
Vol.:(0123456789)

 Discover Applied Sciences           (2025) 7:284  | https://doi.org/10.1007/s42452-025-06647-5

Discover Applied Sciences

Research

Geoinformatics and AHP multi criteria decision making integrated 
flood hazard zone mapping over Modjo catchment, Awash river basin, 
central Ethiopia

Bereket Abera Bedada1 · Wakjira Takala Dibaba1

Received: 10 October 2024 / Accepted: 3 March 2025

© The Author(s) 2025    OPEN

Abstract
Flood hazards are natural disasters that profoundly influence the environment and society. To effectively control the 
incidence of flooding, it is crucial to identify and map regions susceptible to flooding. The Modjo catchment is frequently 
hampered by flooding, making it crucial to map and identify flood hazard zones. This study aimed to identify and locate 
the flood hazard zones of the Modjo catchment employing the integrated use of multi-criteria decision-making and 
geoinformatics tools. Ten influencing factors were used to develop flood hazard zones: drainage density, curvature, 
rainfall, distance from the river, soil type, elevation, slope, topographic wetness index, land use/cover, and the normal-
ized difference vegetation index. Subsequently, raster-formatted thematic layers of these influencing elements were 
created, and appropriate weighting was assigned based on their relative responses to the occurrence of flood events 
and overlayed using the overlay GIS spatial analysis tool. The flood hazard potential zone in the study area was generated 
and classified into five groups: negligible, low, intermediate, high, and severe. According to the results, the negligible, 
low, intermediate, high, and severe zones were represented by 0.686% (9.74 km2), 16.73516% (237.5649 km2) 74.12% 
(1052.28 km2), 8.44% (119.94 km2), and 0.0012% (0.018 km2), respectively. The weighting and ranking processes are well 
reflected in the final flood hazard zone map. The results revealed that a substantial area of the catchment is at risk. Ulti-
mately, 29 observed flood datasets were used to confirm the outcome, yielding an accuracy of > 75% and an area under 
the ROC curve of 0.868. Most of the flood point data were found in high and severe regions. Considering the verified 
results, relevant organizations should participate in creating sustainable management plans.

Highlights

•	 Integrating MCDM with GIS analysis enables precise flood hazard mapping, essential for smart climate resilient urban 
planning.

•	 The findings revealed that a significant portion of the catchment highlights a striking concentration of very high and 
high flood hazard zones.

•	 It is crucial to implement mitigation measures and disaster preparedness in critical hazard zones within the catch-
ment.
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1  Introduction

The impact of natural disasters poses substantial danger to global socioeconomic stability and the environment. The 
term natural hazard refers to the natural events that possess the capacity to affect societies and environments. In the 
last 20 years, natural disasters have claimed at least 3 million people globally and negatively impacted around 800 mil-
lion people [1], and anticipated annual economic losses range from 260 to 310 billion dollars [2]. Natural disasters were 
responsible for 15,082 fatalities, 100 million displaced people, and an estimated 190 billion US dollars in global economic 
losses in 2020 year [3]. Vast ranges of events are classified as natural hazards, including landslides, earthquakes, flood-
ing, storms, droughts, wildfires, and eruptions of volcanoes. [4]. All of these events have the potential to seriously harm 
infrastructure, human lives, and the environment.

Among the many different kinds of natural disasters, floods are particularly dangerous and cause massive damage all 
over the world [5–9] resulting in substantial economic losses [10], destruction of infrastructure [11], detrimental effects 
on livelihood [12], biodiversity [13], and serious safety and health risks [14], all of which can lead to cascading impacts 
across multiple sectors and communities. From 1975, there have occurred annual decreases of about 6 fatalities and over 
30,000 people impacted by each occurrence [15]. Cities in the global south are far more vulnerable to natural disasters 
like floods than cities in the global north due to their severe destitution, rapid growth in population, uncontrolled set-
tlements, degraded surroundings, and weak administration [16]. In Africa, floods are a serious environmental threat that 
have claimed nearly 27,000 lives between 1950 and 2019 [17]. Among all, East Africa is known for its concurrent flood 
occurrence, and as a center for eastern Africa Ethiopia is typical example for this regard.

Ethiopia faces a serious problem with flooding, which has been made worse by periods of heavy precipitation that 
have resulted in significant damage of life and property [18]. Nowadays, the occurrence and causes of flood risks are 
increasing from time to time as a result of new developments and human settlements on flood-prone areas with major 
observation in Awash river basin [19]. The Awash Basin in Ethiopia experiences frequent flooding, sometimes with devas-
tating consequences [20]. Flooding has been a significant problem in the upper awash river basin, impacting thousands 
of individuals and leading to substantial economic losses [21]. Rainfall variability in the Modjo catchment significantly 
influences the region’s vulnerability to flooding. The area’s unpredictable rainfall patterns, marked by irregular distribu-
tions and intensities, can lead to sudden surges in river flow [22]. Flooding in the Modjo catchment is primarily caused 
by river overflow, low-lying areas, intense rainfall, and other contributing factors such as land use changes and drainage 
obstructions. Tracking and locating places at danger of flooding For disaster management and mitigation plans to be 
successful and long-lasting, flash flood control techniques must be updated [23]. A variety of soft computing techniques, 
statistical techniques, physically based hydrological models, and multi-criteria decision-making (MCDM) techniques are 
employed to assess flood susceptibility [24]. Existing flood projection methods frequently suffer from issues including 
poor resolution, out-of-date data, and the incapacity to take quickly changing environmental variables into account. As 
a result, flood hazard assessments and mitigation efforts may be erroneous. Scholars are using MCDM methods more 
frequently because they are efficient at handling complicated decisions with several competing standards, which makes 
it possible to evaluate options more thoroughly and improves the effectiveness of decisions in a variety of sectors. A 
decision-making technique called MCDM was created to offer remedies and mitigating actions for complex decision-
making issues [25]. A geographic information system (GIS) multicriteria decision support framework for flood vulner-
ability assessments can be created by integrating multicriteria decision analysis (MCDA) with the GIS [26]. It is possible to 
map flood hazard efficiently, affordably, and promptly by combining the use of MCDA and GIS in an integrated manner, 
which saves money, time, and resources. The successful integration of GIS and MCDA during the last few years has been 
employed frequently in risk evaluation and the creation of flood risk maps, according to numerous studies [27]. Among 
the most commonly used techniques for MCDM is the analytical hierarchy process (AHP) [28]. The international scientific 
community has acknowledged the GIS-AHP incorporated technique as an immensely beneficial instrument because 
of its capacity to handle challenging issues and provide appropriate conclusions [29, 30]. The AHP and GIS method for 
flood hazard mapping is advantageous due to its ability to integrate diverse data sources for comprehensive analysis, its 
applicability across various geographic contexts, its flexibility in adjusting criteria based on specific local conditions, and 
its user-friendly interface that simplifies the mapping process for effective decision-making. The theoretical soundness 
and practical efficacy of AHP have also been extensively studied [31]. Despite their advantages, AHP and GIS analysis for 
flood hazard mapping are limited as, every methods have, by the subjective weighting of criteria, which can introduce 
bias and affect result consistency. Moreover, integrating diverse data sources can lead to inaccuracies if data quality or 
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spatial resolution is insufficient, making it essential to consider these limitations and shortcomings in the analysis. The 
reliance on subjective judgments can introduce bias, affecting the consistency and reliability of the results.

The study was carried out in the Modjo catchment of the Awash River basin, located in the Oromia Regional State 
of Ethiopia. The Modjo watershed is situated in the upper Awash River basin, where frequent floods have a severe 
negative influence on the surrounding ecosystems and inhabitants [18]. Preparedness for disaster management will 
be extremely difficult in this area since it has been determined to be notably sensitive to flooding, which will be made 
worse by climate change and fluctuating rainfall patterns [32]. The main objective of the present study is to identify and 
visually represent the flood hazard zone through the integrated use of MCDM and geoinformatics tools. This study took 
into account thematic layers of flood susceptibility causing characteristics such as distance from the river, normalized 
difference vegetation index (NDVI), drainage density, curvature, rainfall, soil type, elevation, slope, topographic wetness 
index (TWI), and land use/land cover (LULC) for the potential zone. These factors are crucial for pinpointing locations with 
a higher hazard of flooding. The weights were distributed based on the experts’ recommendations, site characteristics, 
and response to the likelihood of flood events. Thematic layers were combined using GIS map algebra tool following the 
AHP method and rank assignment to produce the flood susceptibility zones map. The thematic layers and final gener-
ated study flood hazard zone map was categorized into five groups: negligible, low, intermediate, high and sever. The 
findings of the study were cross validated with observed flood points, and statistically and visually represented using 
Receiver operative chrematistics (ROC) curve and GIS mapping.

2 � Data and methods

2.1 � Study area

The study was carried out in the Modjo catchment of the Awash River basin, located in the Oromia Regional State of 
Ethiopia. Its absolute location is between Latitudes: 8°40′ to 9°4′N; and longitudes: 39°56′ to 39°13′E as shown in Fig. 1. 
The area coverage is approximately 1419.55 square kilometers. The catchment is characterized by undulating topography, 
deep and wide valleys of small streams, and narrow flat lands in the southern part caused by poor land-use practices, 
soil erosion, and deposition processes. In the research area, the catchment and its tributaries provide a continual sup-
ply of water to the Modjo River, with a total annual mean flow of 214.55 m3/s. The catchment elevation runs between 
1764 and 3091 m. The catchment receives an average annual rainfall of 427 mm, ranging from 387 mm to a maximum of 
511 mm. The mean minimum and mean maximum monthly temperature of the area varies from 9.96 °C to 18.76 °C and 
26.8 °C to 35.70 °C, respectively. The maximum temperature in this catchment is in May, and the minimum temperature 
in this study area occurs in December. June to September is the main rainy season in the catchment, and a peak occurs 
between July and August. The methodology used in this study is illustrated in Fig. 2.

2.2 � Data description

The weighted overlay analysis is a data-intensive manipulation, and to achieve the required main objective and quality 
results, gathering and providing accurate data to the GIS workspace is mandatory. High-resolution satellite data were 
used along with field data such as observed rainfall. Observed flood occurrence point data was used for result validation, 
and obtained from the two-year observation and experience in the catchment. Table 1 displays an overview of all the data 
that was utilized. All data sets have their own limitations. FAO soil maps are typically created using conceptual soil and 
landscape knowledge, which can vary among surveyors. These maps aggregate data over large areas, lacking the ability 
to provide precise, location-specific details about soil properties. CHIRPS data may be prone to errors in precipitation 
estimates, particularly in regions with few weather stations. Esri Land Cover data can experience classification mistakes 
due to cloud cover and infrequent updates, while Landsat data is limited by its 1 potential atmospheric disturbances 
that can obscure land surface features. This study recognizes these limitations and works to reduce the inaccuracies 
caused by them.

The objective of this study is to determine probable flood hazard zones in the Modjo catchment’s different topo-
graphical conditions using an inexpensive interdisciplinary research strategy that integrates the GIS and the AHP-
MCDM technique. Selecting flood-causing elements, calculating weights using AHP, creating a spatial database, 
and validating the generated flood hazard zone map using flood inventory data were the four processes involved 
in creating prospective flood hazard zones. ArcGIS 10.8 software was used to construct all of the thematic maps in 



Vol:.(1234567890)

Research	  
Discover Applied Sciences           (2025) 7:284  | https://doi.org/10.1007/s42452-025-06647-5

raster format using remote sensing data. Produced thematic maps included curvature, drainage density, TWI, dis-
tance from the river, LULC, slope, soil type, rainfall, NDVI, and elevation. The thematic layers were projected with the 
WGS84/UTM Zone 37 N datum coordinate system in a resampled resolution of 30 × 30 m. All data were integrated 
and examined in a GIS to assess the flood event controlling features. Finally, flood hazard zone maps were prepared 
based on the GIS overlay analysis.

2.3 � Thematic layers

The selection and relative importance of thematic layers in flood hazard mapping were determined by analyzing 
previous studies, consulting expert opinions, and considering the actual conditions of the site. This comprehensive 
approach ensures that the mapping process is grounded in established research and practical insights, leading to 
more accurate and effective flood risk assessments.

2.3.1 � Rainfall

Rainfall is not only the primary source of surface and groundwater recharge because it enables water to seep through 
soils and cracks beneath the surface, but it also plays a significant role in determining the likelihood of flooding in 
areas [33]. The rainfall map of the study area was extracted from average 5 year annual precipitation data received 
from ten meteorological stations located in the catchment and was substantially sourced adjacent to it, and interpo-
lated using the inverse distance weighting (IDW) method. Floods are directly correlated with rainfall; the likelihood 
of a flood probability usually rises with increasing precipitation. A weight of 0.15 has been assigned to the rainfall 
thematic layer.

Fig. 1   Map of the study area
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2.3.2 � Drainage density

One of the main factors influencing food dangers is drainage density. Drainage density has a substantial impact on 
concentration time, which in turn influences the magnitude of peak flow during flooding events [34]. The potential for 
streamflow is shown by drainage density, which is the ratio of the total drainage length per unit area [35]. The drainage 
is controlled by the nature, structure, and lithology of the bedrock, the soil’s capacity to infiltrate, the type of vegetation, 
and the slope angle [36]. There is an inverse relationship between drainage density and permeability [37]. Typically, flood 
occurrence is directly proportional to drainage density; a high drainage density leads to a major flood hazard susceptibil-
ity zone, whereas a low density leads to a relatively low flood hazard susceptibility zone. Drainage density values of the 
catchment were calculated from DEM raster data on the ArcGIS workspace using a spatial analysis tool. A weight of 0.07 
has been assigned to the Drainage density thematic layer.

Fig. 2   Methodology flowchart

Table 1   Data used in the study

Data type Source Date of acquisition Spatial resolution Output layer

Rainfall CHIRPS 21/06/2024 Point data Rainfall map
Landsat 8 USGS 19/07/2024 30 m × 30 m NDVI map
Soil map FAO 21/07/2024 Soil type map
STRM DEM USGS 24/07/2024 30 m × 30 m Elevation, Slope, drainage density, TWI, 

Curvature, and distance from the river 
map

Sentinel 2 land cover Esri 18/07/2024 10 m Land use/cover map
Flood occurrence Observation 21/10/2023 Point data Result validation
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2.3.3 � Soil type

Soil type plays a critical role in flood occurrence by influencing water absorption, retention capacity, and drainage 
characteristics, with sandy soils facilitating quicker drainage and clay soils retaining water, thereby increasing the 
risk of flooding in areas with poor drainage [38]. The amount of water that can seep into subsurface formations is 
determined by the type of soil, which affects the prevalence of flood-prone zones [39]. Soil type directly affects 
how quickly water drains because of its innate characteristics, which include texture, degree of permeability, and 
structure [40]. The relationship between soil type and flood susceptible zoning mainly depends on the available soil 
type in the area. The occurrence of floods is closely linked to soil types, as certain soils, such as clays and silts found 
in floodplains, can retain water and exacerbate flooding conditions, while sandy soils may allow for better drainage 
and reduced flood hazard. The soil map for the present study was extracted from the FAO digital soil map of the 
world. A weight of 0.03 has been assigned to the soil type map.

2.3.4 � Elevation

Elevation is a critical factor in flood risk modeling, as it influences the movement of water during flood events; water 
naturally flows downhill along the path of least resistance, which typically corresponds to the steepest descent [41]. 
Elevation affects the water discharge rate significantly because water flows from high altitudes to low elevations; 
hence, flood risks are more common in low-elevation areas than in high-elevation areas [42]. The elevation of the 
study area is derived from the DEM of the catchment. The relationship between flood occurrence and topographic 
elevation maps is important and has an inverse relationship with flood zones: high elevated areas have a low prob-
ability for flood hazard zones and low land areas have relatively high susceptibility to flood probability zones due to 
their tendency to collect and retain water, especially during heavy rainfall or when nearby water bodies overflow. A 
weight of 0.22 has been assigned to the Elevation map.

2.3.5 � Slope

The gradient of a slope significantly affects both the volume and direction of surface runoff and subsurface drain-
age reaching a specific location, as it plays a crucial role in determining how precipitation contributes to streamflow 
by regulating the duration of overland flow, subsurface flow, and infiltration [43]. Land slope states the amount of 
inclination of the surface to the horizontal. The slope is a significant factor in identifying flood-prone zones [44]. 
Similar to elevation, land slope has an inverse relationship with flood probability zones: a highly slopy area has low 
susceptibility to flood hazard and flat slopes have relatively higher susceptibility to flood. The relationship between 
flood occurrence and slope maps is crucial, as steeper slopes can lead to increased runoff and faster water flow 
during heavy rainfall, thereby heightening the hazard of flooding in those areas. The land slope map for the weight 
overlay analysis was produced on the ArcGIS workspace using the spatial analysis surface tool. A weight of 0.19 has 
been assigned to the slope theme.

2.3.6 � Topographic wetness index (TWI)

The Topographic Wetness Index (TWI) measures the likelihood of water accumulation on slopes by accounting for 
the effects of gravity on water movement [45]. This has important implications for the occurrence of floods. A steep 
slope produces deeper water, as shown by a high value on the TWI index, which measures the water’s ability to col-
lect [46]. The relationship between flood occurrence and the TWI map is significant, as areas with higher TWI values 
indicate greater soil moisture and water accumulation potential, making them more susceptible to flooding during 
heavy rainfall events. TWI was calculated using the following Eq. (1) [47–49].

(1)TWI = ln(
As

tan �
)
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where the slope angle at the site is represented by tan β and the study area is represented by As, respectively. The TWI 
theme layer has been given a weight of 0.06.

2.3.7 � Land use/land cover (LULC)

LULC is the result of land transformation features, while land use refers to human activities on land for a variety of 
purposes. Based on several studies, the main river basin is dominated by seven different land cover patterns, most of 
which are crop, range, and water land that significantly affect the possibility of flood hazard zone maps. The relation-
ship between flood occurrence and land use/land cover maps is critical, as changes in land use such as urbanization and 
the conversion of natural landscapes to impermeable surfaces can significantly increase runoff and reduce infiltration, 
thereby heightening flood hazard in affected areas. Regions dominated by vegetation, especially forests or trees, which 
have a high capacity to absorb water into the soil, ultimately have a low susceptibility for flooding [50]. The land use land 
cover map for the weight analysis was derived from sentinel 2 10 m resolution remote sensing imagery. Esri land cover 
shows effective and higher efficiency based on different validated study results. A weight of 0.10 has been assigned to 
the LULC theme.

2.3.8 � Distance from river

In determining the food hazard zones and the food hazard index, the distance from the river network component is 
crucial [51]. Distance from the river is an important factor in determining the flood susceptibility zones. The areas near 
the river are more vulnerable whether it is a normal flood or flash flood [52]. The closer one is to a river’s edge, the more 
perilous the dance with floodwaters becomes, as nature’s relentless embrace knows no boundaries. The distance from 
the river map is worked on ArcGIS workspace using the Euclidian distance spatial analysis tool. A weight of 0.12 has been 
assigned to the distance from a river theme.

2.3.9 � Normalized difference vegetation index (NDVI)

The most important factor influencing surface runoff in a watershed is the density of vegetation cover in the area [53]. 
The NDVI measures vegetation density in an area, highlighting that regions with low vegetation density are particularly 
vulnerable to flooding because they possess significantly reduced soil infiltration capacity [54]. The variation of NDVI 
scores is -1 to 1. The NDVI can provide a good result for the delineation of vegetation, water bodies, and soil moisture 
levels [55]. Research has shown that the NDVI is useful for distinguishing between the types of forests that are evergreen 
and seasonal, as well as for savannah, thick forest, non-forest, and agricultural lands [56]. NDVI has an inverse relationship 
with floods where higher NDVI values indicate a lower probability of flooding [57]. The NDVI value for the catchment was 
computed using Eq. (2) adopted from [58]. A weight of 0.04 has been assigned to the NDVI theme.

whereas R stands for the red band and NIR for the near-infrared band. Regarding Landsat 8, NIR is associated with Band 
5, and Red is associated with Band 4.

2.3.10 � Curvature

The Curvature feature characterizes the slope’s curvature and contour, using its second derivative to determine the 
surface’s concavity or convexity [50]. The slope’s contours and curvature are represented by the curvature attribute. 
Curvature significantly influences the flood water budget by delineating runoff patterns; regions with negative curvature 
indicate areas where water converges, whereas positive curvature represents convex surfaces, zero indicates flat terrain, 
and negative values signify concave surfaces, effectively distinguishing between divergent and convergent runoff zones 
[59]. It determines whether the surface is concave or convex based on its second derivative [46]. The most influential 
factor prone to flooding is flat, followed by concave and convex [60]. Flat areas highly contribute to water accumulation, 
depending on the surrounding topography and drainage patterns. There is a significant correlation between the devel-
opment of floods and curvature maps. This is because convex regions promote drainage, which lowers the probability 

(2)NDVI =
NIR band − R band

NIR band + R band
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of flooding, while concave areas tend to collect and retain water, increasing for the occurrence flooding. The curvature 
map was adjusted and given a weight of 0.02.

2.4 � Weighting and ranking using AHP

There is no set list of factors to take into account when utilizing MCDM to determine food sensitivity, and there is no 
standard method for choosing the factors [61]. Appropriate weight assignment for every theme attribute is necessary 
as the effects of flood events on different subject levels vary. This method allows us to determine the weights of hierar-
chically nonstructured or particular hierarchical level criteria concerning those belonging to a higher level [62]. The first 
step is to create a pairwise comparison matrix (PCM) using Saaty’s (1–9) relative importance scale Table 2. The ratings 
are typically assigned between 1 (equal importance) and 9 (high importance). The importance of these influencing ele-
ments is evaluated based on their ability to react to the occurrence of flood occurrences. In addition, the weights were 
determined by taking into account the evaluation of prior studies, expert suggestions, and practical experience.

A high-weight component represents a theme layer that significantly affects the flood danger zone, while a low-weight 
parameter represents a layer that has little effect. By assigning a numerical value to each parameter, a paired-wise com-
parison matrix was constructed to assess each parameter’s influence on flood occurrences. The factors that were given 
the most significance include slope, elevation, rainfall, and distance from the river. Slope and elevation received more 
weight because of their respective relevance in possible distribution and flood hazard mapping [65, 66], because We have 
recognized that these factors are essential within the catchment area and play a significant role in determining water 
flow and accumulation during flood events. Elevation affects the probability of an area experiencing flooding, as lower-
lying regions are more vulnerable to being submerged. Meanwhile, slope influences the speed at which water runs off 
the land; steeper slopes can accelerate water movement, heightening the flood risk for areas downstream. Collectively, 
these elements offer critical insights into the dynamics of flooding, making them indispensable for precise flood risk 
evaluations. Intermediate weight has been assigned to LULC, DD, and TWI. The lowest weights have been assigned to 
NDVI, and curvature (Table 3). Thereafter, pairwise comparison matrices of assigned weights to different thematic layers 

Table 2   Saaty’s Scale [63, 64]

Scale Definition Explanation

1 Equal importance Each of the two actions contributes equally to attaining the outcome
3 Moderate importance Knowledge and discernment slightly prefer one activity to another
5 Essential or strong importance One activity is greatly preferred over another by knowledge and expertise
7 Very strong importance Activity is highly encouraged, and the advantage it offers is proven in 

real-world situations
9 Extreme importance The strongest level of confirmation is present in the data that supports 

one behavior over another
2,4,6,8 Intermediate values between the judg-

ment
Whenever a compromise is required

Table 3   PCA of eleven themes Fac El Sl Rf Dfr LULC DD TWI NDVI St Crv

El 1 2 2 2 2 4 3 5 6 7
Sl 1/2 1 2 2 3 3 4 4 4 7
Rf 1/2 1 1 2 2 3 3 4 4 6
Dfr 1/2 1/2 1/2 1 2 3 3 3 3 5
LULC 1/2 1/3 1/2 1/2 1 2 2 3 4 5
DD 1/4 1/3 1/3 1/3 1/2 1 2 2 3 3
TWI 1/3 1/4 1/3 1/3 1/2 1/2 1 2 2 3
NDVI 1/5 1/4 1/4 1/3 1/3 1/2 1 1 1 2
St 1/6 1/4 1/4 1/3 1/4 1/3 1/2 1 1 2
Crv 1/7 1/7 1/6 1/5 1/5 1/3 1/3 1/2 1/2 1
Sum 4.09 5.56 7.33 9.03 11.78 17.67 19.33 25.50 28.50 41.00
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and their classes are constructed using [67] AHP and weights normalized by the eigenvector approach to reduce the 
subjectivity involved. To produce the Normalized Pairwise Comparison Matrix (NPCM), all column values were combined 
and divided by the sum of the columns. The normalized weight of each variable was determined by averaging all values 
of the appropriate rows in the NPCM Table 4. All the normalized weights added together are equal to one.

The consistency of the judgment matrix should be evaluated with the calculation of the consistency index (CI) which 
is defined in Eq. (3):

where CI is the consistency index, n is the number of factors used in the analysis and  λmax is the maximum or principal 
eigenvalue of the judgment matrix and could be calculated using Eq. (4) [68].

where n is the number of criteria, and C1 to Cn is the λ or eigenvalue value. To calculate the eigenvalue initially, the cor-
responding variable weight was multiplied by each column of the Pairwise Comparison Matrix. We were then able to 
determine the weighted sum value by adding up all of the rows. After that, by dividing column elements by the column 
sum will be obtained. In this research, a λ max value of 11.52 was obtained. Equation (5) is used to calculate the consist-
ency ratio (CR) coefficients.

where CI is the consistency index. The value of CI was obtained from Saaty’s 1–9 scale. RI (random consistency value) of 
eleven criteria that correspond to a CR value of 1.51 was used as shown in Table 5. To ensure consistency, the pairwise 
comparison matrix for consistent weights should have a CR value of below 0.1. If not, the associated weightage has to 
be reexamined to prevent contradiction.

Saaty has opined that a CR of 0.10 or less is acceptable to continue the analysis [67]. If the consistency value is greater 
than 0.10, the judgment needs to be reviewed to identify the root reasons for the inconsistency and make the necessary 
corrections. The measure of consistency, called consistency index (CI), is given as 1.51, so the consistency ratio can be 
calculated as follows:

(3)CI =
�max − 1

n − 1

(4)�max =
C1 + C2 + C3 + ... + Cn

n

(5)CR =
CI

RI

Table 4   NPCA of eleven 
themes

Sl-slope, El-elevation, Dfr-distance from river, TWI-topographic wetness index, St-soil type, Rf-rainfall, DD-
drainage density, LULC- land use land cover, NDVI-normalized difference vegetation index, and Cvr-curva-
ture

Fac El Sl Rf Dfr LULC DD TWI NDVI St Crv

El 0.2443 0.3597 0.2727 0.2214 0.1697 0.2264 0.1552 0.1961 0.2105 0.1707
Sl 0.1222 0.1799 0.2727 0.2214 0.2546 0.1698 0.2069 0.1569 0.1404 0.1707
Rf 0.1222 0.0899 0.1364 0.2214 0.1697 0.1698 0.1552 0.1569 0.1404 0.1463
Dfr 0.1222 0.0899 0.0682 0.1107 0.1697 0.1698 0.1552 0.1176 0.1053 0.1220
LULC 0.1222 0.0600 0.0682 0.0554 0.0849 0.1132 0.1034 0.1176 0.1404 0.1220
DD 0.0611 0.0600 0.0455 0.0369 0.0424 0.0566 0.1034 0.0784 0.1053 0.0732
TWI 0.0814 0.0450 0.0455 0.0369 0.0424 0.0283 0.0517 0.0784 0.0702 0.0732
NDVI 0.0489 0.0450 0.0341 0.0369 0.0283 0.0283 0.0259 0.0392 0.0351 0.0488
St 0.0407 0.0450 0.0341 0.0369 0.0212 0.0189 0.0259 0.0392 0.0351 0.0488
Crv 0.0349 0.0257 0.0227 0.0221 0.0170 0.0189 0.0172 0.0196 0.0175 0.0244

Table 5   Saaty’s ratio index for 
a variety of n

n 1 2 3 4 5 6 7 8 9 10 11

RI 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.49 1.51 1.51
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Consequently, a weighted analysis was carried out and the study’s consistency ratio was found to be within a rea-
sonable range. All influential parameters’ thematic layers were categorized to values between one and five according 
to how they affected the likelihood of flood events. Those who are highly suitable for flood event occurrence will have 
a higher value, and those with low suitability will have a much lower value namely: 1 denotes extremely low, 2 low, 3 
intermediate, 4 high, and 5 very high.

2.5 � Weight overlay analysis

The Flood hazard Zone Index (FRZI) is generated by integrating multiple thematic layers within a GIS environment. This 
process involves the extraction and combination of various datasets that contribute to the occurrence of floods. This is 
done by weighted linear combination as described in Eq. (6).

Here FRZ is the flood hazard zone index, Xi is the normalized weight of the ith feature of the thematic layer, Wj is the 
normalized weight of the jth theme, n is the overall number of classes in a theme, and m is the entire number of themes. 
Finally, the flood hazard zone index map was reclassified into four categories: negligible, low, intermediate, high, and 
severe flood-prone zones. All assigned weights, ranks, and subclass descriptions are provided in Table 6.

2.6 � Result validation

The validation of flood hazard zone simulations is crucial because they provide reliable confirmation in flood mitigation 
and management techniques. It is essential to verify flood hazard maps using observed flood occurrence points to ensure 
their credibility. When using prediction models in research, validation is a crucial step. The resulting map of the potential 
flood hazard zone was validated using observed flood data. The Receiver Operating Characteristic Curve (ROC) and Area 
Under the Curve (AUC) were used to assess the potential flood hazard zone map’s accuracy. One of the most widely used 
metrics of performance is the ROC) curve, which has been used in many hydrological and geo-environmental studies 
[69]. The ROC curve plots the false-positive rate on the X-axis and the true-positive rate on the Y-axis [70]. An AUC of 0.5 
to 0.6 is often regarded as inadequate, 0.6 to 0.7 as adequate 0.7 to 0.8 as acceptable, 0.8 to 0.9 as excellent, and greater 
than 0.9 as remarkable Table 6.

3 � Results

3.1 � Generation of thematic layers

All map layers were generated using the ArcGIS 10.8 working platform. The TWI directly affects flood susceptibility zon-
ing. The results revealed that the values ranged from 2.905 to 24.57. The central part of the catchment is topographi-
cally wet and the western part has a relatively low TWI value. The catchment is comprised of three major soil types: 
eutric cambisol, eutric nitosol, and pellic vertisol. Among them, the pellic vertisol soil type has a high ranking, owing 
to its substantial response to flood occurrence, followed by eutric nitosol having a rank of 3, and eutric cambisol with a 
rank of 2. The pellic vertisol soil type occupied more than 50% of the land and was distributed throughout the central, 
northern, and southern part of the catchment, eutric nitosol was distributed over the northern edge and southern part 
of the catchment, eutric cambisol was about the western part of the catchment. The distance from the river can greatly 
affect flood susceptibility zoning and result in higher weights in the present study. The distance from the river map of 
the catchment is classified into five classes, the distance from 0 to 140 has a higher rank, and a distance of over 3000 has 
a lower rank for flood susceptibility. The highest distance of 18,298 m from a river was observed in the catchment. NDVI 
map distribution for the present study was computed using bands 4 and 5 of Landsat 8 data. The NDVI values for the 
catchment range from − 0.2355 to 0.01212. As NDVI has an inverse relationship with flood occurrence, areas with high 

CR =
0.04

1.51
= 0.026

(6)FRZI =

m
∑

w=1

n
∑

1

(Wj × Xj)
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Table 6   Weight and ranking 
of factors

Factors Low range Value Flood probability AHP weight Percent (%)

Elevation 1764–1895 5 Very high 0.22 22
1896–2060 4 High
2061–2255 3 Intermediate
2256–2390 2 Low
2391–3091 1 Very low

Slope 0–4 5 Very high 0.19 19
4–10 4 High
10–21 3 Intermediate
21–30 2 Low
 > 30 1 Very low

Rainfall 428–480 1 Very low 0.15 15
481–511 2 Low
512–546 3 Intermediate
547–579 4 High
580–613 5 Very high

Soil type Eutric cambisol 2 Low 0.03 3
Eutric nitosol 3 Intermediate
Pellic vertisol 5 Very high

Drainage Density 0.272–1.79 1 Very low 0.07 7
1.79–2.43 2 Low
2.43–2.98 3 Intermediate
2.98–3.34 4 High
3.34–4.15 5 Very high

TW1 2.905–6.814 1 Very low 0.06 6
6.815–8.683 2 Low
8.684–11.15 3 Intermediate
11.16–14.72 4 High
14.73–24.57 5 Very high

Curvature Convex 3 Intermediate 0.02 2%
Flat 5 Very high
Concave 1 Very low

Distance from river  < 140 5 Very high 0.12 12
140–150 4 High
500–1500 3 Intermediate
1500–3000 2 Low
 > 3000 1 Very low

LULC Barren land 4 High 0.10 10
Forest land 1 Very low
Urban area 5 Very high
Waterbody 5 Very high
Crops land 3 Intermediate
Flooded vegetation 5 Very high
Grassland 2 Low

NDVI  < 0.012 5 Very high 0.04 4
0.012–0.12 4 High
0.12–0.173 3 Intermediate
0.173–0.256 2 Low
0.256–0.584 1 Very low
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NDVI values, such as western forest lands of the catchment, have low susceptibility to flooding, and the wetter waterbod-
ies of the catchment with low NDVI values were more prone to flooding. The topographic elevation of the catchment 
had a relatively higher weight owing to its relative importance. The elevation of the catchment varied between 1764 
and 3091 m and was classified into five distinct-ranked zones. The highly elevated upstream area of the catchment has 
a low rank, whereas the low elevated parts of the downstream catchment are highly ranked. The spatial distribution of 
the thematic layers is shown in Fig. 3a and b.

Rainfall is known to have a major effect on flooding. The IDW manipulation in the ArcGIS workspace revealed that 
northwestern parts of the catchment receive a higher amount of rainfall. The study area’s highest rainfall is 613 mm, and 
its lowest rainfall is 428 mm. Drainage density is directly related to the flood probability zones. The drainage density of 
the catchment varied between 0.2722 and 4.1546. The final generated layer was classified into five respective classes, 
and a higher drainage density area was considered a flood-prone area with a high rank. The slope in the present study 
was the one that received a higher weight owing to its higher relative importance. The slope of the catchment was 
expressed as a percentage and ranged from 0 to 200.48%. Slopes with higher values had smaller ranks and those with 
low values received higher ranks. The land cover theme was another important factor included in this study. According 
to the Esri Sentinel 2 land cover map, the catchment has seven distinct land cover classes: built-up areas, water bodies, 
barren land, agricultural land, flooded vegetation, forest land, and range land. Areas such as water bodies, urban areas, 
and flooded vegetation have increased due to their sensitivity to flood occurrence, and areas such as forest and grassland 
had a low rank, and cropland had a medium rank. The low-ranked thematic layer was curvature. Curvatures in the Modjo 
catchment are classified into three classes: convex, concave, and flat. The classification is based on the curvature section 
of the spatial analysis tool. Values are categorized as concave as long as they range above 0.45, as flat when they range 
between 0.45 and − 0.45, and convex when they range below − 0.45. In the current study, the flood vulnerability of flat 
regions was ranked as medium, convex low, and concave high. A similar arrangement was also made by [6]. 

3.2 � Flood hazard zone identification

Upon combining all of the normalized thematic layers in a GIS environment and converting them into a raster format, the 
study area’s flood hazard zone map was created. Substantial portions of the catchment area have been effectively identi-
fied by the mapping process employing MCDM approaches as having a high and sever potential for flood hazard. This 
in-depth research draws attention to particular places that have a higher probability of flooding, highlighting the signifi-
cance of these areas in flood hazard assessments. The identification of such significant zones is critical for understanding 
the potential impacts of flooding and for informing future management and mitigation strategies aimed at reducing 
flood-related hazards. Five subclasses were created from the catchment’s possible flood hazard zones, namely: severe, 
high, intermediate, low, and negligible. This study reveals that about 0.2% (244.7343 ha), 28.754% (34,322.6544 ha), and 
56.03% (64,309.5245 ha) of the Modjo catchment represent negligible, low, and intermediate flood hazard zone catego-
ries, while values 17.164% (20,489.1534 ha), and 17.164% (20,489.1534 ha) were considered as high potential for flood 
hazard zone. The spatial distribution of the potential zones is shown in the above Fig. 4.

The flood hazard map gives important information about where areas that are likely to flood are located in the catch-
ment region. It shows that most of these areas are in the lower parts of the catchment. Classifying sub watersheds is cru-
cial for effective watershed management, particularly in identifying and prioritizing areas that are more prone to flooding. 
By breaking down larger watersheds into smaller sub watersheds, it becomes easier to analyze specific characteristics 
and vulnerabilities of each area. The sub-watersheds in the upper part and the northern central part of the catchment, 
which is more mountainous, have much less susceptibility to flooding. The mountainous regions act as natural barriers 
that can absorb and redirect water flow, thereby mitigating flood risks. In areas where the terrain is less rugged, such as 
the lower elevations, water can accumulate more easily, leading to a higher likelihood of flooding during heavy rainfall 
events. This big difference shows how the land and the shape of the region affect flood hazard. In particular, the lower 
parts, especially those near the River Modjo, have a higher probability of flooding, while the higher elevations and rough 
terrain in the upper areas act as natural barriers that help reduce the effects of flooding. Sub-classes areal variation is 
shown in Table 7.

The classification of flood hazard zones into negligible, low, intermediate, high, and severe categories has significant 
implications for local communities. With 74.12% of the area falling into the intermediate zone, communities face a mod-
erate risk of flooding, which necessitates proactive measures for disaster preparedness and response. This substantial 
proportion indicates that many residents may not perceive an immediate threat, potentially leading to complacency 
regarding flood risk management. The presence of high (8.44%) and severe (0.0012%) zones highlights areas that require 
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Fig. 3   (a) Thematic layers for overlay analysis. (b) Thematic layers for overlay analysis
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urgent attention and targeted interventions, such as enhanced infrastructure, flood defenses, and community awareness 
programs. Local governments may need to prioritize these zones for funding and resources to mitigate potential flood 
impacts effectively. Moreover, the negligible (0.686%) and low (16.73516%) zones suggest that while these areas are less 
at risk, they should not be overlooked in planning efforts.

3.3 � Validation of the results

Ensuring the accuracy of flood hazard mapping data is crucial since it facilitates policy formulation. It encourages 
integrated management techniques, enhances engagement with stakeholders, and makes the most use of available 
resources. When combined, these factors result in flood hazard management strategies that are more efficient and greatly 
increase community resilience to flooding incidents. Typically, in the context of flood hazard zone map validation, the 
criterion in the evaluation must reflect the reality of the field, the criterion independence principles, and the conform-
ity of the criterion. The results have been validated with the help of observed flood occurrence data distributed in the 
study area. Validation consisted of five classes equal to the stone flood hazard potential zones: strongly agree, agree, 
slightly disagree, agree, and strongly disagree. Out of the twenty-nine data points, twenty-three were in agreement and 
six provided some disagreement with the recorded potential zones. There was no observed flooding in the low and 
negligible-hazard zones as per the validation. In summary, the validated results demonstrate that the forecasts concord 
well with observed flood evidence (Table 8).

The flood hazard map’s prediction accuracy was verified using the Receiver Operating Characteristic (ROC) curve and AUC 
measurements (Fig. 5). The genuine positive value and the study’s ultimate anticipated result are taken into account to cre-
ate this curve. An accuracy of 0.868 in the prediction was indicated by the results. AUC values greater than 0.8 are generally 
regarded as excellent and, as a result, acceptable models. The study used a systematic validation approach and obtained 

Fig. 4   Potential zones for flood hazard (a) flood inventory points (b) sub watersheds

Table 7   Numerical description 
for flood hazard zones

Value Count Area (hectares) Area (Km2) Percentage (%) Flood map zone

1 10828 974.52 9.7452 0.686497 Negligible
2 263961 23756.49 237.5649 16.73516 Low
3 1169199 105227.9 1052.279 74.12736 Intermediate
4 133276 11994.84 119.9484 8.449715 High
5 20 1.8 0.018 0.001268 Sever
Total 1577284 141955.6 1419.556 100
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satisfactory validation results; nevertheless, for more accurate and trustworthy verified conclusions, more flood inventory 
data need to have been incorporated.

3.4 � Limitations

The pursuit of reliable and impactful research necessitates a transparent acknowledgment of inherent limitations. This study, 
while offering valuable insights, is subject to constraints that should be carefully considered to inform future investigations. 
One key limitation stems from the restricted availability of observed flood inventory data. This scarcity of reliable, observed 
data directly hampered the comprehensive validation and rigorous examination of the developed technique. A more robust 
model requires a considerably larger and more diverse dataset representing a wider range of flood events and magnitudes, 
allowing for a more thorough assessment of model accuracy and predictive capability. The availability of such data would 
enable researchers to assess the model’s performance under various hydrological conditions, increasing confidence in its 
applicability and predictive power.

Table 8   Validation of results 
using observed flood event 
data

Id GCS WGS UTM ZONE 37 Predicted Remark

X-coordinate Y-coordinate

Modjo01 515837.639 990960.062 High Agree
Modjo02 515333.607 985348.238 High Agree
Modjo03 505808.588 997386.804 Intermediate Slightly disagree
Modjo04 497275.758 976683.116 Intermediate Slightly disagree
Modjo05 527551.869 998156.081 High Agree
Modjo06 510658.807 969524.491 Intermediate Slightly disagree
Modjo07 509150.679 959461.485 High Agree
Modjo08 504652.753 959778.986 High Agree
Modjo09 516051.357 959752.527 High Agree
Modjo10 510,809.289 960347.841 High Agree
Modjo11 508262.669 965209.570 High Agree
Modjo12 514381.171 957999.659 High Agree
Modjo13 512139.484 959985.097 High Agree
Modjo14 512412.535 954117.261 Sever Very agree
Modjo15 513801.600 956339.766 High Agree
Modjo16 495704.064 967055.412 High Agree
Modjo17 495426.251 970984.483 High Agree
Modjo18 514865.227 977699.621 Intermediate Slightly disagree
Modjo19 522660.529 970615.388 High Agree
Modjo20 523995.523 972610.100 High Agree
Modjo21 517550.424 970757.880 High Agree
Modjo22 515857.088 975732.057 High Agree
Modjo23 517920.842 978430.812 Intermediate Slightly disagree
Modjo24 506931.792 970814.325 High Agree
Modjo25 506442.312 960350.033 High Agree
Modjo26 505648.560 963525.039 High Agree
Modjo27 501352.107 959157.277 High Agree
Modjo28 510470.040 985752.717 Intermediate Slightly disagree
Modjo29 504318.465 990647.519 High Agree
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4 � Discussions

The impact of weighting and ranking was visible in the final generated potential flood hazard zones. The thematic 
layers that carry higher weights, such as Slope, elevation, rainfall, and distance from the river, closely align in spatial 
distribution with the final produced spatial distribution map. Areas of low elevation and slope, particularly in the 
central mountainous regions, have been classified as low potential zones. In contrast, lowlands and flatter regions, 
which are ranked highly, show greater potential for Flood hazard zones. The thematic layers assigned intermediate 
weights, LULC, DD, and TWI, have a substantial but less pronounced effect on the potential zone map. Conversely, 
thematic layers with lower weights have minimal impact and visibility on the final potential zone map. In this context, 
it was revealed that weight assignment is a crucial and fundamental aspect of the AHP process.

Flood mapping using MCDM faces significant challenges that prevent it from achieving 100% efficiency and valida-
tion. One major limitation is the subjectivity in criteria weighting, as different stakeholders may prioritize factors like 
hydrology, land use, and socio-economic considerations differently, leading to inconsistent results. Additionally, the 
quality and availability of data can significantly affect the accuracy of the flood maps; often, data may be incomplete 
or outdated, introducing uncertainty into the models. MCDM also struggles with capturing the complex interactions 
among various criteria influencing flood hazardss, which may result in oversimplification. Moreover, environmental 
conditions are constantly changing due to climate change and urban development, which may render existing 
models less applicable over time. Lastly, the difficulty in validating these models against rare observed flood events 
adds another layer of uncertainty, making it challenging to ensure complete accuracy in flood hazard assessments.

The outcomes of the present investigation show a considerable degree of consistency with findings from prior 
studies carried out using similar geographic and environmental conditions, which utilized MCDM and geospatial 
techniques to delineate flood hazard areas. Research works by [5, 16, 46, 61, 71] conducted MCDM flood hazard map-
ping, placing considerable emphasis on slope and elevation weighting, and identified a significant flood hazard zone 
within their study area. By affirming the trends and observations identified in previous studies, this research offers 
additional validation and deepens our understanding of the topic. The similarities in outcomes imply that the factors 
influencing flood event conditions have a stable impact, which is vital for future research and applications in this area.

These results have important environmental implications, as they highlight the urgent need for effective flood 
management strategies to protect ecosystems and biodiversity. Additionally, the social implications are profound; 

Fig. 5   ROC curve for result 
validation
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communities in flood-prone areas may face increased vulnerability, necessitating policies that promote resilience 
and support for affected populations. Furthermore, the findings can inform policymakers about the necessity of 
integrating flood risk assessments into urban planning and development policies, ensuring sustainable growth while 
mitigating potential disaster impacts. Overall, this research underscores the interconnectedness of environmental 
risks and social equity, emphasizing the need for comprehensive strategies that address both ecological and com-
munity needs.

As noted above, the presence of flood hazard zones in the Modjo catchment area creates significant potential implica-
tions for sustainable development as well as disaster management in the region. It is, therefore, important to highlight 
these zones, to improve flood management systems and strategies including the provision of proper drainage systems 
and land-use planning that incorporates flood hazard. Such areas are often prone to hazards that increase the likeli-
hood of suffering economic losses, social dislocations as well as out-migrations, which invariably worsen this setback. 
In addition, it is pointed out in the study that in-depth education of the residents on the threats and measures to help 
combat them is very critical in the area to help build resilience and reduce the effects of flooding on the people and the 
infrastructure within the Modjo catchment area.

5 � Conclusions

The objective of this study is to identify and develop potential flood hazard zones employing integrated use of geoinfor-
matics tools through MCDM over Modjo catchment, central Ethiopia. Flood hazard susceptible zones are created using a 
variety of multiple-influencing factors including curvature, NDVI, drainage density, curvature, rainfall, soil type, elevation, 
slope, topographic wetness index, and land use/land cover for the hazard zone. These influencing factors’ features were 
given appropriate weightage based on their reaction to flood occurrence, local conditions, and experts’ suggestions. 
Weight overlay analysis produced 22% for elevation, 19% for slope, 15% for rainfall, 12% for distance from the river, 10% 
for land use land cover, 7% for drainage density, 6% for TWI, 4% for NDVI, 3% for soil type, and 2% for curvature. The flood 
hazard zones were obtained by overlaying all the thematic maps by weighted overlay methods using the spatial analysis 
tool in ArcGIS 10.8. The catchment flood hazard zone was generated and categorized into four groups: negligible, low, 
intermediate, high, and severe. The negligible, low, intermediate, high, and severe susceptible zones were represented by 
0.686% (9.74 km2), 16.73% (237.56 km2),74.12% (1052.28 km2), 8.44% (119.94 km2), and 0.0012% (0.018 km2), respectively. 
The weighting and ranking process was effectively represented in the final flood hazard zone map. The results indicate 
that a significant portion of the catchment area is at hazard. Ultimately, 29 observed flood datasets were utilized to vali-
date the findings, achieving an accuracy of over 85% and an area under the ROC curve of 0.868. Most of the flood point 
data was concentrated in the high and severe regions. This study significantly enhances the understanding of potential 
flood sites within the catchment, providing a foundational framework for future initiatives. The findings are expected 
to positively influence current management strategies, enabling them to sustainably address the flood susceptibility 
issue faced by the local community. The study suggests that future research should explore alternative methodolo-
gies, including Hydrological and Hydraulic Modeling, Statistical Methods, and Machine Learning and Data Mining. It is 
recommended to compare the results from these approaches with those obtained from Multi-Criteria Decision-Making 
(MCDM) methods to enhance the understanding of flood risk assessment and improve predictive accuracy. The study 
highly recommends finding out more flood inventory data to explore the change in the validation results. Incorporating 
additional influencing factors such as aspect, lithology, stream flow index, geomorphology, modified normalized water 
index, and groundwater table into the AHP analysis could enhance our understanding of whether conditions improve. It 
is also advised that relevant authorities assess or use the present study flood hazard zone results in the Modjo catchment 
to identify effective strategies to harness flood hazard challenges. This can be achieved by engaging local communi-
ties in data collection to improve accuracy and creating interactive web platforms for real-time flood risk information. 
Establishing protocols for continuous data evaluation, fostering collaboration among government agencies and NGOs, 
focusing on precise floodplain management, and using mapping results to guide targeted flood control infrastructure 
in high-risk areas will further enhance flood hazard mapping and mitigation efforts.
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