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Abstract 

Flood susceptibility mapping is crucial for understanding flood-prone areas and miti-
gating the associated risks in vulnerable regions like the Sebeya Catchment. This study 
adopted a GIS-based Analytical Hierarchy Process (GIS-AHP) integrated with local 
community knowledge to evaluate flood susceptibility using 10 conditioning factors: 
Topographic Wetness Index (TWI), Elevation, Rainfall, Slope, Land use/Land cover 
(LULC), Soil types, Normalized Difference Vegetative Index (NDVI), Distance to roads, 
Distance to rivers, and drainage density. These factors were selected based on their es-
tablished influence on flood susceptibility as identified through literature review, expert 
consultation, and local community experience in the flood-affected zones. Spatial da-
tasets were gathered from remote sensing platforms, Digital Elevation Models, Meteor-
ological records, and existing geospatial databases, and were processed within a GIS en-
vironment. The pairwise comparison matrix of the AHP was used to derive weighting 
coefficients representing the relative contribution of each factor in inducing flood, with 
Rainfall (0.23), Slope (0.15), Distance to river (0.12), drainage density (0.12), and Elevation 
(0.11) as the most influential criteria. The findings revealed that 88.4% of the study area 
falls within a moderate flood-susceptible zone, whereas 6.4% and 5.2% fall within high 
and low susceptible zones, respectively. The current study indicates that damage to in-
frastructure, loss of livelihoods, displacement of communities, and increased costs of 
disaster response are key consequences observed in affected regions. A confusion matrix 
approach was employed to validate the flood susceptibility map, and the results indicate 
0.97 as an overall accuracy, confirming strong model performance and reliability. The 
proposed adaptive strategies for enhancing flood resilience include improvement in land 
use planning, use of early warning systems, and sustainable catchment management.  
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1. Introduction 
Flooding is one of the most devastating natural disasters, causing significant loss of 
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life, property damage, and economic disruptions worldwide [1]. From a global perspec-
tive, the majority of people exposed to flood risk live in areas prone to 1-in-100-year 
flooding events [2]. Floods are often caused by various factors, such as intense rainfall, 
tsunamis in coastal zones, and other processes [3,4]. Aside from these factors, a number 
of other causes have contributed to floods in recent years, including severe weather, in-
adequate planning for land use and development, deforestation, and improper man-
agement of river flows [5]. Floods have far-reached socioeconomic consequences, affect-
ing livelihoods, infrastructure, and economies at both local and national levels [6,7]. Be-
yond economic losses, floods pose serious health risks, including water-related diseases 
due to water sources contaminated during these events [8–10]. 

The Sebeya Catchment, which is situated in the western part of Rwanda, is particu-
larly prone to flooding due to its steep topography, high rainfall intensity, and hu-
man-induced land use changes [11]. This region experiences both flash floods and river-
ine floods due to its diverse topography and hydrological characteristics. Flash floods 
commonly occur in the steep upstream and hilly sections, where intense rainfall, steep 
slope, and rapid runoff induce short-duration and high-velocity flood events. Converse-
ly, the downstream lowlands are predominantly affected by riverine flooding, resulting 
from accumulation and overflow of runoff conveyed through the river network. Fre-
quent floods in the region have led to infrastructure and human settlements damage, 
and agricultural land loss in both rural and urbanized areas of the catchment [12,13]. 
Given the escalating flood frequency and intensity, there is an imperative need for an 
effective flood susceptibility mapping method to identify high-risk areas and attenuate 
the flood’s socioeconomic impacts in the Sebeya Catchment.  

Flood susceptibility has been assessed using numerous methods, which can be 
broadly categorized into statistical models, machine learning algorithms, physically 
based hydrological and hydraulic models, and Multi-criteria Decision Analysis (MCDA) 
techniques combined with Geographic Information Systems (GIS). Hydrological and 
hydraulic principles are used by physically based models like HEC-HMS, HEC-RAS, 
MIKE FLOOD, and LISFLOOD to simulate flood processes and produce extremely ac-
curate flood inundation predictions [14,15]. However, these models require hydraulic 
calibration, high-resolution digital elevation data, river cross-sectional surveys, and 
comprehensive hydro-meteorological observations, all of which are often unavailable in 
areas with limited data [15,16]. Statistical approaches, including Logistic Regression, 
Frequency Ratio, and Weight of Evidence, estimate flood susceptibility based on ob-
served correlations between historical flood occurrences and environmental factors [17].  

More recently, Machine Learning techniques such as Random Forest, Support Vec-
tor Machine, Artificial Neural Networks, Gradient Boosting, and Extreme Gradient 
Boosting (XGBoost) have shown exceptional predictive performance by capturing com-
plex nonlinear interactions among flood-conditioning factors [16]. Nevertheless, these 
approaches generally rely on large, reliable, and representative flood inventory datasets 
for model training and validation, which remain scarce in many developing countries.  

On the other hand, GIS-based Analytical Hierarchy Process (AHP) offers a trans-
parent and useful framework for combining several flood-conditioning parameters 
through organized expert judgment [18–23]. The method is particularly appropriate in 
regions where hydrological observations and historical flood inventories are limited be-
cause it combines spatial analysis with expert knowledge while requiring relatively 
small data inputs [24,25]. Furthermore, the Consistency Ratio used in AHP provides a 
systematic mechanism for evaluating the reliability of factor weighting, thereby enhanc-
ing methodological transparency and reproducibility [26–31].  

Even though multi-criteria decision-making techniques for GIS-based flood suscep-
tibility assessment have been widely used globally, significant knowledge gaps remain 
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in Rwanda, particularly in the Sebeya catchment, where frequent flooding continues to 
cause substantial environmental and socioeconomic losses. Prior research has mostly 
concentrated on hydrological analyses or hazard mapping without integrating a com-
plete set of flood-conditioning factors, incorporating community and local expert 
knowledge into the weighting process, or connecting observed socioeconomic impacts to 
spatial flood susceptibility. Consequently, there remains a need for a locally validated 
flood susceptibility assessment that integrates geospatial data and stakeholder 
knowledge to generate decision-support information for flood risk reduction. Therefore, 
this study aims to develop a GIS-based flood susceptibility map of the Sebeya catchment 
using the Analytical Hierarchy Process (AHP), integrating ten flood-conditioning factors 
with expert-informed weighting and socioeconomic evidence to support sustainable 
land use planning, disaster preparedness, and flood risk management. 

2. Materials and Methods 
2.1. Study Area 

The Sebeya catchment, located in western Rwanda (Figure 1), is characterized by 
steep terrain, heavy rainfall, and dense populations. The catchment is part of the Kivu 
basin, covering 610 km2, with the Sebeya River flowing 48.4 km from the Nile–Congo 
divide (2660 m asl) to Lake Kivu (1470 m asl). The catchment is characterized by rugged 
mountainous terrain in the upstream areas and valleys in the downstream part. Its ge-
ology is dominated by Precambrian metamorphic and igneous rocks, with localized 
volcanic formations, while weathered soils of varying permeability influence infiltration 
and runoff. Geomorphological features, including steep slopes and deeply incised val-
leys, promote quick surface runoff and sediment transport during periods of heavy 
rainfall. The Sebeya catchment experiences a humid tropical highland climate with two 
rainy seasons (March–May and September–December) and receives more than 1200 mm 
of annual rainfall, particularly in the parts with higher elevation. Runoff is quickly 
transported from headwaters to downstream reaches by the thick drainage network, 
creating a hydrological regime that is extremely sensitive to heavy rainfall.  

 

Figure 1. Location of Sebeya catchment. 

As a result, the catchment is vulnerable to both flash and riverine floods. Flash floods 
often occur in the steep upstream and mountainous areas where rainfall quickly causes 
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overland flow, while riverine flooding mostly impacts the downstream valleys owing to 
channel overflow and floodplain inundation. The catchment supports diverse ecosystems 
within the Albertine Rift, including forests, wetlands, riparian vegetation, and agricultural 
landscapes. However, increasing agricultural expansion, settlement growth, and infra-
structure development have altered land cover, reducing infiltration capacity and increas-
ing runoff and soil erosion. The interaction of complex topography, heavy rainfall, dense 
drainage, and land use change makes the Sebeya catchment vulnerable to flooding and an 
appropriate case study for GIS-based flood susceptibility assessment.  

2.2. Collection of Data 

The combination of topographic, hydrological, climatic, remote sensing, infrastruc-
tural, and field survey datasets from reliable national and international sources served as 
the foundation for data collection in this study (Table 1). A 10 m Copernicus Digital Eleva-
tion Model (DEM) obtained from the Alaska Satellite Facility (ASF) served as the main 
topographic dataset. The DEM was employed to extract slope and Topographic Wetness 
Index (TWI) layers through terrain analysis in a GIS environment. Hydrological parame-
ters, such as drainage density and distance to rivers, were generated from the river net-
work retrieved from the UNESCO World Rivers Database, while the distance to roads 
layer was derived from the Global Roads Inventory Project (GRIP) road network using 
Euclidean distance analysis. Long-term daily rainfall data (1981–2021) obtained from the 
Rwanda Meteorological Agency were interpolated to produce a continuous precipitation 
surface representing the spatial distribution of rainfall throughout the catchment. 

Table 1. Key characteristics of selected data sources. 

Flood Susceptibility 
Criteria Original Dataset Original Format Acquisition 

Period Source Rasterized 
Output 

Spatial Reso-
lution 

Digital Elevation 
Model (DEM) 

Copernicus DEM Raster 16/12/2024 
Alaska Satellite Facility 
(ASF) 

Elevation raster 10 m 

Slope Derived from DEM Raster Derived DEM processing 
Slope raster 
(degrees) 

10 m 

Topographic Wetness 
Index (TWI) 

Derived from DEM Raster Derived DEM processing TWI raster 10 m 

Drainage density River network Vector (Shp) 05/3/2025 
UNESCO World Rivers 
Database 

Drainage den-
sity raster 

10 m 

Distance to rivers River network Vector (Shp) 05/3/2025 
UNESCO World Rivers 
Database 

Euclidean dis-
tance raster 

10 m 

Distance to roads Road network Vector (Shp) 05/3/2025 
Global Roads Invento-
ry Project (GRIP) 

Euclidean dis-
tance raster 

10 m 

Precipitation 
Daily rainfall (1981–
2021) 

Point observation 1981–2021 
Rwanda Meteorologi-
cal Agency 

Interpolated 
rainfall raster 

10 m 

Land Use/Land Cover 
(LULC) 

Sentinel-2 imagery Raster 02/3/2025 Esri Living Atlas 
Classified 
LULC raster 

10 m 

Normalized Difference 
Vegetation Index 
(NDVI) 

Landsat-8 imagery Raster 12/6/2023 USG Earth Explorer NDVI raster 30 m  

Soil type 
Digital soil map of 
Rwanda 

Vector (Shp) 2021 RLMUA Soil type 10 m 

Flood inventory 
Historical flood loca-
tions 

Points 21/6/2024 
Field survey and 
flood-prone areas 

Validation point 
layer 

10 m reference 
grid 

Socioeconomic data 
Administrative 
boundaries  

Vector (Shp) 17/10/2021 
University of Rwanda 
CGIS 

Reference layer 
10 m reference 
grid 

Field survey 
Ground truth obser-
vation and ques-
tionnaire 

GPS points and 
field notes 

21–24/6/2024 Sebeya catchment 
Validation da-
taset 

Not applicable 
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Land cover information was extracted from Sentinel-2 imagery obtained from the 
ESRI Living Atlas, while vegetation conditions were represented using the Normalized 
Difference Vegetation Index (NDVI) derived from Landsat-8 imagery retrieved from the 
USGS Earth Explorer. The flood susceptibility model was validated using historical flood 
inventory points that were gathered from field surveys and records of flood-prone areas. 
In addition, administrative boundary data obtained from the University of Rwanda Centre 
for GIS (CGIS) were used as reference layers during spatial analysis and map production. 
Field verification was carried out in the study area, where GPS coordinates, ground ob-
servations, interviews, and questionnaire data were gathered to validate different types of 
information, including flood-conditioning factors, historical flood locations, and socioeco-
nomic impacts of floods in the study area. To ensure compatibility during spatial analysis, 
all datasets were projected to a common coordinate system, converted to raster format 
where necessary, and standardized to a 10 m spatial resolution before reclassification, 
weighting, and subsequent GIS- based flood susceptibility modeling.  

2.3. Weighting of Flood-Conditioning Factors 

This study has chosen 10 factors influencing floods based on the literature and their 
significance to flood susceptibility. These factors include slope, precipitation, Topo-
graphic Wetness Index (TWI), elevation, distance to rivers, distance to roads, drainage 
density, Soil type, Normalized Difference Vegetation Index (NDVI), and land use/land 
cover (LULC). Each factor was reclassified into five susceptibility classes ranging from 1 
(very low susceptibility) to 5 (very high susceptibility) according to published thresholds 
and local environmental conditions [32]. An interdisciplinary panel of six (6) experts 
from academia and public institutions participated in the weighting procedure. The 
team’s experts were chosen based on their professional experience and knowledge of 
flooding (at least five years). Two hydrologists, a Lecturer in GIS and remote sensing, an 
environmental scientist, a specialist in watershed management, and a practitioner of 
disaster risk management comprised the team. The Analytical Hierarchy Process (AHP) 
weighting process was carried out in two rounds. During the first round, the experts in-
dependently evaluated the flood-conditioning factors and their pairwise comparisons. 
After consultation in the review process, they agreed that soil type, an important factor 
influencing surface runoff and infiltration, had been omitted from the initial list of con-
ditioning factors. The experts also identified that several conditioning factors had been 
assigned weights that did not adequately reflect their relative importance in flood sus-
ceptibility assessment. Based on these observations, the factor set was revised to include 
soil type, and the pairwise comparison matrix was updated accordingly. In the second 
round, the revised set of ten conditioning factors was re-evaluated by the experts. 
Differences in judgments were discussed collectively until a consensus was reached, re-
sulting in the final pairwise comparison matrix and factor weights. Finally, the con-
sistency of the judgments was assessed using AHP Consistency Ratio (CR), and only 
matrices satisfying the recommended threshold (CR < 0.10) were accepted.  

In order to enhance the model’s local relevance, 75 households in the Sebeya 
catchment’s flood-prone zones participated in a survey that included community 
knowledge. Two local coordinators of relief efforts in the model village, where 
flood-affected households were relocated for permanent residence, were among the 
primary informants considered. A field technician who monitors flood control infra-
structure was also interviewed for this study as a significant informant. Respondents 
participated in the assessment of the environmental factors they perceive affected flood-
ing and took part in identifying areas that were frequently flooded.  

Rather than being used directly in the AHP computations, this local information 
was utilized to validate and improve the classification of the flood-conditioning factors, 
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especially for land use, distance to rivers, vegetation cover, and topographic characteris-
tics. The flood susceptibility map was then created using a GIS-based weighted overlay 
analysis using the final AHP weights. Figure 2 illustrates the methodology used in gen-
erating the flood susceptibility map of the catchment under this study. 

 

Figure 2. Flow chart of flood susceptibility mapping in this study. 

Natural break (jenk) is an algorithm used to reassign values to raster or vector data 
based on specific criteria, helping to categorize data into meaningful or homogeneous 
classes [33]. It is one of the most widely used and precise algorithms for geographical 
environmental unit division. Since field verification cannot define the range of each class, 
we classified each geographical data layer into five categories using Jenks’ natural break 
algorithm [34]. In assigning weight to the ten factors of flood susceptibility in this study, 
precipitation, slope, drainage density, distance to river, and elevation have been given 
the highest weight since they are directly related to flooding in this area (Table 2). His-
torical floods demonstrate that rainfall in the short-rainy season causes the maximum 
discharges of rivers; locations close to the rivers and the highest drainage density are the 
most vulnerable to flooding. Land use/land cover and TWI were given a medium weight 
because they are important characteristics for floods that have less impact. They have a 
medium influence on floods and are mostly found in lowland parts with less slope and 
wetlands. Similar to this, road distance, soil type, and NDVI are given less weight be-
cause other criteria have overshadowed their significance. 

Table 2. Criteria and sub-criteria range for flood susceptibility assessment. 

Causal Factors Units  Ranges Classes  Ratings Weight (%) 

TWI 

Level −6.86–−4.91 very low 1 

7 
 −4.91–−3.23 low 2 
 −3.23–−0.87 moderate 3 
 −0.87–2.36 high 4 
 2.36–10.30 very high 5 

Elevation (EL) 
m 1486–1831 very high 5 

11 
 1831–2071 high 4 
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 2071–2306 moderate 3 
 2306–2551 low 2 
 2551–2979 very low 1 

Slope (SL) 

% 0–11 very high 5 

15 
 11–22 high 4 
 22–33 moderate 3 
 33–46 low 2 
 46–87 very low 1 

Rainfall/Precipitation (PP) 

mm/yr 1188–1286 very low 1 

23 
 1286–1333 low 2 
 1333–1378 moderate 3 
 1378–1438 high 4 
 1438–1537 very high 5 

Land use/Landcover (LULC) 

level  Water body very high 5 

8 
 Settlement high 4 
 Agriculture moderate 3 
 Barren Land low 2 
 Vegetation very low 1 

NDVI 

level  0.007–0.192 very high 5 

3 
 0.192–0.256 high 4 
 0.256–0.309 moderate 3 
 0.309–0.364 low 2 
 0.364–0.713 very low 1 

Distance to river (DRI) 

meter 0–573 very high 5 

12 
 573–1369 high 4 
 1369–2465 moderate 3 
 2465–3934 low 2 
 3934–6350 very low 1 

Distance to road (DRO) 

meter 0–327 very high 5 

4 
 327–854 high 4 
 854–1453 moderate 3 
 1453–2151 low 2 
 2151–3632 very low 1 

Drainage density (DD) 

km/km2 0–47 very low 1 

12 
 47–143 low 2 
 143–265 moderate 3 
 265–418 high 4 
 418–795 very high 5 

Soil type level 

sands very low 1 

4 
Sandy loam low 2 
Clay loam moderate 3 

loam high 4 
clay very high 5 

Total     100 

The ten flood susceptibility factors were mapped in this study (Figure 3). The TWI 
in this study was derived from the Digital Elevation Model (DEM) using ArcGIS Pro 3.5 
[35]. Precipitation is among the primary causes of river flooding. Precipitation falling in 
the area determines the runoff that could be, and the area becomes more vulnerable to 
flooding as the runoff increases [36]. Rainfall data obtained from the meteorological sta-
tions near the Sebeya catchment were analyzed using the Kriging method, and the mean 
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annual rainfall of these stations was calculated using yearly rainfall data from 1981 to 
2021. Land use/land cover (LULC) is one of the key determinants of flood-prone areas. 
Urban areas with impermeable surfaces, such as roads and buildings, are particularly 
vulnerable to flooding, whereas places covered with vegetation have a higher rate of in-
filtration and are hence less vulnerable [37,38]. This study used supervised classification 
on Sentinel-2 imagery to categorize the land into five classes: bare land, agriculture, veg-
etation, water bodies, and settlement. The Normalized Difference Vegetation Index 
(NDVI) was determined to measure the difference between red light, which vegetation 
absorbs, and near-infrared light, which plants strongly reflect, to quantify the vegetation 
characteristics in a given area [39]. The range between −1 and +1, with a number close to 
+1, denotes vegetation that serves as flood protection [40]. 

 

Figure 3. Maps of flood susceptibility factors. 

Distance to the river (DR) is another factor that contributes to flooding because the 
river and its surrounding lands are the primary flood channel, making them extremely 
vulnerable [36]. The river network used in this investigation was derived from DEM da-
ta. The Euclidean function in the ArcGIS platform was used to determine the distance to 
each river. The distance to a road (DRO) influences the likelihood of flooding because 
the impervious surface grows close to the road, increasing the risk of flooding [41]. The 
Overpass-turbo was also used to retrieve the road network from Open-Street Map. The 
ArcGIS’s Euclidean function was used to calculate the distance from each road. 

The ratio of the basin’s area to the entire drainage channel is known as the drainage 
density. A high drainage density (DD) increases the amount of water that accumulates 
in a given area, making it more vulnerable to flooding [42]. A drainage network was es-
tablished in the study area by using the DEM and the Raster calculator tool in ArcGIS to 
create flow accumulation. The drainage density was then determined using the Line 
Density tool on this drainage network. The soil map was generated from a digital soil 
dataset for the study area and clipped to the Sebeya catchment boundary in ArcGIS to 
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convert into a raster format using the Raster tool, with a spatial resolution of 10 m to 
match the other flood-conditioning factors. Finally, the soil classes were reclassified ac-
cording to their relative susceptibility to flooding, producing the soil type raster used in 
the AHP analysis.  

2.4. Analytical Hierarchy Process (AHP) 

AHP is a multi-criteria decision-making approach that was created by Saaty in 1990 
[24], with the goal of streamlining and enhancing the decision-making process. This ap-
proach allows planners and users to quantitatively determine a scale of preference de-
rived from a collection of options [40]. The AHP applies the pairwise comparison ap-
proach to determine each criterion’s weight or priority vector [31]. The use of a pairwise 
comparison matrix (PCM)enables evaluating the relative weights of several criteria ac-
cording to the expert’s assessment [27]. The flood-conditioning factor is prepared as a 
pairwise comparison matrix with n × n dimensions. Each of these separate flooding fac-
tors is given a value on a scale from 1 to 9, where a lower number of 1 indicates that both 
variables are equally important and a higher number of 9 indicates that the row factor in 
PCM is more essential than the column factor according to the Saaty scale [24] in Table 3. 

Table 3. Saaty’s 1.0–9.0 scale AHP. 

Scales Importance Reciprocals 
1.0 Equally important 1 
3.0 Moderately important 1/3 
5.0 strongly important 1/5 
7.0 Very strongly important 1/7 
9.0 Extremely important 1/9 

2.0, 4.0, 6.0, 8.0 Intermediate values between two factors 1/2, 1/4, 1/6, 1/8 

This methodology created a pairwise comparison matrix of selected 
flood-conditioning factors of dimension 9 × 9 based on a variety of literature reviews. 
Each row is compared with each column element to determine the relative relevance for 
producing the rating score, and the diagonal elements are always equal to 1 in the pair-
wise comparison matrix displayed in Table 4 [43]. The normalized pairwise matrix and 
final weights, as indicated in Table 5, were calculated using the importance of each fac-
tor to the flood, the data from prior studies, and the expert’s judgment of those who 
have worked in floods in the past [44]. 

Table 4. Pairwise comparison matrix. 

Factors DR Slope Rainfall DRO Elevation Soil Type TWI NDVI DD LULC 
DR 1.00                  

Slope 2.00 1.00                 
Rainfall 3.00 3.00 1.00               

DRO 0.20 0.33 0.20 1.00            
Elevation 3.00 0.33 0.20 3.00 1.00           
Soil types 0.33 0.33 0.33 0.50 0.50 1.00         

TWI 0.33 0.33 0.20 5.00 0.33 3.00 1.00       
NDVI 0.20 0.33 0.20 0.50 0.33 0.33 0.33 1.00     

DD 0.33 0.50 0.33 5.00 3.00 3.00 1.00 5.00 1.00   
LULC 0.50 0.33 0.33 1.00 0.33 2.00 5.00 3.00 0.33 1.00 

When calculating the value for a pairwise comparison matrix, there may be nu-
merous discrepancies; therefore, the Consistency Ratio (CR) must be calculated as a con-
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sistency check [45]. The Consistency Ratio, which is the ratio of a matrix of the same 
size’s Consistency Index (CI) to Random Inconsistency Index (RI), must always be less 
than 0.1 in order to be considered acceptable for weighting [40].  

Table 5. Normalized pairwise comparison matrix in this study. 

Factors DR Slope Rainfall DRO Elevation Soil Type TWI NDVI DD LULC Weighting % Eigenvectors 
DR 0.08 0.11 0.12 0.11 0.14 0.11 0.13 0.12 0.11 0.10 0.12 11.51 10.77 

Slope 0.18 0.14 0.14 0.16 0.16 0.15 0.13 0.15 0.16 0.16 0.15 15.16 10.87 
Rainfall 0.25 0.23 0.21 0.24 0.26 0.23 0.19 0.22 0.26 0.22 0.23 23.13 10.86 

DRO 0.04 0.05 0.05 0.03 0.04 0.04 0.06 0.04 0.04 0.04 0.04 4.40 10.63 
Elevation 0.11 0.10 0.11 0.10 0.07 0.12 0.15 0.12 0.14 0.13 0.11 11.39 10.71 
Soil type 0.05 0.05 0.05 0.04 0.05 0.04 0.05 0.04 0.04 0.04 0.04 4.45 10.71 

TWI 0.05 0.08 0.08 0.06 0.06 0.08 0.05 0.08 0.06 0.07 0.07 6.81 10.78 
NDVI 0.03 0.03 0.03 0.03 0.03 0.02 0.03 0.02 0.03 0.02 0.03 2.76 10.75 

DD 0.15 0.12 0.12 0.11 0.12 0.12 0.11 0.12 0.09 0.15 0.12 11.98 10.82 
LULC 0.07 0.09 0.09 0.12 0.07 0.10 0.10 0.09 0.07 0.06 0.08 8.40 10.76 
λmax                         10.77 

Equation (1) was used to calculate the Consistency Index (CI). CI = (λmax− n)(n− 1)  (1)

where n expresses the number of factors, and λ expresses the average value of the con-
sistency vector. While calculating the CI, we determine the consistency vector (CV) by 
multiplying the original pairwise matrix (A) by the weight vector (w), and then divide 
each element of the consistency vector by the corresponding element in the weight vec-
tor (w) (Table 5). The λmax (Lambda Max) is calculated by considering the average of 
these values. 

According to Formula (1), the Consistency Index (CI) measures the deviation from 
consistency, where n is the number of criteria (n = 10). 

CI = (10.76 − 10)/(10 − 1) = 0.085 

The Random Index (RI) is an empirically computed baseline value of inconsistency 
for completely random pairwise-comparison matrices of a given size (Table 6). It is used 
to normalize the consistency of a real decision maker’s matrix to verify whether the 
judgments made are acceptably consistent or inconsistent with random guessing. It is a 
constant that depends on the randomly sampled pairwise matrix (n).  

Table 6. Random Index. 

n 1 2 3 4 5 6 7 8 9 10 
RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 

For our example, n = 10, and therefore RI = 1.49.  
Finally, the CR is calculated by comparing CI to the RI.  
CR = 0.085/1.49 = 0.057. Since 0.057 ≤ 0.10, the consistency of our pairwise compari-

son matrix is acceptable. We can confidently use the derived weights for the rest of our 
AHP analysis. 

In this study, ten factors were processed in ArcGIS software to discover flood risk 
susceptible zones. Table 2 states that each of the factor maps has been categorized into 
five different classes and transformed to a raster format of size. Using the weighted 
overlay technique, the sum of these outcomes was multiplied by the factor weight of 
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each reclassified map layer. The overall map of flood susceptibility in the study area was 
produced by Equation (2). 𝐹𝑆 =෍𝑊௜ ∗ 𝑥௜ (2)

where FS expresses flood susceptibility,𝑤௜ as a factor weight, and 𝑥௜ represents the 
class of flood susceptibility for each factor i. 

Each flood-conditioning factor was initially reclassified into five susceptibility classes 
(very low, low, moderate, high, and very high) using the Jenks natural breaks classification 
approach. The five-class scheme was selected because it preserves the natural distribution 
of each environmental variable while maintaining consistency with previous GIS-based 
flood susceptibility studies. After applying the AHP-derived weights through the 
weighted overlay analysis, a continuous flood susceptibility index was generated. For 
practical interpretation and decision-making, the resulting index was subsequently 
grouped into three operational susceptibility classes (low, moderate, and high) represent-
ing areas with relatively low, intermediate, and high flood susceptibility. This simplified 
classification facilitates communication of results to planners and disaster management 
authorities while retaining the essential spatial patterns of flood susceptibility. 

2.5. Evaluation of Socioeconomic Impacts of Floods 

The study used both quantitative and qualitative methodologies to evaluate the so-
cioeconomic effects of flooding. The survey used a random sampling method on 75 
households affected by recent floods in May 2023. The researcher obtained a recom-
mendation letter from the district authority to use questionnaires and interviews with 
the affected communities relocated to a safe site. The questions mainly focused on as-
sessing the impacts of flooding on livelihoods, the impacts of flooding on agricultural 
activities, the impacts of flooding on essential services, and the impacts of flooding on 
infrastructure. The data were processed and analyzed using SPSS v.30. Since the socio-
economic data were chosen to be part of the AHP methodology as well as pertinent in-
formation on flood impacts in the study area, the analysis did not consider advanced 
statistical tests such as Chi-square and logistic regression analysis. 

2.6. Validation of Flood Susceptibility Map 

The flood susceptibility map was validated using the confusion matrix approach to 
quantitatively analyze the agreement between the predicted flood-prone areas and ob-
served flood occurrence data [46]. The validation dataset consisted of an independent 
flood inventory gathered from field visit surveys, historical flood records, and reports 
from relevant local authorities. These flood occurrence points were not used during the 
model development, including the expert-based weighting of the flood-conditioning 
factors or the generation of the flood susceptibility map. Instead, they were reserved ex-
clusively for model validation, ensuring an independent assessment of predictive per-
formance. The validation points were selected based on verified flood events to repre-
sent documented flood locations distributed throughout the Sebeya catchment rather 
than being concentrated within a single location. Their spatial distribution encompasses 
the upstream, middle, and downstream zones of the catchment, reflecting the variety of 
features (topography, hydrology, and land use conditions) found in the study area. This 
spatial coverage reduces the possibility of spatial bias and offers a more accurate as-
sessment of the model’s predictive capacity.  

The flood inventory points were overlaid on the final flood susceptibility map in the 
GIS environment, and their predicted susceptibility classes were compared with the ob-
served flood occurrences to construct a confusion matrix. From this matrix, the Overall Ac-
curacy and Cohen’s Kappa coefficient were computed to quantify the agreement between 
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the predicted susceptibility classes and the observed flood events. Together, these indices 
offer a strong statistical assessment of the reliability and predictive capabilities of flood sus-
ceptibility, supporting its use in flood susceptibility assessment and spatial planning. 

3. Results 
3.1. Flood Susceptibility Mapping 

The flood susceptibility map generated using GIS-based Analytical Hierarchy Pro-
cess (AHP) revealed that the Sebeya Catchment exhibits varying degrees of flood risk, 
ranging from low to high susceptibility (Table 7). The high-risk zones were predomi-
nantly concentrated along the Sebeya River and its tributaries, where the terrain is 
low-lying and characterized by high drainage density. These areas also coincide with re-
gions experiencing high population density and intense agricultural activity, increasing 
their vulnerability to flood-related damages. Conversely, the least susceptible areas were 
found in the upper catchment, characterized by steep slopes, dense vegetation cover, and 
well-drained soils.  

Table 7. Flood susceptibility area coverage. 

Classification Area Covered (Km2) Percentage (%) 
low 31.73 5.2 

Moderate 539.15 88.4 
High 39.18 6.4 

Total area 610 100 

The flood susceptibility distribution highlights that the majority of the study area 
falls within the “Moderate” susceptibility category, covering 88.4% (539.15 km2) of the 
total area. It suggests that while a significant portion of the region faces some degree of 
flood risk, it is generally manageable. However, a substantial area (6.4% or 39.18 km2) is 
classified under “High” susceptibility, indicating that a considerable part of the land is at 
significant risk of flooding. The “Low” susceptibility category covers 5.2% (31.73 km2), 
meaning that a tiny portion of the area is relatively safe from floods. These high-risk lo-
cations are mostly found in the Sebeya river corridor and its tributary drainage network, 
especially in low-lying areas with high drainage density, gentle slopes, and a higher po-
tential for surface water buildup. Geographically, these zones are mostly found in val-
ley-bottom and downstream locations of sectors like Kanama, Nyundo, and Rugerero, 
where the proximity to the river system increases flood exposure. Additionally, the 
highly sensitive zones align with areas of increased human activity, such as agricultural 
fields, primarily in the Kanama sector’s valleys, and significant commercial hubs, such as 
Mahoko, Nyundo, and some trading areas that surround Rubavu town. The overlap 
between high flood susceptibility zones and populated/commercial areas increases po-
tential impacts on livelihoods, infrastructure, businesses, and public services.  

In particular, settlements and commercial activities located close to the Sebeya River 
are highly exposed because of their limited distance from the flood pathways (for exam-
ple, buildings located between 0 and 50 m from the river bank in the Mahoko center). 
Therefore, although the high susceptibility zones represent a relatively small proportion 
of the catchment, their strategic importance is considerable due to their concentration of 
population, economic activities, and infrastructure. These findings highlight the need for 
targeted flood risk reduction measures, including improved urban drainage systems, 
protection and restoration of river buffers, enforcement of flood-sensitive land use plan-
ning, and early warning systems in the most exposed sectors and commercial areas. 
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3.2. Flood Susceptibility Validation with Standard Error Matrix 

The flood susceptibility classification model performed remarkably well in differen-
tiating between low, moderate, and high susceptibility groups, according to the accuracy 
evaluation results (Table 8). With an overall classification accuracy of 99% and a Kappa 
statistical value of 0.972, the model indicates a level of agreement that is much higher 
than what would be predicted by chance. Both user and producer accuracy rates surpas-
sing 90% across all classes suggest that the mapped susceptibility patterns strongly agree 
with field observations and historical flood data (Figure 4). These accuracy indicators 
confirm that the generated flood susceptibility map (Figure 5) is reliable and suitable for 
practical applications in risk mitigation, spatial planning, and policy decision-making. 

Table 8. Classification accuracy of the flood susceptibility model. 

ClassValue C_0 C_2 C_3 C_4 Total U_Accuracy Kappa 
C_0 1 0 0 0 1 1 0 
C_2 0 10 0 0 10 1 0 
C_3 0 0 181 1 182 0.995 0 
C_4 0 0 0 8 8 1 0 

Total 1 10 181 9 201 0 0 
P_Accuracy 1 1 1 0.889 0 0.995 0 

Kappa 0 0 0 0 0 0 0.972 

 

Figure 4. Flood inventory map. 
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Figure 5. Validated flood susceptibility map. 

3.3. Socioeconomic Impacts of Flood in the Sebeya Catchment 

To complement the spatial flood susceptibility assessment, this study evaluates the 
socioeconomic impacts of flood events on affected communities in the Sebeya catchment. 
The household survey was conducted among communities located within highly sus-
ceptible areas, particularly those affected by the recent 2023 flood events. These floods 
caused substantial impacts on livelihoods, agricultural activities, businesses, and resi-
dential properties.  

The surveyed 75 households represent communities with direct experiences of flood 
hazards, including residents who remained in their original flood-prone locations and 
those who were relocated to a model village established for permanent resettlement after 
flood impacts. Therefore, the socioeconomic findings provide a crucial ground-based 
perspective for validating and interpreting the spatial patterns of flood susceptibility 
identified in the study area.  

3.3.1. Impact of Flood on Livelihood 

In the current study, we assessed the respondents’ views on the impacts of flood on 
their health; Figure 6 highlights the significant flood impact on livelihoods within the 
affected region. The most prominent consequence is food shortages due to flooded and 
lost agricultural land, affecting 40.9% of people. It indicates that agriculture, a significant 
source of food and income, is highly vulnerable to flooding, leading to food insecurity. 
Additionally, 39.8% of respondents reported that flooding affected their income genera-
tion, showing that not only farmers but also other workers relying on local businesses, 
trade, and services are financially impacted. 10.2% of the population experienced other 
effects, which could include health issues, infrastructure damage, and disrupted educa-
tion. Lastly, 9.1% of the affected individuals had to relocate due to severe flood condi-
tions, indicating displacement and loss of homes. These findings underscore the urgent 
need for flood mitigation measures to protect livelihoods, ensure food security, and 
support economic resilience in flood-susceptible areas. 
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Figure 6. Impacts of flooding on livelihoods in the Sebeya catchment. 

3.3.2. Flood Impact on Livelihoods 

Figure 7 indicates that the economic flood impacts within the Sebeya catchment are 
severe, affecting multiple sectors, with loss of income (35.2%) being the most significant 
consequence. It highlights how floods disrupt livelihoods, especially for those dependent 
on agriculture, small businesses, and daily wages. Many people lose employment op-
portunities due to damaged workplaces and infrastructure, reducing household earnings 
and increasing financial insecurity. Additionally, business interruption (21.0%) further 
worsens the situation, as markets, shops, and enterprises are forced to close temporarily 
or permanently due to water damage, supply chain disruptions, and reduced customer 
access. These economic setbacks create long-term challenges, delaying recovery and lim-
iting community resilience against future floods. 

 

Figure 7. Economic impacts of flooding on livelihoods in the Sebeya catchment. 

Besides direct income loss, flooding leads to property damage (25.3%), increased 
costs for repairs and rebuilding (6.8%), as well as placing a heavy financial burden on 
affected households and businesses. Homes, shops, roads, and other infrastructure 
suffered extensive destruction, requiring significant investments for reconstruction. 
Furthermore, the destruction of crops and loss of livestock (11.7%) weakens food security 
and the agricultural economy, reducing farm productivity and escalating food prices. 
These combined economic impacts underscore the urgent need for proactive flood miti-
gation strategies, such as flood-resistant infrastructure, improved drainage systems, and 
financial support mechanisms like insurance and emergency relief programs to help 
communities recover and build resilience. Various studies have demonstrated the eco-
nomic impacts of flooding in different regions around the world [47,48]. 

  



GeoHazards 2026, 7, 95 16 of 26 
 

https://doi.org/10.3390/geohazards7030095 

3.3.3. Impacts of Flooding on Agricultural Activities 

Figure 8 highlights that flooding has a devastating impact on agricultural activities 
in the Sebeya Catchment, with reduced crop yields (50.0%) being the most significant 
consequence. It indicates that prolonged waterlogging, soil erosion, and crop destruction 
severely affect food production, leading to food insecurity and economic instability for 
farmers. Additionally, the loss of fertile soil (35.0%) further worsens agricultural 
productivity, as floods wash away nutrient-rich topsoil essential for crop growth. With-
out proper soil conservation measures, the long-term viability of farming in the region is 
threatened, requiring farmers to invest in soil restoration efforts such as terracing and 
reforestation to mitigate further losses. 

 

Figure 8. Impacts of flooding on agricultural activities in the Sebeya catchment. 

Other impacts of flooding on agriculture, though less prominent, still contribute to 
production challenges. Contamination of water sources (7.5%) poses a serious risk, as 
polluted irrigation water can damage crops and spread plant diseases, reducing overall 
yields. Additionally, increased cost of agricultural inputs (5.0%) burdens farmers to 
purchase fertilizers, pesticides, and improved seeds to restore productivity. Delayed 
planting and harvesting seasons (2.5%) also contribute to instability, as unpredictable 
weather patterns disrupt traditional farming cycles. These findings highlight the urgent 
need for improved flood mitigation measures, such as sustainable land use planning, 
better drainage infrastructure, and farmer support programs, to protect agricultural live-
lihoods in the Sebeya Catchment. 

3.3.4. Impacts of Flooding on Access to Essential Services 

Flooding significantly disrupts access to essential services in the Sebeya Catchment 
(Figure 9), with transportation disruptions (36.5%) being the most affected sector. 
Flooded roads and damaged bridges hinder movement, temporarily preventing resi-
dents from reaching markets, workplaces, and emergency assistance. Similarly, school 
closures (34.6%) pose a significant challenge, as flooded schools and impassable roads 
prevent students from attending classes, leading to learning disruptions. Additionally, 
the reduced availability of clean water (23.3%) highlights a critical health risk, as floods 
contaminate water sources, increasing the spread of waterborne diseases. Limited access 
to healthcare facilities (5.7%) further exacerbates the situation, as damaged infrastructure 
and transportation barriers prevent timely medical assistance. These impacts emphasize 
the need for resilient infrastructure, emergency response systems, and long-term flood 
mitigation measures to ensure continuous access to essential services. 
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Figure 9. Impacts of flooding on access to essential services in the Sebeya catchment. 

3.3.5. Impacts of Flooding on Infrastructure 

As mentioned in Figure 10, the results showed that flooding has a widespread im-
pact on infrastructure in the Sebeya Catchment, with residential and commercial build-
ings (21.6%) and roads and bridges (20.4%) being the most affected. Floodwaters weaken 
the foundations of buildings, causing structural damage and, in some cases, destruction, 
leaving families and businesses displaced. The disruption of roads and bridges severely 
affects transportation, hindering the movement of people, goods, and emergency re-
sponse teams. It not only isolates communities but also slows economic activities, making 
recovery efforts more difficult.  

 

Figure 10. Impacts of flooding on infrastructure in the Sebeya catchment. 

Similarly, schools and education facilities (15.5%) suffer damage, leading to pro-
longed closures and negatively affecting students’ learning opportunities. 

Other essential infrastructure systems are also significantly impacted. Water supply 
systems (12.8%) and electrical power lines (12.0%) are highly vulnerable, with floods 
contaminating clean water sources and damaging power networks, resulting in water 
shortages and electricity blackouts. Water treatment facilities (7.0%) also face operational 
challenges, increasing the risk of waterborne diseases. The damage to healthcare facilities 
(5.8%) further compounds the crisis, as limited medical services reduce the community’s 
ability to respond to injuries and disease outbreaks. These impacts highlight the urgent 
need for climate-resilient infrastructure, improved drainage systems, and investment in 
flood-resistant building designs to minimize future flood-related disruptions. 
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4. Discussion 
4.1. Relative Importance of Flood-Conditioning Factors 

The GIS-AHP analysis conducted in this study identified rainfall as the most influ-
ential conditioning factor controlling flood susceptibility in the Sebeya catchment, ac-
counting for 23% of the overall weight. This finding is consistent with the hydrological 
processes governing flood generation in steep tropical catchments, where intense pre-
cipitation represents the primary trigger of runoff generation and subsequent flooding 
[49]. Unlike lowland basins in which flood occurrence may be strongly influenced by 
river hydraulics or prolonged water storage, flood events in the Sebeya catchment are 
predominantly initiated by short-duration, high-intensity rainfall that rapidly exceeds 
infiltration capacity, producing overland flow and channel discharge. Previous studies 
have similarly reported rainfall as the dominant predictor of flood susceptibility in 
mountainous watersheds because it directly controls runoff production, peak discharge, 
and flood frequency [50]. 

The dominance of rainfall in the present study is further supported by the climato-
logical characteristics of the western region of Rwanda. The Sebeya catchment experi-
ences abundant annual rainfall that frequently exceeds 1400 mm, with seasonal storms 
capable of producing exceptionally high rainfall intensities. Recent flood disasters within 
the catchment have repeatedly been associated with extreme rainfall events that gener-
ated rapid rises in river discharge and widespread flooding. Consequently, assigning the 
highest weight to rainfall reflects both the physical hydrological processes operating 
within the catchment and the documented history of flood occurrence. 

The second-most influential factor was slope (15%). Although steeper slopes gener-
ally facilitate rapid drainage and may reduce local water accumulation, in mountainous 
environments such as the Sebeya catchment they substantially increase runoff velocity 
and shorten the concentration time of rainfall-generated flow [51].The upper parts of the 
catchment are characterized by steep terrain where rainfall is rapidly converted into 
surface runoff before infiltration occurs. This process accelerates downstream flow ac-
cumulation and contributes to flash flooding along the main river channel. Similar find-
ings have been reported in mountainous catchments across East Africa and South Asia, 
where slope has consistently emerged as one of the principal flood-conditioning factors 
[52]. The relatively high importance assigned to slope therefore reflects the geomorpho-
logical setting of the Sebeya catchment rather than a universal characteristic applicable 
to all flood-prone regions.  

Distance to rivers (12%) was ranked as the third-most influential factor, followed 
closely by drainage density (12%). The high importance of river proximity indicates that 
flood susceptibility is strongly concentrated along the Sebeya River and its tributaries, 
where overbank flooding is most likely to occur during periods of high discharge. This 
finding is consistent with previous studies showing that flood susceptibility generally 
increases with decreasing distance from river channels [53,54]. In the Sebeya catchment, 
settlements, agricultural land, and infrastructure are frequently located within valley 
bottoms and near river corridors, which increases their exposure to inundation. The im-
portance of drainage density (12.2%) further highlights the role of the drainage network 
in concentrating runoff. High drainage density indicates a well-developed channel net-
work capable of rapidly conveying water from hillslopes to the main river system. In 
combination with steep slopes and intense rainfall, this characteristic contributes to rap-
id runoff accumulation and increased flood peaks. Similar relationships between drain-
age density and flood susceptibility have been documented in several GIS-based flood 
assessment studies [55,56]. 
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Elevation (11%) also received a substantial weight, indicating that topography posi-
tion plays an important role in determining flood-prone areas. Lower elevations within 
the catchment generally correspond to valley floors and floodplains where runoff accu-
mulates after flowing from high terrain. Conversely, higher elevations primarily func-
tion as runoff source areas [57]. The moderate-to-high ranking of elevation suggests that 
flood susceptibility in the Sebeya catchment is influenced not only by runoff generation 
processes but also by the spatial redistribution and storage of water within the land-
scape. Land use/land cover (8%) was identified as another important factor. Although its 
weight is lower than that of rainfall and terrain-related variables, land cover has an im-
portant role in flood susceptibility by affecting how water is absorbed, stored, and 
drained across different surfaces.  

Natural vegetation, such as forests and wetlands, helps mitigate flooding by en-
hancing infiltration, reducing surface runoff, and promoting groundwater recharge [58]. 
In contrast, impervious surfaces like concrete, asphalt, and compacted soil in urban areas 
prevent water from being absorbed into the ground, leading to increased runoff and a 
higher risk of urban flooding [59]. In this study, barren soil was assigned a low suscepti-
bility score (2) because of the unique environmental conditions of the Sebeya catchment, 
not because of the hydrological behavior of barren surfaces in general. Even though 
barren land can contribute to increased surface runoff due to decreased infiltration, the 
extent of barren areas within the Sebeya catchment has been significantly decreased by 
ongoing catchment restoration initiatives, such as reforestation, afforestation, slope sta-
bilization, terracing, and other land management interventions. Because of this, the 
amount of remaining barren land is small, dispersed, and typically found in regions 
where restoration efforts have already enhanced soil stability and vegetation recovery, 
reducing its contribution to flood susceptibility.  

Topographic Wetness Index (TWI) (7%) received a moderate weight, indicating its 
significant contribution to flood susceptibility. TWI is a key geomorphological parameter 
influencing flood susceptibility by indicating areas prone to water accumulation based on 
local topography [60]. Areas exhibiting high TWI values are generally associated with 
saturated soils, reduced infiltration capacity, and increased potential for surface ponding 
during rainfall events [61]. The relatively moderate ranking of TWI observed in this 
study confirms that local topographic controls play a role in determining flood-prone 
locations within the Sebeya catchment. Similar observations have been reported and 
identified TWI as one of the most reliable terrain-derived predictors in flood susceptibil-
ity modeling [62]. 

The remaining factors, including distance to roads (4%), soil type (4%), and NDVI 
(3%), received comparatively lower weights. Distance to roads may influence local 
drainage patterns through road embankments, culverts, and surface runoff concentra-
tion, but its effect appears secondary at the catchment scale [63]. Soil type affects infiltra-
tion capacity; however, its low weight suggests that soil variability within the Sebeya 
catchment may be less influential than rainfall and terrain characteristics. NDVI receives 
the lowest weight, which may reflect the relatively widespread vegetation cover result-
ing from ongoing watershed restoration and reforestation efforts.  

4.2. Comparison with Previous Studies 

The overall ranking of flood-conditioning factors in this study is broadly consistent 
with previous GIS-based flood susceptibility assessments conducted in mountainous 
and tropical environments. Rainfall, slope, drainage density, and river proximity have 
frequently been identified as dominant predictors of flood occurrence [49,52,54,64]. The 
agreement between the present findings and previous studies increases confidence that 
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the weighting scheme adequately reflects the principal hydrological controls operating 
within the Sebeya catchment. 

However, some differences are also evident. In several studies conducted in highly 
urbanized watersheds, land use/land cover has been reported as one of the most influ-
ential factors because impervious surfaces substantially reduce infiltration and increase 
runoff generation [65]. In the present study, land use/land cover received a moderate 
weight of 8%. This difference is likely attributable to the predominantly rural character 
of the Sebeya catchment, where agricultural land and vegetation cover remain more ex-
tensive than densely built-up urban surfaces. Similarly, soil type received a relatively 
low weight (4%). While soil permeability is recognized as an important control on infil-
tration and runoff generation, its influence appears less pronounced in the Sebeya 
catchment than rainfall intensity, slope, and drainage characteristics. Comparable find-
ings have been reported in other mountainous catchments where terrain-derived varia-
bles exert stronger control over flood occurrence than soil properties [66]. The moderate 
weight assigned to TWI (7%) differs from some studies in which TWI was ranked among 
the most influential predictors [67]. This discrepancy may be explained by the steep to-
pography of the Sebeya catchment, where rapid runoff generation and channel concen-
tration processes may dominate over localized water accumulation processes. Never-
theless, TWI remains an important supplementary factor because it identifies areas 
prone to saturation and surface water retention.  

4.3. Implications for Flood Risk Management in the Sebeya Catchment 

The findings of this study have important implications for flood risk management 
in the Sebeya catchment. First, the dominance of rainfall highlights the need for im-
proved rainfall monitoring and early warning systems capable of detecting extreme pre-
cipitation events. Because intense rainfall is the primary flood-triggering factor, timely 
warnings could significantly reduce loss of life and property. Second, the importance of 
slope and drainage density suggests that upstream watershed management interven-
tions are essential. Measures such as reforestation, terracing, soil conservation, and ero-
sion control can reduce runoff generation and slow the movement of water toward 
downstream areas. Third, the strong influence of distance to rivers indicates that land 
use planning should carefully regulate development within flood-prone river corridors 
and valley bottoms. Settlements and infrastructure located in these areas are particularly 
exposed to inundation during high-flow events. Finally, the moderate contribution of 
land use/land cover suggests that maintaining and enhancing vegetation cover remains 
an important non-structural flood mitigation strategy. Continued watershed restoration 
efforts may help reduce runoff generation and improve the resilience of the catchment to 
future flood events.  

4.4. Integrating Socioeconomic Vulnerability with Flood Susceptibility Assessment 

The socioeconomic findings demonstrate that the consequences of flooding in the 
Sebeya catchment extend well beyond the physical occurrence of flood events, high-
lighting the importance of integrating socioeconomic vulnerability with flood suscepti-
bility assessment. Although the GIS–AHP model identifies areas with high probability of 
flooding based on environmental and topographic conditions, the household survey re-
veals how flooding translates into significant livelihood disruptions for communities re-
siding within these susceptible zones.  

The high proportion of respondents reporting food shortage (40.9%) and loss of in-
come-generating activities (39.8%) indicates that agriculture and small-scale businesses 
constitute the most vulnerable livelihood sectors. These findings are consistent with the 
predominantly agrarian economy of the Sebeya catchment, where household income is 
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closely linked to agricultural production and local trade. Consequently, flood impacts ex-
tend beyond the immediate destruction of physical assets to include reduced food security, 
declining household income, and increased economic vulnerability. Similar observations 
have been reported in other flood-prone regions of sub-Saharan Africa, where recurrent 
flooding undermines rural livelihoods and slows socioeconomic development [68]. 

The socioeconomic assessment further demonstrates that flooding generates cas-
cading effects across multiple sectors of the local economy. The predominance of income 
loss (35.2%), property damage (25.3%), and business interruption (21%) suggests that 
flood events reduce household resilience by simultaneously affecting employment, 
productive assets, and commercial activities. These findings indicate that flood suscepti-
bility should not be interpreted solely in terms of inundation probability but also in 
terms of the capacity of affected communities to withstand and recover from 
flood-induced shocks. Particularly, the observed disruption of small businesses and ag-
ricultural production illustrates how physical flood hazards can trigger prolonged soci-
oeconomic consequences that persist long after the flood. This reinforces the need for 
flood risk assessments to incorporate both hazard and vulnerability components, con-
sistent with internationally recognized disaster risk frameworks [68]. 

The impacts on agriculture further illustrate the interaction between physical flood 
processes and socioeconomic vulnerability. The finding that reduced crop yield (50%) 
and loss of fertile soil (35%) were the most frequently reported agricultural impacts 
demonstrates that flooding threatens the long-term sustainability of agricultural produc-
tion in the Sebeya catchment. Because agriculture remains the primary livelihood for 
most households, repeated flood events not only reduce annual production but also de-
grade the natural resource base through soil erosion and nutrient depletion. These re-
sults support the relatively high weight assigned to rainfall, slope, distance to rivers, and 
drainage density in the GIS-AHP analysis, as these factors collectively accelerate runoff 
generation, river overflow, and soil erosion within the catchment. The agreement be-
tween the spatial susceptibility patterns and the reported agricultural impacts provides 
additional confidence that the flood susceptibility map accurately reflects the dominant 
flood-generating processes operating within the study area.  

Beyond the livelihood losses, the survey demonstrates that flooding substantially 
disrupts access to essential services and critical infrastructure. Transportation disruption 
and school closures were the most frequently reported service-related impacts, while 
damage to residential and commercial buildings and roads and bridges represented the 
most significant infrastructure losses. These findings indicate that the communities lo-
cated within highly flood-susceptible zones experienced reduced accessibility to markets, 
healthcare facilities, educational institutions, and emergency response services during 
flood events. Such disruptions increase the indirect socioeconomic cost of flooding and 
delay post-disaster recovery. Similar patterns have been documented in flood-prone re-
gions worldwide, where damage to transport and public infrastructure amplifies the 
long-term socioeconomic consequences of disasters by interrupting economic activities 
and limiting access to essential services. 

Integrating these socioeconomic findings with the GIS-AHP flood susceptibility as-
sessment substantially enhances the practical value of the study. While the susceptibility 
map identifies where flooding is most likely to occur, the socioeconomic analysis identi-
fies which communities are most vulnerable and which sectors are likely to experience 
the greatest impacts. This integrated perspective enables decision-makers to prioritize 
interventions in areas where high flood susceptibility coincides with high socioeconomic 
vulnerability. For example, communities located within highly susceptible river corri-
dors and whose livelihoods depend primarily on agriculture may require priority in-
vestment in riverbank stabilization, flood-resilient agricultural practices, early warning 
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systems, livelihood diversification programs, and social protection mechanisms. Simi-
larly, areas characterized by both high flood susceptibility and critical infrastructure can 
be prioritized for climate-resilient road construction, bridge reinforcement, improved 
drainage systems, and protection of water supply facilities. Therefore, combining spatial 
flood susceptibility with household-level socioeconomic information transforms the 
proposed framework from a hazard mapping exercise into a more comprehensive flood 
risk assessment tool capable of supporting evidence-based land use planning, disaster 
preparedness, and sustainable watershed management in the Sebeya catchment. 

4.5. Strengths and Limitations 

A major strength of this study is the integration of ten flood-conditioning factors 
within a GIS-AHP framework tailored to the hydro-geomorphological characteristics of 
the Sebeya catchment. The weighting scheme reflects both expert judgment and local 
environmental conditions, and the resulting susceptibility map was validated using an 
independent flood inventory dataset. Nevertheless, several limitations should be 
acknowledged. The AHP method relies on expert judgment, which introduces a degree 
of subjectivity despite the satisfactory Consistency Ratio. In addition, a formal sensitivity 
analysis was not conducted to evaluate the effect of varying factor weights on the re-
sulting susceptibility map. Future research should therefore compare the present 
weighting scheme with alternative approaches such as the Best-Worst Method (BWM), 
Fuzzy AHP, entropy-based weighting, and machine learning techniques. Such compari-
sons would provide further insight into the robustness of flood susceptibility assessment 
in the Sebeya catchment. 

5. Conclusions 
This study developed a GIS-based flood susceptibility assessment for the Sebeya 

catchment by integrating the Analytical Hierarchy Process (AHP) with Geographic In-
formation Systems (GIS). Ten flood-conditioning factors representing topographic, hy-
drological, climatic, land-cover, and environmental characteristics were incorporated 
into the model to identify areas susceptible to flooding. The resulting susceptibility map 
demonstrated high predictive performance when validated against independent flood 
inventory using a confusion matrix, confirming the reliability of the proposed method-
ology for flood susceptibility assessment in data-scarce mountainous catchments. The 
findings further identified rainfall, slope, distance to rivers, drainage density, and eleva-
tion as the dominant controls governing flood susceptibility, reflecting the hy-
dro-geomorphological characteristics of the Sebeya catchment.  

The spatial analysis showed that flood-prone areas are concentrated along the 
Sebeya River and its tributaries, where low elevations, high drainage density, and inten-
sive human activities increase exposure to flooding. The complementary socioeconomic 
assessment demonstrated that communities located within susceptible zones experience 
substantial impacts on livelihoods, agriculture, infrastructure, and access to essential 
services during flood occurrence. Integrating socioeconomic evidence with spatial sus-
ceptibility mapping therefore provides a more comprehensive understanding of flood 
risk by identifying not only where floods are likely to occur but also where their conse-
quences are likely to be more severe. This integration enhances the practical relevance of 
the study for disaster risk reduction and climate change adaptation planning. 

The findings provide decision-support information for watershed management and 
flood risk governance in Rwanda. The susceptibility map can support land use planning, 
protection of floodplain corridors, prioritization of watershed restoration measures, and 
the implementation of flood early warning systems in the most vulnerable areas. These 
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results also provide a scientific basis for improving community resilience through targeted 
investments in climate-resilient infrastructure and sustainable catchment management. 

Although the proposed GIS-AHP framework performed well under limited data 
availability, the study has some limitations. The weighting process relies on expert 
judgment, and the susceptibility assessment does not explicitly simulate flood depth, 
flow velocity, or inundation extent. Future research should integrate physically based 
hydrological and hydraulic models or advanced machine learning approaches with 
higher- resolution hydro-meteorological data and climate change projections to improve 
flood hazard prediction and support more comprehensive flood risk assessments in the 
Sebeya Catchment and other mountainous watersheds. 
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