapid mapping is today’s most widely used way to determine flood zones. It is
offered on a global scale just after a disaster and without ground truth by several organiza-
tions, including UNOSAT, which has been working in support of the United Nations since
2003, Copernicus Emergency Management Service Rapid Mapping of the European Union
(since 2012), and SERTIT-Service Régional de Traitement d’Image et de Télédétection of
the University of Strasbourg (since 2015). Rapid mapping uses different input data and
techniques [7,8]. The Modified Normalized Difference Water Index (MNDWI) extracts the
flood plain from satellite images. The maps are supplemented by the road network, place
names, and utilities freely provided by volunteered geographical information. Concern-
ing flood impacts, rapid mapping extracts population density from WorldPop gridded
population datasets and agriculture, vegetation, and built-up land cover from satellite
images. However, the duration of the flood was not considered despite being one damage
determinant. Nor was the phenological stage of crops considered. Rapid mapping is widely
practiced in Asia. South of the Sahara, it is less common and favors individual watersheds
or small areas [9–29].

Risk mapping was added to rapid mapping following catastrophic floods in the
United States and Central Europe [30,31]. Maps determine risk as a product of hazard,
exposure, and vulnerability; indicators measure each determinant, and risk is expressed
according to a qualitative scale (high to low). Hazard, for example, is determined by
indicators of flood triggers such as slope, flow accumulation, land cover, soil type, and
precipitations. However, only 10% of the works expressed hazard as a statistical probability
of occurrence [32–57]. River flow records could be used to estimate the flood frequency
curve of flood peaks. However, the magnitude of recent floods has highlighted that statistics
should be updated, and events once considered extraordinary are becoming much more
frequent. The maps do not highlight the highest risk assets. At best, the risk level by
administrative jurisdiction is extracted [44,46,48]. Risk mapping soon spread to Asia, but
more rarely south of the Sahara (Table A2).

In parallel, quantitative risk assessment models were developed, such as HAZUS
multi-hazards by the Federal Emergency Management Agency in the US. Models consider
the hazard and potential damage expressed in monetary terms per unit area [58]. These
models have had less reverberation in the Global South. The lack of input data is probably
among the most important reasons. Flood depth-damage curves for specific buildings
and crops in the Global South are rarely available. Land registers are missing. Detailed
land-use mapping does not capture essential assets, such as horticulture, which in many
rural regions is the livelihood of local communities.

Despite these limitations, quantitative risk mapping remains invaluable for estimating
potential damage, damage after a disaster [59], and the cost/benefit of risk reduction [60].
Due to the context of urgency in which flood maps are produced and the large scale at
which they are represented, flood rapid maps and risk mapping are top-down products.
Without ground validation and the involvement of exposed communities in 75% of cases
(Table A2), maps prepared so far have had an indeterminate accuracy and are of little use
for local flood prevention. Consequently, genuine flood risk mapping in the South of the
Sahara and, in many cases, in the Global South is lacking, especially in rural areas.

Citizen science could improve risk mapping [61]. The problem is developing partic-
ipatory, damage-based, quantitative flood risk mapping. This raises a research question:
How can local and technical knowledge enhance the understanding of risk provided so far
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by risk mapping? Current flood risk mapping will not contribute to risk management if
this question remains unanswered.

Therefore, this study aims to develop an expeditious approach to river flood risk
mapping based on local knowledge supplemented by hydrological analysis, satellite-based
mapping, and spatial planning within a standardized risk management process [62,63].
We hypothesize that early participation, targeted and coordinated ground investigations,
hydrological analysis, remote sensing, and planning may allow local communities to update
and appropriate more accurate risk mapping.

This study is novel in integrating local and technical knowledge into flood risk micro
mapping over a large area with a method that is easy to transfer to other contexts.

We will proceed with the study area’s presentation and the methodology’s description.
The mapping results will highlight the contribution of local and technical knowledge.
The discussion will answer the research question and highlight the results’ implications,
limitations, and recommendations. The conclusions will recall the more general significance
of this work and possible developments.

2. Materials and Methods
2.1. Study Area

The study area is located along the Niger River, in its medium watershed, from its
confluence with the right-bank tributary Dargol to the gates of Niamey. The Dargol and the
Sirba rivers have intermittent flow on the right bank during the rainy season. On the left
bank, the drainage network is characterized by small endorheic watersheds with a minimal
contribution to the Niger flow (Figure 1).

The climate in the study area is determined by the West African monsoon, which has
a unimodal rainy season from June to September. According to the Köppen–Geiger classifi-
cation, the area is hot semi-arid (BSh). The vegetation is characterized by dry savannah
and sparse bush undergoing intense deforestation [64]. Irrigated agriculture is developed
in large rice-perimeters with total water control (Amenagement Hydro Agricoles or AHA,
according to the French acronym), in vast horticultural sites, and in small plots cultivated
with rice and vegetables. Elsewhere, rain-fed millet (Pennisetum glaucum) is the dominant
culture, often associated with cowpea (Vigna ungulata) or groundnut (Arachis hypogaea).

Two annual floods characterize the hydrological behavior of the Niger River. The local
flood occurring during the wet season between June and October is driven by the inflow
of the tributaries upstream of Niamey, predominantly the Sirba River. The Guinean flood
from November to February is caused by rainfall in Guinea and Mali. The area investigated
belongs administratively to the municipalities of Gotheye, Karma, Kourteye, and Namaro
and has 21 settlements, 1203 ha of AHA, and 1353 ha of other irrigated crops.



Climate 2025, 13, 80 4 of 30Climate 2025, 13, x FOR PEER REVIEW 4 of 32 
 

 

 

Figure 1. The study area. 

2.2. Conceptual Framework 

This study is contextualized against 50 rapid flood and risk mapping works 
developed in the Global South over the past two decades. The literature was identified 
through a systematic keyword search on Google Scholar (Tables A1 and A2). Flood risk 
(R) was considered as the product of hazard (H) and damages (D), R = H × D, according 
to an established conceptual framework [65–67]. We adopted a post-disaster approach 
and a quantitative method [68], the application of which required a combination of local 
and technical knowledge [69]. Local and central stakeholders participated from the very 
beginning of the risk mapping, helping to define the methodology, providing information, 
describing the dynamics, interpreting them, and validating the results obtained remotely. 

2.3. Hazard 

The hazard was identified through focus groups with riparian municipalities (Table 
A3) and interviews with the managers of AHAs (Table A4). These meetings showed that 
the flood was triggered by heavy rainfall and river overflow. 

Figure 1. The study area.

2.2. Conceptual Framework

This study is contextualized against 50 rapid flood and risk mapping works developed
in the Global South over the past two decades. The literature was identified through a
systematic keyword search on Google Scholar (Tables A1 and A2). Flood risk (R) was
considered as the product of hazard (H) and damages (D), R = H × D, according to an
established conceptual framework [65–67]. We adopted a post-disaster approach and
a quantitative method [68], the application of which required a combination of local
and technical knowledge [69]. Local and central stakeholders participated from the very
beginning of the risk mapping, helping to define the methodology, providing information,
describing the dynamics, interpreting them, and validating the results obtained remotely.

2.3. Hazard

The hazard was identified through focus groups with riparian municipalities (Table A3)
and interviews with the managers of AHAs (Table A4). These meetings showed that the
flood was triggered by heavy rainfall and river overflow.
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The fluvial flood hazard was analyzed separately for the local (or Sahelian) and
Guinean floods [70]. This study considered the hydrological year that began on 1 June 2024
and was characterized by the Niger River floods that peaked on 21 August 2024 (2438 m3/s)
and 16 February 2025 (2215 m3/s) for the local and the Guinean flood, respectively. The
probability of occurrence of these floods was estimated through a statistical analysis of
the maximum annual flow rates of the Niger River as observed at the Niamey station.
Flow rates were calculated from water level records, referred to as “water stage” in the
following figures, and the rating curves were established in 1975, 2008, and 2016 (Figure 2);
rating curves were provided by the Directorate of Water Resources (Ministry of Hydraulics,
Sanitation and Environment of Niger) in numerical format, while the latter is also available
in analytical form [70].
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Figure 2. Graphical representation of the available rating curves (source: Directorate of Water
Resources, Ministry of Hydraulics, Sanitation and Environment of Niger).

Given the absence of known rating curves for the intermediate periods, yearly rating
curves were reconstructed by smoothly interpolating the available ones to transform level
observations into discharge values for 1975–2015. The 2016 rating curve was considered
constant for recent years, while observations before 1975 were not considered. The annual
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maxima have been affected by an upward trend since the mid-1980s. Therefore, the series
was treated by removing the linear trend and renormalizing it to the average of the last
five years. Although more complex trends have been hypothesized to model past flood
patterns [70], this work adopted simple but effective correction that allowed standard flood
frequency analysis [71] under the hypothesis that recent conditions will become stable.
This approach provides a robust and operational method to evaluate the flood frequency
(see the function parameterization in Table A5), as well as to compute possible design
values; it avoids more complex parametrization that would in-crease prediction uncertainty.
Figure 3 shows the original record of local and Guinean peaks and the detrended series.
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Figure 3. Historical series of annual maxima of the Niger River in Niamey (a) after removing the
linear trend (b).

Based on the detrended records, the peaks’ distribution was fitted with the Generalized
Extreme Value distribution (GEV), commonly used in flood frequency analysis and already
adopted [70], under the hypothesis that the two processes can be considered independent.
The distribution parameters are estimated using the L-moment method [72,73]. The two
flood frequency curves (confidence bands computed with Monte Carlo simulations), based
on the approach of Laio et al. [74], allowed us to estimate the return time of the local and
Guinean floods (Figure 4).
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Besides fluvial inundation, the Sahel is sensitive to pluvial extremes; recent storms
(August 2024) in Namaro and Karma, with intensities of 63 mm/day and 60 mm/day,
produced relevant damages. The return time of these events was evaluated based on
30 years of available daily precipitation records in Namaro. To do this, the frequency curve
of extreme daily precipitation has been estimated using the Metastatistical Extreme Value
distribution (MEV) [75]. This distribution considers all the daily observations above 1 mm,
minimizing information exploitation and thus providing more robust results (Table A5).

2.4. Damage

Damage estimation adapts to the micro-scale of the HAZUS-MH model [58], which
was designed for the meso scale. Only tangible damage that can be estimated in monetary
terms is considered. Damage estimation was based on flood extent and duration related
to crop phenological stage as ascertained on 24 sample fields and compared with stage-
damage curves [76].

2.4.1. Flood Plain

Relating satellite imagery of the area of interest near the peak [77] to the water level
and flow rate of the river in Niamey allows each image to be assigned a return time and,
hence, a flood probability. The flood plain is delineated from Sentinel-2, level 2A, images
taken on 16/02/2025 (H 637 cm) and 20/08/2024 (H 672 cm) accessed by Google Earth
Engine (GEE) (Table 1).

Table 1. Satellite imagery.

Type Acquisition Date
Green Band
Resolution

m

Infrared Band
Resolution

m

Sentinel 2 (2-A level) 20 August 2024 10 20
Sentinel 2 (2-A level) 16 February 2025 10 20

Green (Sentinel Band 3) and Short Wave Infrared (SWIR, Sentinel Band 11) bands were
used to identify water. MNDWI calculates the normalized differences between the green
and Short Wave Infrared RGB Composite (SWIR) bands and returns values from −1 to 1.
Water can be identified from the MNDWI with values greater than 1 [78]. Equation (1) was
used for the calculation of the MNDWI index

MNDWI = ϱGreen − ϱSWIR/ϱGreen + ϱSWIR (1)

where ϱGreen is the surface reflectance of the Green band (B3) and ϱSWIR is the surface
reflectance of the SWIR band (B11). Classified images containing the parameters of the
Niger River were converted into vector files using the GEE function image. Reduce To
Vectors inside GEE. The edge of the flood plain was validated with 35 ground control points
distributed along 5 stretches on the right bank and 4 stretches on the left bank, surveyed
from 11–21 February 2025 when the flood peaked.

2.4.2. Exposure

The exposed assets were initially identified with participatory mapping sessions
during the focus groups with communities. The lack of volunteer-collected information
on assets obliged an accurate land use/land cover survey. Consequently, land cover was
extracted by visual photo interpretation of freely accessible, high-resolution images on
Google Earth (GE) from just before the floods over a 1 km wide strip on each riverside and
on all river islands. The spatiotemporal permanence of the assets was verified by observing
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their distribution as of January 2014, again using imagery accessible on GE. The assets
were then classified by morphology (crop pattern and field size). Twenty-four assets were
randomly sampled and visited during the flood that culminated on 16 February 2025 to
ascertain the type of buildings and crops. Information on the crop stage of growth, the
monetary investments made (seeds, fertilizers, pesticides, fuel for motor pumps, etc.), the
yield, price, and where the crop was sold were collected (Figure 1, Table A6).

The crops grown in February 2025 and August 2024 for each field were associated by
value and related to the morphology of the fields.

2.4.3. Map Validation

The exposure map was validated first by comparing with the inundated fields as
recorded by the Database on Flood in Niger (BDINA) in 2024 [64], and second through
24 ground control points provided by the local agriculture officers.

2.4.4. Assets Value

The damage function for rice crops was expressed in days of crop submergence/growing
stage [79], depending on the phenological stage (Table 2).

Table 2. Timing of rice growing stage in Niger [80].

Stages of Rice Crops Dry Season
Week Number

Wet Season
Week Number

Seedling 46 25
Nursery 47–52 26–30

Transplanting 1–3 31–33
In plot 4–16 34–48

Harvest 17–19 49–51

However, the local flood carried sediments that silted the crops, resulting in loss.
The municipal agricultural officials checked the other crops’ flood stage/damage function.
Local agriculture officers verified the average yield of each crop per hectare and the average
selling price between the harvest price and the maximum price in each municipality, as
recorded by the Rural Market Information System [81,82]. The value of each field class
exposed to flooding is the weighted average of each crop based on the number of crops
grown (Table A7). This value was calculated for each flood. Adobe houses damage is based
on the compensation recognized for public works in rural areas [83]. Possible benefits
from flooding in terms of additional crops and irrigation fuel savings were investigated
(Table A5).

2.5. Risk

The risk was the product of the probability of flooding by the value of the exposed
(i) adobe houses, (ii) AHA rice, (iii) pond rice, (iv) horticulture in mid-February, cereals
and legumes in mid-August (Figure 5).
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3. Results
3.1. Engagement

The first risk mapping step involved the exposed communities, the National Direc-
torate for Meteorology, and the Hydrology Directorate. In this phase, the objectives of risk
mapping were explained, the method and timing of the risk analysis were defined, and the
contact persons for each community were identified.

3.2. Hazard Identification

Focus groups with the communities of Karma and Namaro, accompanied by partic-
ipatory mapping, clarified that the flood damage of August 2024 was not caused by the
flooding of the Niger River alone. Interviews with the AHA managers highlighted that the
Samsire stream broke the embankment in Lata and partially flooded the rice fields. The
water could not be evacuated, stagnated for months, and only subsided with evaporation.
In Yomadarou, the runoff broke the embankment and flooded it. In the Bani-Te AHA of
Kouitoukalé, the flood of the Niger River entered the perimeter from the overflow and
inundated the fields. These causes and sources of risk made it necessary to consider the
probability of pluvial and fluvial flooding.

3.2.1. Fluvial Flood

Over the last two decades, the local flood peaks increased more than the Guinean
flood peaks, with real outliers in 2012, 2020 (historical maximum), and 2024 compared to
previous outflows. The return time of the 21 August 2024 flood was estimated to be 12 years
(probability 8%), and the event of the 16 February 2025 19 years (probability 5.5%). The local
flood of 2024 was the second most extreme in magnitude but with a short duration (95% of
the peak was exceeded only one day; 90% of the peak lasted three days). A secondary peak
was observed about one month later due to a separate event in the tributaries of the Niger.
The Guinean Flood in 2025, with a peak value lower than the local flood, had a much larger
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volume and thus inundation potential because it exceeded 95% of the peak for 47 days. For
10 days, water was constantly at the maximum level of 643 cm (Figure 6).
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3.2.2. Pluvial Flood

In Karma, on 2–3 August 2024, daily precipitation of 63 mm corresponding to a
return time of 2.63 years, equivalent to a probability of 0.38, produced relevant dam-
ages. The frequency of the event was estimated based on the historical records at Namaro.
The event is close to the annual maximum average and was considered very common.
However, it is essential to highlight that on 28 July 2024, a few days before, a slight precipi-
tation of 30 mm occurred, probably saturating the soil and thus reducing the infiltration
capacity. Analogously, a damaging 60 mm rainfall occurred at Namaro on 2 August, with a
return time of 2.36 years (probability 0.42). This event should not be considered exceptional
as it is close to the recorded average.

3.3. Exposed Assets

The flood plain covered 113 km2 as of 20 August 2024 and 79 km2 as of 16 February 2025.
Twenty-six km2 were irrigated in a one-kilometer-wide strip along the riverbanks and
islands. Most of the crops were in the municipality of Karma, followed by Kourteye
(Figures 7–9, Table 3).

Table 3. Agricultural land cover along the river upstream of Niamey.

Municipality AHA Rice Pond Rice Horticulture Fruits Tubers All

ha ha ha ha ha ha

Gothèye 0 20 79 0 0 99
Karma 904 212 271 12 1400

Kourteye 0 469 228 0 2 700
Namaro 299 0 59 0 0 358

All 1203 701 637 12 2 2556
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Figure 7. Exposed assets to the floods of 20 August 2024 and 6 February 2025 in the
Gotheye-Kourteye sector.

Six classes of assets based on morphology and value were established: adobe houses,
AHA rice, pond rice, fruits (pumpkins), tubers (sweet potatoes), and horticulture. Pump-
kins were found not to be exposed to flooding, and sweet potatoes were marginally exposed.
These classes were discarded in the subsequent risk analysis steps. In mid-February, hor-
ticulture consisted of onion (33%), okra (33%), and cassava (33%). In mid-August, these
fields were cropped with sorghum (50%), pond rice (30%), and cowpea (20%) (Figure 10).
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Figure 8. Exposed assets to the floods of 20 August 2024 and 6 February 2025 in the Namaro sector.

The August 2024 flood inundated 730 ha of crops, i.e., 29% of the land under irrigated
cultivation. The February 2025 flood inundated 397 ha of crops, i.e., 16% of the land under
cultivation. Pond rice was the crop most affected by the local flood, followed by cereals,
legumes, and AHA rice. Pond rice was the most affected by the Guinean flood, followed
by horticulture. Pumpkins were not flooded. Sweet potatoes were flooded at 0.1 ha only
(Table 4).
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Table 4. Crops exposure to floods 2024–2025 by municipality.

Flood Municipality AHA Rice Pond Rice Cereals,
Legumes Horticulture All

ha ha ha ha ha

16 February
2025

Gotheye 0 5 0 10 15
Karma 0 20 0 25 45

Kourteye 0 213 0 31 244
Namaro 0 89 0 3 93

Total 0 327 0 70 397

21 August
2024

Gotheye 0 6 24 0 30
Karma 58 50 91 0 199

Kourteye 0 235 94 0 329
Namaro 13 128 31 0 172

Total 71 419 240 0 730
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The August flood inundated twenty-one buildings totaling 1517 m2, mainly in the
municipality of Namaro. The February flood did not reach buildings.
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Figure 10. Classes of assets according land cover in February 2024 and ground truth at mid-February
2025. Letters locate the asset in Figure 1.

3.4. Exposure Map Validation

The maps’ validation concerns the inundation edge in mid-February 2025 and the
asset classes. According to ground truth, the inundated area was always more extensive
than the remote sensing detected using MNDWI. At 46% of sites, the gap was under 43 m,
and only in four cases did it exceed 127 m (Table 5).

Table 5. Excess of water edge at ground control points over that MNDWI detected in
mid-February 2025.

Ground Control Points Excess of Water Edge at GCP over That
MNDWI Detected

Location in Figure 1 Number Metres

C 5 323
H 6 83
F 5 36
G 2 170

I (north of) 5 36
J-K 3 150

OLM (north of) 3 40
RS 3 43

T (north of) 5 184
Average 35 127

The exposed assets were compared with those recorded by BDINA in August 2024.
BDINA shows an essential discrepancy between municipalities. For example, according to
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our analysis, Kourteye had more buildings and agricultural areas flooded but is second
to Namaro for buildings and to Karma for crops according to BDINA. At the same time,
Namaro, which is third for flooded fields, does not record crop damage according to the
BDINA (Table 6).

Table 6. Crop exposure on 21 August 2024, according to the rapid flood map and BDINA.

Municipality
Building Exposure, According to Crop Exposure, According to

Risk Mapping
Number

BDINA
Number

Risk Map
ha

BDINA
ha

Gotheye 0 0 30 0
Karma 1 141 199 127

Kourteye 12 155 329 46
Namaro 8 194 172 0

All 21 490 730 173

Consequently, the 24 flooded and non-flooded sites visited validated the exposure map.

3.5. Assets Spatiotemporal Permanence

The AHA irrigation perimeters were created in 1936, 1971, and 1990. A large AHA
irrigated perimeter downstream of Namaro was added in 2018 (Figure 11). Between 2014
and 2024, only 15% of the fields were no longer cultivated. The 2020 flood destroyed fifty
adobe houses on the river islands.
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3.6. Damage

As of 20 August 2024, transplanting was in progress in the rice fields. The plants were
low, and only slight submergence was needed to lose the crop. Sorghum and cowpea are
at leaf out stage. As of 16 February 2025, transplanting was in progress, but the rice fields
were not flooded. Onions, okra, cassava, and sweet potato were well-established. However,
the ten days of the Guinean flood at peak and the 47 days of its duration at 95% far exceed
the crops’ resistance to flooding. Therefore, all the flooded crops were considered lost
(Table 7).

Table 7. Stage damage for rural crops, according to the municipal agriculture officers.

Crop

Phenological Stage Submersion Duration

Mid-February Mid-August
Mid-February Mid-August Crop Failure After

Days Days Days

Okra Fructification 10–47 5
Cassava Early fruiting 10–47 30
Sorghum - 3 3 5
Cowpea - 3 3 5
Onion Bulb 10–47 3–7

Pumpkins Fructification 10–47 7
AHA rice - Bolting, tillering

Pond rice Transplanting Leaf
out 10–47 30 7–10–15

Sweet potato Growth 10–47 10

Basilique Transplanting,
growth 10–47 15

Chilli Fructification 10–47 7

In horticulture, different crops coexist in the same field. Rice is marketed partly just
after harvest and partly later when prices peak. Given these complexities, the crop value for
each field class was calculated as an average of harvest and maximum prices and a weighted
average of crops. Overall, crops and buildings were damaged at EUR 1.112 million, of
which EUR 40,000 went to adobe houses, and EUR 1.04 million went from Guinean floods
(Table 8).

Table 8. Flood damage upstream of Niamey.

Flood
Assets Damage

Class ha EUR/ha EUR Thousands

Local

Adobe houses 0.1517 260,000 40
AHA rice 71 2372 168
Pond rice 419 1424 597

Cereals, legumes 240 1281 307
Sum 730 1.112

Guinean
Pond rice 327 1424 466

Horticulture 70 8200 574
Sum 397 1040

Hydrological year

Adobe houses 260,000 40
AHA rice 2372 168
Pond rice 1424 1063

Cereals, legumes 1281 307
Horticulture 8200 574

Sum 1129 - 2152

The damages per unit area come from [81–85].

Although AHA rice was 29% of the crop inundated by the local flood, it accounted for
only 7% of the irrigated crop value. In contrast, pond rice was 82% of the crop inundated
by the Guinean flood but 47% in value. Horticulture had a higher value by far.
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3.7. Flood Benefits

Interviews with producers from the 24 sites visited, representing all classes of fields,
show that the flood did not benefit agriculture in any site.

3.8. Risk

The risk upstream of Niamey was calculated over the hydrological year 2024–2025
as the sum of the local and Guinean flood risk. The global risk is EUR 200,000. Pond
rice is at the highest risk (EUR 63,000), followed by AHA rice (EUR 67,000), horticulture
(EUR 312,000), and cereals and legumes (EUR 25,000). Horticulture alone accounts for 55%
of the mid-February risk, Rice in AHAs accounts for 47%, and adobe houses account for 2%
of the mid-August risk (Table 9, Figure 12).

Table 9. Fluvial and pluvial flood risk upstream of Niamey.

Flood Assets Hazard
Damage Risk

ha EUR/ha EUR
Thousands

EUR
Thousands EUR/ha

21 August 2024

Houses 0.08 0.1517 260,000 39.4 3.2 20,800
AHA rice 0.4 71 2372 168 67.4 28
Pond rice 0.08 419 1424 597 47.7 114
Cereals 0.08 240 1280 307 24.6 102

Sum - 730 142.8

16 February 2025
Pond rice 0.055 327 1424 466 25.6 78

Horticulture 0.055 70 8200 574 31.6 451
Sum - 397 57.2

Hydrological year
2024–2025

Houses 0.08 260,000 3.2
AHA rice 0.4 2372 67.4
Pond rice 0.08 1424 47.7
Pond rice 0.055 1424 25.6
Cereals 0.08 1281 24.6

Horticulture 0.055 8200 31.6
Sum 200.1

The risk per municipality is highest in Karma EUR 80,000), followed by Kourteye
(EUR 68,000), Namaro (EUR 41,000), and Gotheye (EUR 8000) (Table 10).

Table 10. Flood risk by municipality upstream of Niamey.

Flood Municipality Asset Class Hazard
Damage Risk

ha EUR/ha EUR
Thousand

EUR
Thousand

21 August 2024

Gotheye
Pond rice

0.08
6 1424 9.5 0.7

Cereals 24 1281 30.7 2.5
Sum 30 - 39.3 3.1

Karma

House 0.0033 260,000 0.9 0.1
AHA rice 0.38 58 2372 137.6 52.3
Pond rice

0.08

50 1424 71.2 5.7
Cereals 91 1281 116.6 9.3

Sum 199 - 362.2 67.4

Kourteye

House 0.0451 260,000 11.7 0.9
Pond rice 235 1424 334.6 26.8
Cereals 94 1281 120.4 9.6

Sum 329 - 466.8 37.3

Namaro

House 0.08 0.1033 260,000 26.9 2.1
AHA rice 0.42 13 2372 30.8 13.0
Pond rice

0.08
128 1424 182.3 14.6

Cereals 31 1281 39.7 3.2
Sum 172 - 279.7 32.9

Sum 730 1112.0 140.7
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Table 10. Cont.

Flood Municipality Asset Class Hazard
Damage Risk

ha EUR/ha EUR
Thousand

EUR
Thousand

16 February 2025

Gotheye
Pond rice 0.055 5 1424 7.1 0.4

Horticulture 10 8200 82.0 4.5
Sum 15 - 89.1 4.9

Karma
Pond rice 20 1424 28.5 1.6
Gardens 25 8200 205.0 11.3

Sum 45 - 233.5 12.8

Kourteye
Pond rice 213 1424 303.3 16.7

Horticulture 31 8200 254.2 14.0
Sum 244 - 557.5 30.7

Namaro
Pond rice 89 1424 126.7 7.0

Horticulture 3 8200 24.6 1.4
Sum 93 - 151.3 8.3

Sum 397 - 1031.4 56.7

Hydrological year 2024–2025 - 2143.4 200.1
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3.9. Risk Level Interpretation

In risk management, the level of risk precedes the evaluation through residual risk
and cost-benefit analyses [62]. The risk level observed along the Niger (EUR 200,000) was
low. Nevertheless, the exposed crops were 17% and 31% of the irrigated crop value in
mid-February 2025 and mid-August 2025, respectively. Pond rice alone was 47% of all
pond rice value in mid-February 2025 and 60% in mid-August 2024. Moreover, all the
interviews with the farmers whose fields were in or near the flooded area said that the
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ones visited were the only fields cultivated. Crop loss should, therefore, be considered a
matter of environmental equity, according to which even a modest level of risk takes on a
different meaning.

4. Discussion
The research question was how integrating local and technical knowledge could

enhance the understanding of risk hitherto provided by risk mapping in the Global South.
We delimited the flood plain during the two floods of the Niger River upstream of Niamey
in 2024–2025 using Sentinel-2 images and MNDWI. The floodplain edge was validated
following ground control points of its extent at the flood peak in mid-February 2025.
Recognizing six asset classes allowed the damage to be estimated and the risk to be
expressed in monetary terms. This approach was made possible by closely integrating local
knowledge with hydrological, geomatic, and spatial planning knowledge. This brought ten
innovations to the risk understanding provided so far:

(i) Early stakeholder participation. Community participation occurs from the methodol-
ogy definition stage. Communities are not involved as sensors collecting data [86] but
for their ability to interpret the observed dynamics and validate the results. This early
involvement has implications for the ownership of the mapping, its updating, and
future monitoring of local floods.

(ii) Hazard. Heavy rainfall generating flash floods along the minor tributaries of the Niger
River breaks the banks of the AHAs, floods the fields, and leads to backwater that
cannot drain naturally into the river when it is in flood. Unlike the literature, risk map-
ping should consider the pluvial and fluvial hazards. The probability of occurrence of
the rainfall is about 40%, that of local flood is 8%, and for the Guinean flood is 5.5%.
Risk mapping in the Global South rarely expresses hazard as a statistical probability
of occurrence [38,46]. The complexity of the processes, as non-stationarities [70,87] or
multi-hazards [88], means that risk must be considered qualitatively. This knowledge
has three implications. First, the exceptional flood of August 2024 may recur more
times in the lifetime of small farmers cultivating along the river. Second, risk reduction
measures should consider the reduction of flash floods along the minor tributaries of
the Niger River and strengthen the embankments of upstream AHAs in addition to
those along the river. Third, a more comprehensive large-scale risk analysis should
be developed [89] to link flood risk scenarios with warning thresholds and enable
impact-based flood forecasting.

(iii) Assets. Despite literature expectations [90,91], volunteered geographic information
contributed to risk mapping with AHAs limits only, corresponding to 10% of the
exposed area. Quantitative risk mapping requires more information for each asset
(Table A6). The identification of six classes of assets by morphology and value provides
information that was previously non-existent in Niger [92]. This information implies
the possibility of appreciating the potential damage of the flood to horticulture, which
constitutes an essential livelihood for riparian populations.

(iv) Damage complexity. The division of assets into six classes and the assignment of
weighted average values in the case of multi-crops and average values in sale prices
over the year overcomes this complexity. The estimate of a single cereal crop (rice)
prevails in the literature [93]. The implication is a more accurate risk mapping since
the value of different asset classes ranges from 1240 EUR/ha (rice) to 8200 EUR/ha
on average (onions, okra, and cassava).

(v) Validation. The inundation area at the flood peak in mid-February 2025 is smaller
than that measured on the ground. The implication is that damage and risk levels
are underestimated. The literature rarely validated the flooded area measured by
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satellite imagery with ground control. Usually, the exposure map was validated by
comparison with previously inundated sites as they appear from historical satellite
imagery [49] or local datasets when available [42]. The significant discrepancy be-
tween the inundated areas in August 2024, according to BDINA and our exposure
map, led us to prefer ground control points at the edge of the flood plain. However,
we observed a significant deviation in the water edge according to the ground control
points and satellite images in 17% of the points. This gap has a twofold explanation.
First, the satellite images have a resolution of 20 m because the green band to calculate
MNDWI is resampled to match the coarser resolution of the shortwave infrared band
(Table 1). Second, the areas where the largest deviations are found are cultivated with
rice or onions, whose vegetative stage largely obscures the water below.

The method proved fast and accurate, in agreement with [52], and innovative com-
pared to the rapid mapping available in the area today [94,95].

(vi) Spatio-temporal permanence of assets. The fields cultivated in 2024 are stable over
time (Figure 11). This character has two implications. The first concerns the validity of
the flood risk map over time. To keep the flood risk map current, it will be sufficient
to ascertain the crops grown and their selling prices on sample fields. The second
implication concerns risk reduction. The omnipresence of irrigated crops along the
river and their stability over time affect the opportunity for farmers in the flood
zone to move to safer sites. With few exceptions [96], exposure temporality has been
poorly investigated.

(vii) Flood benefits. We found no benefits from flooding at any of the 24 sites visited. No
flood-recession crops as developed in Tanzania [97], along the Senegal River [98],
and in the Dosso region in Niger [99] were found. Neither are wet-season fisheries
developed as in the Philippines [100] nor fuel savings for irrigation.

(viii) Risk spatialization. Horticulture is at the highest risk. This result advances knowl-
edge about assets limited to one crop until now [93]. However, comparisons with
the literature remain difficult because crops and other rural assets are site-specific.
Sometimes, buildings are at the highest risk [34]. At other times, crops are at the
highest risk [45]. The numerous settlements along the river and on river islands are
marginally at risk. However, the remaining settlements are far from the flooded area.
The concentration of risk is in the vicinity of Niamey and on the river islands of
Kourteye. These results stand out in the literature on risk mapping, which is rarely
practiced with the details proposed in this study. It seldom considers the level of risk
by administrative jurisdiction, nor does it locate hot spots. The implication of detailed
mapping deals with risk prevention and reduction. This implies that prevention (step
back and water pumping) can be directed toward locations where the concentration
of damage is most remarkable, such as Sikieye, Kourteye, and Baugawi Zarma.

(ix) Environmental justice. The estimated flood damage is just over EUR two million.
According to the flood type, this represents 16% to 29% of the value of all irrigated
agriculture in the zone. However, it may have intergenerational and intergroup
implications [101] and push small farmers with only their field flooded into greater
insecurity [102].

(x) Flood risk scenarios for early warning. Risk maps could be integrated with hydraulic
modelling to produce flood risk scenarios [103] linked to flood observations (hydrom-
eters and scales) and hydrological forecasts upstream of the studied area within an
early warning system. This will allow forecasting potential risks and damage down-
stream for each flood level, according to the approach already used for the Sirba local
flood early warning system [104].



Climate 2025, 13, 80 21 of 30

The hypothesis of achieving a greater understanding of risk through integrating local
and technical knowledge than that provided by current risk mapping is confirmed. Focus
groups with riparian communities, interviews with AHA managers and farmers, and the
involvement of municipal agriculture officers contribute to accurate, participatory, and
validated risk mapping. We thus learned about the multi-hazard nature of the flood along
the middle Niger River, which until now was narrated as river flooding alone.

However, this study has some limitations. Flood levels are observed downstream
of the studied area. Upstream levels should be monitored to contribute to the warning.
The damage estimate is approximate because it considers an average between harvest and
maximum prices for each crop. For coexisting crops on the same field class, a weighted
average is calculated based on the frequency of the crops observed in the sample field.

It is recommended to:

• Install an automatic hydrographic radar station upstream of the Sirba-Niger confluence
to intercept the local flood fed by the Dargol River in advance.

• Establish a collaborative protocol with the four riparian municipalities to verify the
floodplain edge locally during local and Guinean floods, the crops grown in the sample
fields, and feed the exposed assets scenarios accordingly.

• Automate the visualization of potential damage for the benefit of exposed communities
and the early flood warning system.

• Extend risk mapping upstream and use Sentinel-1 SAR imagery to overcome the
obstacle of cloud cover, which prevents viewing areas inundated by the local flood.

5. Conclusions
In recent years, free access to high-resolution/high-frequency satellite imagery, the

spread of hydraulic modelling, and volunteered geographic information have facilitated
flood risk mapping in the Global South. However, the maps produced too often stray from
the priority of the Sendai Framework for Disaster Risk Reduction 2015–2030, which calls
for enhanced participation in disaster preparedness and risk management at the local scale.
In three-quarters of reviewed maps, citizen science was sidelined. In the remaining quarter,
communities were reduced to sensors collecting data for top-down risk analyses.

We have developed damage-based, quantitative, inclusive flood risk mapping based
on local knowledge, integrated by hydrology, geomatics, and spatial planning. We used a
bottom-up approach. We started by defining the mapping methodology with the exposed
communities. Then, focus groups, interviews with small farmers, and AHA managers
interpreted the observed flood dynamics. Remotely sensed information was validated with
ground control points by the local agriculture officers.

We demonstrated that an enhanced understanding of risk is possible with a bottom-up
approach in mapping. The novelty of this study lies in the participatory approach to risk
mapping that produced ten benefits for flood risk management. First, a flood of the Niger
River that appeared exceptional may occur more times in the lifetime of riparian farmers.
Second, those who farm in a flood zone may have little chance of moving their irrigated
crops to a safer site. Third, minor damages after the February 2024 flood (one Million Euros
only) can raise a big environmental justice issue. Fourth, the weak points of AHAs are the
banks along the river and those inland. Fifth, the potential damages depend on the crop and
the season. Sixth, horticulture is the asset at most significant risk during Guinean floods.
Seventh, flooding does not bring benefits. Eight, the maps highlight hot spots. Ninth,
maps are validated. Tenth, maps can be easily updated and linked to observed flood levels.
Participatory risk mapping is not much more time-consuming than top-down rapid flood
if risk mapping is based on collaborating with many people with a clear division of roles.
This mapping approach cannot estimate risk scenarios that have not previously occurred.
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Therefore, it is not an alternative to hydraulic modelling. Nevertheless, by recognizing
assets’ potential damage, risk mapping can integrate local early warning systems, residual
risk, and cost-benefit analyses. The participatory approach to risk mapping described in
this study can be replicated in other parts of the River Niger upstream of the studied area
and in other contexts in the Global South.
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Appendix A
Table A1. Literature on rapid river flood mapping in the Global South 2017–2024.

Region Country Images Flooded Area km2 Flood Focus Reference

Gowaingat BG Sentinel-1/2 Extent, LC [10]
Nasia GH Landsat 670 Extent, LC [11]

White Volta GH Sentinel-1 SAR 800 Extent, Po, LC [12]
Gaggar river IN Sentinel-1 SAR 123 Extent, LC [13]
Kendrapara IN RADARSAT SAR 346 Extent, duration [14]

Purba Medinipur IN Sentinel-1 240 Extent, LC [15]
Ganga-Brhama IN 397,707 Extent, LC [16]

Nilwala LK Sentinel 109 Extent, LC [17]
Nsanje MW Sentinel 1 SAR 90 Extent [18]

Niger-Benoue NG MODIS 169,453 Extent, Po [19]
Niger-Benoue NG Sentinel-1 SAR 84 Extent, Cr [20]

Niger delta ML Landsat 20,000 Extent [21]
Caprivi NA Envisat/ASAR 720 Extent [22]
Cagayan PH Sentinel-1 551 Extent, Cr, Po [23]

Sindh, PK Sentinel-1 SAR 7596 Extent, LC [24]
Dera Ghazi Khan PK Landsat 1462 Extent [25]

Multan PK Landsat-8 1033 Extent, LC [26]

SS Sentinel-1/2,
PlanetScope 8649 Extent, cr, bu rds [27]

Central VN TerraSAR-X 326 Extent, Cr, Rd, Ut [28]
Mekong VN Sentinel-1 SAR 101,000 Extent [29]

Bu—Buildings; Cr—crops; Rd—Roads; LC—Land cover; Pop—Population: Ut—Utilities.

Table A2. Flood risk map literature in the Global South, 2005–2025.

Region
Country

Risk Area
km2

Community
Participation

Risk
Determinants

Hazard
Probability

Risk
Expression Reference

El-Ham AL None HV Indicators Qualitative [32]
Rangpur BD - None HV Indicators Qualitative [33]
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Climate 2025, 13, 80 23 of 30

Table A2. Cont.

Region
Country

Risk Area
km2

Community
Participation

Risk
Determinants

Hazard
Probability

Risk
Expression Reference

Kalapara BD 51 None HD unk Quantitative [34]
Southwest BD - None HV Flood depth Qualitative [35]
Niger valley BJ 9118 Exposure HEV Indicators Qualitative [36]

Adigrat ET - None HV Indicators Qualitative [37]
Edamo ET 161 Flooded zones HV Log-Pearson3 Qualitative [38]
Kobo ET - Flood depth HV Gumbel Qualitative [39]

Moustiques
river HT 222 None HV Unspecified Qualitative [40]

Brahmaputra
IN 109 HV interview HV Indicators Qualitative [41]

Coochbehar IN 3388 None HV Indicators Qualitative [42]
Navsari IN 2211 V survey HV Weibull recurr. Qualitative [43]

Narmada IN 99 None HV Indicators Qualitative [44]
Kashmir IN 581 None HV Indicators Qualitative [45]

Kosi River IN - None LC, P Gumbel Qualitative [46]
Kosi River IN 1384 None Indicators Qualitative [47]

Nagaon IN 740 None HV Flood
frequency Qualitative [48]

Rel River IN 442 None HV no Qualitative [49]
Tapi river IN 1463 None HV Indicators Qualitative [50]

Damansara MY 117 None HV Indicators Qualitative [51]

Hadejia river
NG 30,569

Flood factors,
history,

validation
HV Indicators Qualitative [52]

Santa Fe PH 12 None EV Indicators Qualitative [53]
Mono river TG - None HEVC Indicators Qualitative [54]

Mekong VN 3571 None HV Flood depth Qualitative [55]
Quang Tho VN - V HEV Indicator Qualitative [56]
Quang Binh VN 8065 None HV Unspecified Qualitative [57]
Quang Binh VN None HD Unspecified Quantitative [28]

C—Capacity; D—Damage; E—Exposure; H—Hazard; V—Vulnerability.

Table A3. Focus group with eight members from each exposed municipality (mayor, head of agricul-
ture, livestock, environment, community early warning system emergency response, representative
of farmers, women, youth).

Question

1

Account of the August 2024 flood (date, type, previous day’s rainfall, recent
rainfall trends, frequency of flooding, extent of flooded areas, threshold of
rainfall beginning to cause damage, its trend over time, rainfall dynamics
during the flood, how the alert was received, community reaction to the
alert, procedure to be followed in the event of an alert, measures put in
place, support received after the flood

2
Flood damage (quantification, quantification methods, quantifying body,
damage, intangible damage, reason for damage to buildings, replacement
costs of buildings, unrepaired damage)

3

Potential measures to cope with flooding (materialization of flood zones,
presence of a civil protection officer, most crucial prevention measure
implemented, date of implementation, performance of the measure during
the flood, further measures to be implemented, measures in the local
development plan, speed and direction of the expansion of the settlement
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Table A4. Questionnaire submitted to the AHAs managers in February 2025.

Question

1 Designation of irrigation perimeter
2 Geographical coordinates of the perimeter
3 Photos of the perimeter
4 Year of perimeter creation
5 Area
6 Cultivated area in February 2025
7 Number of fields
8 Number of farmers
9 Type of crop
10 Crop stage as at 20 August 2024
11 Crop stage in mid-February 2025
12 Crop yield T/ha
13 Crop use
14 Sale market
15 Selling price of each crop EUR/100 kg
16 Reason for flooding
17 Lost production (T or EUR) following the flood of 20 August 2024
18 Production lost after the February 2025 flood
19 Measures for preventing future damage
20 Cost of recent similar measures

Table A5. Flood frequency analysis: cumulative distribution function of the GEV with F equal

to the non-exceedance frequency and x the peak flood: F(x) = exp
[
−
(

1 − θ3
θ2
(x − θ1)

) 1
θ3

]
.

With parameters.

Local Flood Guinean Flood

θ1 1708.96 1697.47
θ2 515.56 246.12
θ3 0.12 0.163

Rainfall frequency analysis: meta-statistical extreme value distribution equation, assuming
that daily precipitation is Weibull-distributed and MEV parameters change over time.

ζMEV(x) ∼=
1
T

T

∑
j=1

exp

−exp

− ywj

C
wj
j

+ ln nj


And parameters:
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Table A6. Questionnaire per field class submitted to 24 small farmers in mid-February 2025.

Question

1 Site status as of mid-February 2025
□ Flooded. □ Not flooded

2 Status of the site in mid-August 2024
□ Flooded. □ Not flooded

3 Flood duration of the site (days)
4 Number of flood days causing crop loss
5 Flood dates of the pond rice according to the crop calendar
6 Opportunities offered by the flood
7 Crops on-site in mid-February 2025
8 Crop yield (T/ha)
9 Number of harvested crops per year

10 Selling price of each crop EUR/100 kg
□ At harvest . . .. T/ha. □ Max . . .T/ha

11 Market on which production is sold

12

Production costs incurred by the farmer EUR/ha
Fertilisers
Seeds
Pesticides
Fuel
Sacks
Other
Total

13 Crops grown on the site in mid-August 2024
14 Crop yield (T/ha)

15 Selling price of each crop EUR/100 kg
□ At harvest . . .. T/ha. □ Max . . .T/ha

16 Market on which production is sold

Table A7. Sale price of the main crops to 2025 in Namaro and Gothèye (EUR).

Crop
Yield Yields/Year Price

At Harvest Max Average

T/ha Number EUR/100 kg EUR/100 kg EUR/100 kg EUR/ha

AHA Rice N 6–7.5 30 41 36 2430
AHA Rice K 5–7.5 27 46 37 2313
Pond rice 3–5.5 30 37 33.5 1424
Sorghum 5 30 43 37 1850
Cowpea 1.93 34 61 48 926
Onion N 25 1 23 53 38 9500
Cassava N 30 1 19 23 21 6300
Maize 2.49 18 - 18 448
Gombo 20 1 19 69 44 8800
Sweet potato 15 1 11 11 1650
Pumpkin N 35–40 1 27 10,125
Chilli N 2 1 46 920
Basil 2.6 1 5 15 7.5 195
Sesame

K—Karma, N—Namaro.
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