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1  Introduction
Floods are among the world’s most significant natural hazards, occurring due to 
intense rainfall, snowmelt, or inadequate drainage systems that are unable to accom-
modate excess surface runoff [1]. Their impacts are exacerbated by population growth, 
unplanned land-use change, land degradation, and climate change [2]. Globally, floods 
have resulted in substantial displacement and loss of life [3], along with long-term socio-
economic impacts [4]. Between 2000 and 2019, flood events affected over 1.65 billion 
people, caused nearly 122,000 fatalities, and led to economic losses amounting to USD 
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563 billion [5]. In recent years (2023–2025), several extreme flood events have been 
reported in the Republic of Congo, Afghanistan, and Bangladesh, resulting in wide-
spread displacement and damage associated with intense rainfall and inadequate infra-
structure [6, 7].

Asia experiences flood events more frequently than any other continent [8], with mon-
soon-dominated countries such as India exhibiting particularly high levels of exposure 
[9]. India has recorded the highest number of flood-related fatalities in Asia [10] and has 
experienced several major flood events, including the Mumbai flood (2005), Bihar floods 
(2007–2008), Assam flood (2012), Uttarakhand flood (2013), Jammu and Kashmir flood 
(2014), and Kerala flood (2018) [11].

Assam is among the most flood-prone states in India [12, 13] and is located within 
the Brahmaputra basin, where monsoon rainfall contributes approximately 90% of the 
annual precipitation [14]. Variability in climatic conditions has contributed to increases 
in the intensity and frequency of flood events [15], resulting in recurrent impacts on set-
tlements, agriculture, infrastructure, and livelihoods [16]. Historical flood occurrences 
in 1954, 1962, 1972, 1977, 1984, 1988, 1998, 2002, 2004, 2012, and 2017 highlight the 
long-standing flood susceptibility of the region [17]. Approximately 39.58% of Assam’s 
geographical area (31,500 km2) is classified as flood-prone [16], with an estimated 0.7–7 
million people affected annually between 2010 and 2020; more than 4 million people 
were affected during the flood events of 2017, 2019, and 2022 [18].

Given the recurrent nature of flooding in the region, reliable flood assessment is essen-
tial for effective planning and risk management. Conventional post-event field surveys, 
although valuable, are often time-consuming, spatially constrained, and insufficient in 
resolution for detailed planning purposes [19–21]. Consequently, remote sensing (RS) 
and geographic information system (GIS) techniques have become essential tools for 
flood monitoring, facilitating rapid inundation mapping, spatial analysis, and multi-
temporal assessment [22–25]. Furthermore, the integration of GIS with the Analytical 
Hierarchy Process (AHP) enables systematic evaluation of multiple flood-conditioning 
factors [26, 27]. AHP has been widely adopted in flood hazard studies due to its capabil-
ity to incorporate expert judgment and prioritize criteria through structured pairwise 
comparisons [28–30], thereby supporting the assessment of parameters influencing 
flood susceptibility [31, 32].

Despite significant flood research in Assam, Dimoria Block remains understudied, 
even though it experiences recurring seasonal floods. In 2019, floods affected 40,000 
people in Sonapur Circle, damaging embankments in Amara Pathar [33]. In May–June 
2020, 40 villages were submerged, with Rewa Pathar and Durung Gaon among the worst 
impacted [34, 35]. In 2024, floods affected eight villages and 18 fisheries [36], while 
recurrent flash floods have contributed to increased sedimentation and reduced water-
holding capacity of local waterbodies. Additionally, the Digaru and Kolong rivers con-
tinue to contribute to annual flooding in the region [37].

Under these conditions, Dimoria Block requires a detailed micro-spatial assessment 
of flood susceptibility. Accordingly, the present study integrates GIS and AHP tech-
niques to delineate flood susceptibility zones using eleven hydro-geomorphic parame-
ters. Although GIS–AHP frameworks have been applied in various regions of India and 
Assam, three key research gaps persist in the context of Dimoria Block: (i) the absence 
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of micro-spatial flood hazard assessment for this highly flood-prone area, (ii) the lack of 
a multi-criteria framework incorporating eleven hydro-geomorphic parameters simulta-
neously, and (iii) the absence of robust validation using both ROC–AUC analysis and vil-
lage-level governmental flood records. The originality of this study lies in the integration 
of a GIS-based AHP approach with fine-scale spatial analysis to generate a detailed flood 
susceptibility zonation for Dimoria Block. By addressing these gaps, the study provides 
a localized, evidence-based framework to support disaster preparedness and land-use 
planning.

2 � Review of literature
Increasing flood frequency and intensity associated with climate change and anthropo-
genic disturbances has increased the need for reliable flood susceptibility assessment 
frameworks. GIS–AHP systems are widely used for flood susceptibility mapping, disas-
ter management planning, and resource optimization across diverse environments [38, 
39]. The adaptability of AHP allows the integration of hydrological, topographic, land-
use, and socio-economic variables, supporting its application in both arid [40] and urban 
environments [41]. A GIS-based hybrid of AHP and Frequency Ratio (FR) models has 
also been applied in regions such as the Jhelum–Chenab system, demonstrating how 
statistical approaches can complement MCDA techniques in assessing the influence of 
parameters such as drainage density [42]. Although such hybrid models exist, the pre-
sent study focuses exclusively on an AHP-based framework.

In India, GIS–AHP approaches have been applied extensively across varied hydro-
geomorphic contexts, including the Ganges–Brahmaputra Basin [43, 44] and the West-
ern Ghats [45]. For example, [45] identified approximately 25% of the Western Ghat 
coastal belt as highly flood-prone using multi-source geospatial data and AHP; the 
model achieved an AUC value of 0.84, indicating satisfactory predictive performance. 
Assam’s flood susceptibility has also been examined using GIS–AHP weighted overlay 
analysis [13, 46, 47]. Studies conducted in the Brahmaputra [44] and Kopili [14] basins 
have assessed rainfall deviation, drainage density, lithology, and land-use changes to 
map flood susceptibility. Micro-spatial analyses in Nagaon and Cachar districts indicate 
strong correspondence between AHP-based susceptibility maps and observed flood-
impact data [46, 47].

The literature indicates a progression from broad-scale GIS–AHP applications toward 
more localized and data-driven flood modeling approaches. However, several challenges 
persist, including data limitations, model uncertainty, and dynamic influences such as 
land-use change and climate variability [38, 48]. Despite these limitations, AHP remains 
widely applied compared to other MCDA techniques (including TOPSIS, VIKOR, and 
Fuzzy-AHP) due to its methodological simplicity, transparency, and consistent per-
formance in flood susceptibility studies [49, 50]. Recent research has explored hybrid 
MCDA–machine learning models to further enhance predictive accuracy and reduce 
uncertainty [51, 52].

In summary, while GIS–AHP frameworks have been applied at regional and district 
scales in Assam, Dimoria Block has received limited attention in terms of micro-level 
flood susceptibility assessment, despite documented flood impacts, underscoring the 
need for the present study’s localized, multi-parameter approach.
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3 � The study area
The Dimoria CD Block is situated between 26°0ʹ0ʹʹN to 26°10ʹ14ʹʹN latitudes and 
91°45ʹ 5ʹʹ E to 92°5ʹ0ʹʹ E longitudes, respectively (Fig. 1). It is in the southeastern part 
of Kamrup (Metropolitan) district of Assam. Bordered by Meghalaya to the south, 
Morigaon district to the northeast, and Guwahati city to the west, it covers an area 
of 447.07 square kilometers. It comprises 12 gaon panchayats, 144 villages and a 
total population of 137,839 people [53]. The Brahmaputra River flows to the north 
of the block. Topographically, Dimoria exhibits a varied landscape of hills, plains, 
and isolated hillocks, representing an extension of the dissected Meghalaya plateau. 
Elevations range from 45 to 550  m above mean sea level, with the northern part 
characterized by alluvial plains and the southern part by hilly terrain. Lateritic soil is 
prevalent in the region. This topography significantly influences drainage patterns and 
contributes to flood vulnerability. The region’s climate is subtropical monsoon, with 
an average annual rainfall of 1500 mm, primarily concentrated during the monsoon 
season. This intense rainfall, coupled with the undulating terrain and the presence of 
numerous streams and rivers, makes the area prone to flooding. Dimoria’s forests are 
classified as semi-evergreen to mixed deciduous, with patches of subtropical broad-
leafed forests. The area is rich in timber resources, including Sal, Gomari, Nahar, 
Poma, and Simalu. Land use is predominantly shifting cultivation practiced by tribal 
communities, alongside settled agriculture. The diverse land use patterns and forest 
cover play a role in influencing runoff and infiltration rates, further affecting flood 
dynamics.

Fig. 1  Location map of the study area. This map shows the geographical extent and the administrative 
boundary of Dimoria Block within Kamrup Metropolitan District. The base map shows administrative 
boundaries, major roads, drainage network and neighboring units (Guwahati, Chandrapur Block, Morigaon 
District and Meghalaya) together with a north arrow and scale bar to aid orientation and interpretation
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4 � Database and methodology
4.1 � Database

The present study involves both primary and secondary data integrated into a GIS inter-
face. The detailed data descriptions have been provided in the table (Table 1). Flood sus-
ceptibility zones of the study area were determined using a multi-parametric dataset. 
Eleven influencing layers were considered: slope, elevation, rainfall, LULC, NDVI, soil, 
drainage density, distance from river, lithology, topographic roughness index (TRI), and 
sediment transport index (STI).

4.2 � Methodology

The methodological flowchart of the present study can be seen in Fig. 2. The flowchart 
demonstrates the outline of the whole analysis, including generation of the flood 
influencing layers and developing the flood susceptibility map of the study area. The 
thematic database creation, basic statistical and sensitivity analyses have been performed 
by a composite utility of ArcGIS 10.3, ArcGIS Pro 2.8, EasyGPS and MS-Excel software. 
Multicollinearity analysis and Receiver Operating Characteristic-Area Under Curve 
(ROC-AUC) has been processed using IBM SPSS 20 software. Model validation includes 
the integration of the ROC-AUC, field verification and cross-validation with official 
reports.

GIS–AHP is often chosen for flood susceptibility mapping in data-scarce regions 
because it is transparent, easy to interpret, and does not require large historical datasets, 
unlike machine learning models which generally achieve higher accuracy but need sub-
stantial data for training and validation [54]. Fuzzy AHP can better handle uncertainty in 
expert judgment and may outperform classical AHP when expert opinions are inconsist-
ent, but when the consistency ratio is acceptable, classical AHP is considered sufficient 
and simpler to implement [55].

The primary justification for selecting AHP in the present study is its simplicity and 
data efficiency, making it especially suitable for regions with limited or incomplete 
flood records, while still providing robust and reproducible results [54]. Although more 
complex methods like fuzzy AHP and machine learning can offer higher predictive 

Table 1  Data descriptions

Data Type Description Source Temporal 
Coverage/Year of 
Acquisition

Digital Elevation Model (DEM) CartoDEM V3 R1
(30 m resolution)

Bhoonidhi
https://​bhoon​idhi.​nrsc.​gov.​in

2005–2014

Satellite imagery ResourceSat 2-A LISS 4
(5.8 m resolution)

Bhoonidhi
https://​bhoon​idhi.​nrsc.​gov.​in

 1 st November, 2023

Soil Soil taxonomic map NESAC
https://​nedrp.​gov.​in

2016

Lithology Lithologic unit map Bhukosh—Geological Survey 
of India https://​bhuko​sh.​gsi.​
gov.​in

2018

Rainfall The mean annual rainfall CHRS Data Portal
https://​chrsd​ata.​eng.​uci.​edu

1993–2023

https://bhoonidhi.nrsc.gov.in
https://bhoonidhi.nrsc.gov.in
https://nedrp.gov.in
https://bhukosh.gsi.gov.in
https://bhukosh.gsi.gov.in
https://chrsdata.eng.uci.edu
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accuracy, their added complexity and data requirements may not be justified when 
expert consistency is high and data are limited [55].

4.2.1 � Preparation of flood influencing layers

The development of a flood susceptibility map of a given area is a complex process that 
requires the integration of multiple hydrological and terrain factors [44, 56]. Eleven 
flood-influencing parameters were selected for this study based on field observations 

Fig. 2  Methodological flowchart for flood susceptibility mapping. This figure outlines the sequential process 
used to derive flood susceptibility zones, including data collection, thematic layer preparation, pairwise 
comparison and weighting using Analytical Hierarchy Process (AHP), raster standardization, GIS-based 
weighted overlay analysis, and final map generation. The flowchart provides a clear overview of how multiple 
data sources and criteria were integrated
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and a comprehensive literature survey [49, 57]. The selection of these parameters 
was guided by their well-established hydrological relevance, data availability, and 
documented roles in flood generation in comparable geomorphological settings. 
Previous GIS based flood susceptibility studies across India and other monsoon-
dominated regions have consistently incorporated combinations of terrain factors 
(slope, elevation, TRI, TWI), hydrological variables (rainfall, drainage density, distance 
from stream), land cover indicators (LULC, NDVI), and surface characteristics (soil 
texture, lithology) to represent the multi-dimensional nature of flood behavior [58, 
59]. Consultation of regional flood literature and expert judgement further supported 
the inclusion of these parameters, ensuring that both triggering forces (e.g., rainfall) 
and conditioning factors (e.g., geology, vegetation cover, terrain structure) were 
adequately represented. It is also recognized that AHP-based flood susceptibility 
modelling is sensitive to the number and selection of conditioning factors, since 
previous studies have applied varying numbers of parameters (e.g., seven to ten 
or more), depending on regional context and data availability [60, 61]. Thus, the 
final selection of eleven factors offers a comprehensive and robust framework for 
modelling flood susceptibility in Dimoria Block. A brief description of thematic layers 
generation has been outlined below:

CartoDEM V3 R1 (30 m resolution) data was downloaded from Bhoonidhi portal of 
ISRO to prepare the slope, elevation, drainage density, distance from river, TRI and 
STI maps, respectively. TRI is determined by the study basin’s local topography and is 
calculated by [62]:

where, AreaV (AV) = Variable Surface Area, AreaP (AP) = Planimetric Surface Area and 
AreaI (AI) = Area of interest.

STI can upturn the frequency of floods, resulting in foundation damage and is cal-
culated by [63]:

where, ‘As’ = Upstream region and ‘β’ = Slope of each pixel.
Distance from river (km) was produced by overlaying the DEM of the study area 

and river shapefile extracted from the high-resolution satellite imagery. The Euclidean 
Distance tool of ArcMap was used to generate the thematic layer, following standard 
practices adopted in previous flood susceptibility studies [13, 43]. The drainage den-
sity map was also prepared using the downloaded DEM. With ArcMap’s hydrology 
and density tools, the drainage density map was created.

ResourceSat-2A LISS 4 satellite imagery was downloaded from the Bhoonidhi portal 
of ISRO to prepare the LULC and NDVI maps having spatial resolution of 5.8  m, 
captured on November 1 st 2023. The LULC map has been prepared using maximum 
likelihood classifier (MLC), a supervised classification algorithm. The Normalized 
Difference Vegetation Index (NDVI) is a widely used remote sensing metric that 

(1)TRI =
(AreaV − AreaI )

(AreaP − AreaI )

(2)STI =

(

As

22.13

)0.6( Sinβ

0.0896

)1.3
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provides valuable insights into the health and vibrancy of vegetation. It is calculated 
as a normalized ratio between visible red (B3) and near infrared bands (B4) [64]:

Soil map of the study area bearing a scale of 1:250,000 was prepared from the 
“NESAC Geo Portals”. Lithology map was prepared from the data derived from GSI 
Bhukosh.

Precipitation data were obtained from the Center for Hydrometeorology and 
Remote Sensing (CHRS) for the period 1993–2023. The PERSIANN-CDR dataset, 
provided as a gridded raster product with a spatial resolution of 0.25° × 0.25°, was 
used in this study. Mean annual rainfall values corresponding to the study area were 
extracted from the PERSIANN-CDR raster at twelve representative locations, namely 
Marang Dala, Khat Tetelia N.C., Barkuchi N.C., Bajeni Gaon, Damara Pathar, Kha-
loibari Gaon, Murkata, Dakhin Dimoria, Tepechia Gaon, Juboi, Maloibari Gaon, and 
Sonapur Pathar. The number of extraction locations was selected to correspond with 
the twelve Gaon Panchayats within Dimoria Block, ensuring uniform spatial repre-
sentation across the study area and alignment with local administrative units rele-
vant for flood management and planning. To generate a spatially continuous rainfall 
surface compatible with other thematic layers used in the GIS–AHP framework, 
the extracted rainfall values were interpolated using the Inverse Distance Weighted 
(IDW) method. IDW assigns weights to surrounding values based on their distance 
from the prediction location, assuming that spatial influence decreases with increas-
ing distance [63]. This interpolation step was applied for spatial harmonization and 
visualization purposes rather than to reconstruct rainfall measurements, as the 
source dataset is already provided in gridded raster format. The IDW formulation 
used for spatial interpolation is expressed as [65]:

where, Zp = Predicted value, Zi = value at i measured point, di = distance of i measured 
location to the predicted point, p = power function and n = number of points to be used. 
The power value ‘p’ determines how much known interpolated values counts based on 
the distance between the point and the output point. It is a positive, real number and 
the default value is always 2. A higher power value gives more weight to nearby points, 
increasing the impact of local data and creating a less smooth, more complex surface. A 
lower power value, however, extends influence further, resulting in a smoother output 
[63].

All the thematic layers thereupon were transformed to Projected Coordinate 
System (PCS) of UTM zone 46 N and resampled to a resolution of 5  m. The natu-
ral breaks (jenks) method was applied to group the values of the quantitative vari-
ables such as elevation, slope, drainage density etc. The Natural Breaks classification 
method is widely used in MCDA and machine learning because it effectively divides 

(3)NDVI =
NIR(B4)− Red(B3)

NIR(B4)+ Red(B3)

(4)Zp =

∑n
i=1

(

Zi

d
p
i

)

∑n
i=1

(

1

d
p
i

)
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data into distinct clusters based on inherent groupings [44], good adaptability, and 
high accuracy on the geographical environment [66, 67]. We used this method since 
it is capable in maximizing the variability between classes and lowering variability 
within a category. It makes sure there is the optimum distinction of various classes 
groups around the average and the minimization of variation of each class. It aids 
in formation of statistically homogeneous groups; hence it is an efficient method of 
grouping variables affecting flood hazard [44].

The number of classes assigned to each flood-conditioning factor was determined based 
on the data distribution using the Natural Breaks (Jenks) classification method, which mini-
mizes variation within each class and maximizes the difference between classes [68, 69]. 
Factors with more widely dispersed data, e.g., slope, and elevation, were naturally found 
to have more statistically significant breakpoints and were thus grouped into five classes, 
whereas variables with more narrow ranges, or categorical constraints, e.g., NDVI, were 
found to have fewer significant divisions and were therefore grouped into three or four 
classes. These are the data-based class boundaries that are used to avoid arbitrary thresh-
olding and enhance the sensitivity of the model by making sure that between classes, there 
is a geomorphic and hydrological variability. In addition, since weights of AHP are provided 
to class intervals instead of raw values, proper selection of classes improves the credibility 
and steadiness of the final susceptibility map by decreasing the level of classification preju-
dice [70].

4.2.2 � Multicollinearity diagnosis

Multicollinearity diagnosis was performed to check the problem of strong linear relation-
ship among the explanatory variables. It affects the prediction accuracy of the model [57, 
71]. Hence, two indicators are used: Variance Inflation Factor (VIF) and Tolerance (TOL) 
[58]. If the threshold value of VIF is > 5 and TOL is < 0.1, then multicollinearity exists [71]. 
Table 2 shows the absence of multicollinearity problem among the variables used in this 
study. TOL and VIF are calculated by [71]:

Table 2  Multicollinearity analysis

(Source: Calculated by the authors)

Parameters Tolerance (TOL) Variance 
Inflation Factor 
(VIF)

Slope 0.488 2.049

Elevation 0.427 2.341

Rainfall 0.705 1.418

LULC 0.371 2.695

NDVI 0.395 2.531

Soil 0.631 1.584

Drainage Density 0.458 2.183

Distance from River 0.610 1.639

Lithology 0.793 1.261

TRI 0.406 2.463

STI 0.440 2.272
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where Rj
2 = coefficient of determination.

4.2.3 � Analytical hierarchy process (AHP)

The reclassified layers were subjected to overlay analysis. The Weighted Overlay tool 
allows the incorporation of varied factors and their importance (weights) into decision-
making models, crucial for environmental planning, cumulative impact assessment, and 
benefiting from integrated human judgment [65]. One of the best techniques for inte-
gration is the Analytical Hierarchy Process (AHP), which gives various weights to each 
flood-related element. It is a flexible and organized method for deciphering multi-factor 
difficult decision scenarios [72]. A flood hazard map was produced by superimposing 
the parameters according to weights that have been assigned. The assigned weights were 
determined based on expert judgement, literature review and field observation so as to 
indicate their relative significance within the context of the study. For instance, in our 
study LULC received more weight (11.1%) than context-specific variables such as soil 
(5.8%) and lithology (7.8%) since LULC have been identified as one of the most influ-
ential factors in various flood susceptibility studies [73, 74]. In many contexts, it con-
tributed to overall flood susceptibility by more than 60 percent, over that of soil and 
lithology [75, 76]. Hence the weight assignment procedure is resonated. Even such con-
text-specific weight assignment has also been adopted in studies by [58].

The generated weights were between 0–9, based on Saaty’s fundamental scale. AHP 
served as a way to categorize various criteria within the criterion into various suitability 
levels [77]. Thomas L. Saaty based AHP on his experience and created it in 1977 [78]. He 
established the consistency ratio (CR), which is the ratio of the random index (RI) to the 
consistency index (CI), to assess the consistency of the matrix. If CR < 0.1, it can be con-
sidered suitable for additional examination. The matrix’s characteristics determine the 
RI, which is a fixed number. The following formula ensures consistency [78]:

where, n is the number of components, λmax is the matrix’s Principal Eigenvalue, CI is 
the consistency index, RI is the random index, and CR stands for consistency ratio [72]. 
The primary Eigenvalue is obtained by multiplying each element of the Eigenvector by 
the total number of columns of the reciprocal matrix [77]. Table 3 shows Saaty’s funda-
mental scale of relative importance [78], based on which the pairwise comparison matrix 
was generated. In this paper, the percentage of weight is generated using a pairwise com-
parison matrix table (Table 4) ranging the class 1–5 (very low to very high) based on the 
significance of each class of each flood causative criterion.

(5)TOL = 1− Rj
2

(6)VIF =
1

TOL

(7)CR =
CI

RI

(8)CI =
�max − n

n− 1
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In order to reduce subjectivity and possible weighting biases of expert-based AHP 
pairwise comparisons, the judgments were cross-referenced and validated to make 
hydrological sense. The prioritization of the criteria was checked with the existing 
literature and field knowledge to prevent excessive or insufficient weighting of any of 
the parameters. Also, the Consistency Ratio (CR ≤ 0.10) was verified to ensure that the 
comparisons were within acceptable range hence limiting the inconsistencies and tonal 
bias in the assignment of weights.

4.2.4 � Sensitivity analysis

Sensitivity analysis is an important step to understand the influence of each factor on the 
output model [79, 80]. It shows which layer(s) is/are the most/least critical in determin-
ing the values of the output map [81]. In our study, we adopted the map removal method 
[82]. In this method, one influencing layer is removed at a time and a new flood suscepti-
bility map is created by overlaying the remaining layers [79, 83]. It is expressed as ‘Sensi-
tivity Index (SI)’ calculated by [28]:

where FRZ = Flood Risk Zonation of all layers, FRZ′ = Flood Risk Zonation of one 
excluded thematic layer, N = number of thematic layers in FRZ and n = number of the-
matic layers in FRZ’.

4.3 � Model validation

Model validation is a crucial part to understand the model’s effectiveness and applica-
bility [84, 85]. The ROC-AUC curve is a widely used method of validation particularly 
in flood hazard studies due to its reasonable, logical, and easily understandable method 
[84]. On the two-dimensional ROC graph, the y-axis stands for sensitivity (true positive 
rate) and the x-axis represents 1-specificity (false positive rate) [58]. It is given by [86]:

(9)SI =

∣

∣

∣

(

FRZ
N

)

−

(

FRZ′
n

)∣

∣

∣

FRZ
∗ 100

(10)x = 1− Specificity = 1−

[

TN

TN + FP

]

Table 3  Saaty’s scale of relative importance

Intensity of importance Definition

1 Equal importance

3 Moderately importance

5 Strongly importance

7 Very strongly importance

9 Extremely importance

2,4,6,8 Intermediate values
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where TP = True Positive, TN = True Negative, FP = False Positive and FN = False 
Negative.

5 � Results
5.1 � Flood hazard indicators

5.1.1 � Slope

One of the hydrology keys that should be considered in understanding flood event 
dynamics is slope. Aggregating slope angles can symbolize an area’s susceptibility to 
flooding [84]. The present result states that 41.35 percent of the land has a slope 0- 5.4°. 
This is typically a gentle slope because its original ability to properly drain water has 
been lost [87]. At the same time, less than 2.8 percent of the land is slopes steeper than 
54.8°, while the area occupied by elevations of 26.5–54.8° is just 7.65 percent (Fig.  3). 
In fact, these steeper slopes let the faster water flow and a lower likelihood of flooding 
later [88]. The hydrological behavior of the area is very sensitive to slope angle in the 
area [63]. The slope angle gives us important information about the likelihood of such 
occurrences, and therefore flood control techniques are directed at the overflow.

(11)y = Sensitivity =

[

TN

TP − FN

]

Fig. 3  Slope map of Dimoria Block. The map shows spatial variations in terrain slope expressed in degrees, 
categorized into five classes ranging from nearly flat (0°−5.4°) to steep (26.5°−54.8°). The map uses a rusty 
brown color gradient to represent slope, ranging from very lighter shade to darker shade. Lower slope areas, 
primarily in central and northern Dimoria, represent relatively flat surfaces susceptible to water stagnation 
and flooding, while steeper slopes occur along the southern uplands near Meghalaya and western Dimoria. 
Administrative boundaries, a north arrow, and a scale bar support interpretation



Page 14 of 36Choudhury and Dutta ﻿Discover Environment           (2026) 4:138 

5.1.2 � Elevation

A fundamental characteristic in geographic terms, the elevation of a given area is a key to 
understand and predict flood susceptibility in that region. The results show that the area 
of less than 52 m makes a larger per cent of the total area followed by the areas that have 
an elevation of 53–145, 146–248 m, 249–391 m and 392–701 m respectively (Fig. 4). The 
finding suggests in terms of flooding, the areas below 52 m high are the most vulnerable 
[45, 89]. The water more often flows and accumulates in these low-lying areas during 
high water level periods [90]. In addition, residential areas and farming fields often exist 
in these flood prone, low-lying areas making them vulnerable to the social and economic 
impacts of floods; loss of life and property damage [89]. Whereas, the areas at the higher 
elevations are less susceptible for flooding because the topography of these places is 
unlikely to trap water [45, 91].

5.1.3 � Rainfall

Rainfall is a primary determinant of flooding in a region [63], and flood events may 
result from intense precipitation occurring over short time periods. Rainfall therefore 
plays a key role in the occurrence of floods in Dimoria Block. Excessive monsoon rainfall 
contributes to increased discharge in the Kalang and Digaru rivers, leading to overbank 
flow and inundation of adjacent floodplains. Rainfall data covering a period of more than 
30 years (1993–2023) were obtained from the PERSIANN-CDR dataset. Mean annual 
rainfall values extracted at representative locations within the study area were used to 
generate a continuous rainfall surface. The rainfall distribution was classified into five 

Fig. 4  Elevation map of Dimoria Block. The map presents elevation classes indicating the vertical relief of 
the landscape. The map uses a brown color gradient to represent elevation, ranging from very light brown 
(low-lying areas) to dark brown (higher terrain). Low-lying alluvial plains in central and northern parts 
(≤ 52 m) correspond to higher flood susceptibility, whereas elevated zones in the south exhibit reduced flood 
likelihood. The map includes administrative limits, a north arrow, and a scale bar for clarity
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categories ranging from very low to very high rainfall (Fig. 5). The mean annual rainfall 
exhibits a gradual increase from east to west across the study area.

5.1.4 � Land use and land cover (LULC)

The landuse and land cover constitute waterbodies (1.05%), vegetation (49.02%), built 
up (4.80%), and agricultural (45.13%) in the study area (Fig. 6). The flood susceptibility 
of the region is directly linked to the LULC pattern [58]. Although a relatively small 
portion of the area is waterbodies, they can act as natural flood buffers. As only 1.05 per 
cent of the region comprises waterbodies, it has limited natural flood storage capacity. 
Waterbodies such as lakes, wetlands, and floodplains can provide important attenuating 
flood flow and reduce downstream flood susceptibility. Additionally, high percentage 
of vegetation cover (49.02%) implies the landscape has a remarkable capacity to store 
and slow water flow through its flood events [92, 93]. Rainfall interception, increase soil 
infiltration and reduce surface runoff by vegetation (especially dense and deep rooted) 
reduces the susceptibility to flooding [93]. However, more of the landscape is built-up 
area or agricultural land that represents nearly 50% of the total. Urban development 
and agricultural practices which create impervious surfaces associated with disrupted 
drainage patterns favor increased surface runoff and enhanced flood hazards [93, 94].

Fig. 5  Rainfall distribution map of Dimoria Block. The map illustrates the spatial variation in mean annual 
rainfall derived from the PERSIANN-CDR dataset (CHRS), with values extracted at twelve representative 
locations corresponding to the twelve Gaon Panchayats and interpolated to generate a continuous surface. 
Rainfall values are classified into five categories. A light-to-dark blue color gradient represents increasing 
rainfall magnitude, with lighter shades indicating lower rainfall and darker shades indicating higher rainfall. 
The map also includes administrative boundaries, a north arrow, and a scale bar for spatial reference
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5.1.5 � Normalized difference vegetation index (NDVI)

NDVI is mainly utilized to monitor the vegetation. However, in recent studies, efforts 
are made to understand the dynamics of the flood events using this parameter [28]. 
Vegetation is significantly affected by floods and may result in decreased photosynthetic 
activity and altered spectral reflectance of affected areas [95]. It allows researchers to 
understand how severe and deep the flood impact was on the local vegetation by 
analyzing their NDVI patterns. The use of NDVI values in the present analysis adds to 
the understanding of the possible correlation between vegetation and flood occurrences. 
Provided that a significant proportion (59.48%) of the study area is characterized by 
high NDVI values (suggestive of a relatively healthy and resilient vegetation cover that is 
capable of at least partially mitigating flood impacts [64], the potential presence of land 
management practices alleviating the impact of flood events can be considered. On the 
other hand, the areas featuring the lower NDVI values and a lesser portion of an area can 
signal distressed or degraded vegetation (which could be the indication of the damages 
caused by recent flood events). This could occur among the moderate NDVI values, 
which may represent areas that have been partially flooded or areas recovering. NDVI 
patterns can be interpreted as a basis for understanding the response of the vegetation to 
flood disturbances and potential role in reducing the impacts of floods (Fig. 7).

Fig. 6  LULC map of Dimoria Block. The map classifies the block into four major LULC categories such as 
waterbodies, vegetation, built-up areas and agricultural land. Each class is colour-coded to indicate land 
characteristics influencing runoff and infiltration. Agricultural and built-up zones correspond to higher 
flood susceptibility, primarily situated in the low-lying alluvial plains while vegetated areas indicate lower 
vulnerability, primarily found in the southern parts and uplands of the region. Administrative boundaries, 
drainage patterns, north arrow, and scale bar are provided
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Fig. 7  NDVI map of Dimoria Block. The map shows vegetation health and density, classified into low 
(red), moderate (yellow), and high (green) NDVI values. Low NDVI regions correspond to sparse vegetation 
and higher surface runoff, typical of built-up areas and waterbodies. Whereas high NDVI areas indicate 
dense vegetation and reduced flood hazard, typical of vegetated areas of the region. The map includes 
administrative boundaries, drainage network, north arrow, and scale bar

Fig. 8  Drainage density map of Dimoria Block. This map illustrates the density of stream channels per square 
kilometre, color-coded in shades of blue. Higher drainage density areas (0.05–0.06 km/sq. km) are depicted in 
dark blue and typically show higher runoff and increased flood potential. These are present in the low-lying 
areas of the region. Lower density zones (0–0.02 km/sq. km) are depicted in light blue and exhibit reduced 
susceptibility, are present in the uplands of the region. The map is supported by administrative boundaries, 
north arrow, and scale bar
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5.1.6 � Drainage density

Drainage density, a very important parameter in hydrology, is the sum of the total length 
of all streams and rivers present in each watershed recalled over the total area of the 
watershed [63]. The drainage density distribution within a region can offer important 
information about the possibility of flood happening. The study has presented the data 
which shows an interesting distribution of drainage density in interest, 9.45% of the land 
is drained from 0 to 0.02 km/sq km, 57.54 is from 0.03 to 0.04 km/sq km, and 33.01 is 
from 0.05 to 0.06 km/sq km respectively (Fig. 8). This distribution therefore suggests that 
there are a large proportion of the area that has a relatively moderate drainage density 
(57.54%), suggesting a greater susceptibility to flood events [96]. The infiltration capacity 
of the soil is inversely related to drainage density, and areas with high drainage density 
have lower infiltration rates which results in increased surface runoff and increased 
susceptibility to flooding [97].

5.1.7 � Distance from river

Distance from river is a critical factor that can greatly influence both the occurrence 
and severity of floods [27]. River flooding occurs when a river overflows its banks, and 
a location’s proximity to the river often determines how susceptible it is to inundation. 
It has been found that distance from the river, altitude, slope, and rainfall are among the 
most influential variables governing flood susceptibility in many regions [98]. As floods 
occur almost every year due to the Digaru and Kolong rivers [37], distance toward these 
two major rivers was measured and categorized into five classes, with Fig. 9 illustrating 
the decreasing flood susceptibility with increasing distance from the river.

Fig. 9  Distance from river map of Dimoria Block. The map classifies land areas based on their proximity 
to major rivers such as Digaru and Kolong, expressed in km. Areas closest to river channels (red) exhibit 
the highest flood susceptibility, decreasing progressively with increasing distance (green). Administrative 
boundaries, drainage elements, north arrow, and scale bar aid interpretation
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In the context of Dimoria Block, the distance from river analysis was intentionally lim-
ited to the Digaru and Kolong rivers because they constitute the primary hydrological 
systems responsible for monsoon-induced flooding [37]. Excluding minor streams and 
ephemeral channels is a common and justified practice in regional-scale flood suscep-
tibility modeling as seen in [99–101]. Their influence is generally limited compared to 
major watercourses and other dominant factors. Hence, minor streams and ephemeral 
channels were also not included in the present study.

5.1.8 � Topographic roughness index (TRI)

Vulnerability of a landscape to flooding events is related to topographic roughness 
index, an important parameter. It measures variability of the terrain, with larger values 
representing heavily rugged and heterogeneous terrain [62, 102]. The study area shows 
that the range of the topographic roughness falls within 0.11 to 0.41 (24.74%), 0.42 to 
0.57 (54.11%), and 0.58 to 0.89 (21.15%) (Fig. 10). The results indicate that the region, 
which is 54.11 percent, has moderate topographic roughness, and that this is important 
for the susceptibility of floods. Such areas, with lower topographic roughness index 
values (0.11–0.41), are usually associated with less rugged or flat types of terrain that can 
promote rapid accumulation and movement of floodwaters [103]. On the other hand, 
areas with higher index values exhibit more diverse and undulating topography that can 
reduce the speed of moving flood waters and reduce the overall extent and impact of 
flood events [98].

Fig. 10  TRI map of Dimoria Block. This map displays terrain irregularity, where low TRI values (red) represent 
smoother surfaces prone to inundation, while higher TRI values (light blue) correspond to rugged terrain with 
reduced flooding potential. Low TRI values are found in the low-lying alluvial plains of the study area whereas, 
high TRI values are found in the uplands of the study area. Administrative boundaries, drainage elements, 
north arrow, and scale bar aid interpretation
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5.1.9 � Sediment transport index (STI)

The amount of sediment transported by a river stream is quantified by the sediment 
transport index which can give us a clue on the likelihood of flooding. The observed 
wide range of sediment transport index values is quite large, from 0 to 150.73 to 2995.81 
to 4804.59 (Fig. 11). As there is a very wide range in sediment transport index values, 
it is likely that the amount of sediment being transported can vary considerably with 
factors such as precipitation, slope, and channel geometry [63]. Heavy rainfall can 
trigger extreme flood events that generate a tremendous increase in sediment transport 
as landslides and surface erosion provide vast amounts of sediment to the river system 
[104]. This influx of sediment can lead to the channel becoming obstructed, which 
reduces its capacity to convey water and increases flood hazard [63].

5.1.10 � Lithology

The study of lithology, the physical and mineralogical characteristics of rocks and 
sediments, bears critical importance to understanding responses of landscape to 
different environmental factors, during the time of floods. The analysis reveals that the 
lithological composition in this area is a considerable factor. In order of (proportion) 
the gneiss and migmatite/banded gneiss (unclassified gneiss and migmatite/banded 
gneiss) constitutes the largest part (60.96%), followed by unoxidised sand, silt, clay 
(28.12%), highly oxidized dark brown to red brown loamy sand (9.10%), grey to 
pink porphyritic granite (1.79%) and quartzite with thin phyllite interbands (0.05%). 

Fig. 11  STI map of Dimoria Block. The map shows the potential for sediment movement across the terrain 
and is classified into five classes. High STI regions (dark orange color) are found in the low-lying plains 
indicating greater sediment transport capacity, often associated with channel instability and increased flood 
susceptibility. Low STI regions (light orange color) are found in the uplands and indicate reduced flood 
susceptibility. The map provides administrative boundaries, drainage lines, north arrow, and scale bar to 
support interpretation



Page 21 of 36Choudhury and Dutta ﻿Discover Environment           (2026) 4:138 	

With unclassified gneiss and migmatite/banded gneiss dominating the gneiss, the 
area appears to be underlain with metamorphic rocks, which are traditionally less 
permeable and less able to infiltrate [105]. Increased surface runoff and a greater 
likelihood of flooding during heavy rainfall events can arise from this. 24.7 per cent 
of the area is occupied by unconsolidated sediments which indicate that they are 
available to be developed for this purpose. These sediments are generally more prone 
to erosion and easy to be moved by the floodwaters, thereby disturbing sediment 
deposition in low lying locations and blockage of drainage systems [105]. Presence of 
highly oxidized dark brown to red brown loamy sand is likely to have resulted from 
well drained and weathered soils. They may have higher infiltration rate and lower 
water holding capacity leading to increased surface runoff and higher susceptibility 
of rapid flood events [106]. The small amount of grey to pink porphyritic granite and 
quartzite interbedded with thin phyllite may have igneous and metamorphic rocks 
that may act differently than their dominant lithologies (Fig. 12).

5.1.11 � Soil

The susceptibility to flooding of an area can be explained in terms of soil composition 
and distribution. The results presented here suggest that the soil type to be found to be 
in the region is diverse and that influences on flood susceptibility are of varying degree. 
Fine, Typic Kandihumults-Loamy skeletal (Umbric Dystrochrepts), which makes up 

Fig. 12  Lithology map of Dimoria Block. This map depicts the distribution of major lithological units into five 
groups and coded with varying colors. The dominating lithological unit is unclassified gneiss and migmatite/
banded gneiss which covers the southern, western, north-western and north-central portions of the region. 
On the other hand, grey to pink porphyritic granite and quartzite interbedded with thin phyllite are highly 
localized and are found in small proportions. These units influence infiltration rates and runoff behavior. The 
map includes administrative boundaries, north arrow, and scale bar for spatial reference
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47.08% of the area, is the predominant soil type. Typically, this soil type is fine textured 
and loamy-skeletal with moderate to high drainage capacity [106]. But in the affected 
areas, Umbric Dystrochrepts (a poorly drained soils type) also help increase the flood 
susceptibility [98]. Further details of the soil characteristics include Fine-loamy, Typic 
Dystrochrepts-Fine-loamy, Typic Dystrochrepts (8.92% of area) and Fine-loamy, Typic 
Dystrochrepts-Clayey, Typic Hapludalf (8.46% of area). These soils of fine-loamy and 

Fig. 13  Soil taxonomic map of Dimoria Block. The map categorizes soil types into nine groups, each 
color-coded to show the spatial variations. These soil groups influence water infiltration and flood behavior. 
Sandy loam areas exhibit higher infiltration and lower flood susceptibility, while clay-rich soils tend to retain 
water and increase flood likelihood. Administrative boundaries, drainage features, north arrow, and scale bar 
are provided

Table 5  Statistics of map removal sensitivity analysis

(Source: Calculated by the authors)

Parameter Variation Index (%)

Minimum Maximum Mean Standard 
Deviation

Slope 1.45 3.10 2.30 0.52

Elevation 1.20 3.00 2.10 0.58

Rainfall 8.80 19.20 14.40 2.65

LULC 5.10 14.12 9.61 1.92

NDVI 4.70 12.20 8.90 1.76

Soil 2.10 4.90 3.30 0.74

Drainage Density 4.94 12.74 8.60 1.88

Distance from River 3.26 7.21 5.07 0.93

Lithology 2.82 6.16 4.39 0.88

TRI 4.13 10.88 7.75 1.69

STI 2.91 7.07 4.96 0.96
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clayey textures can be hampered to water infiltration, resulting in soil surface runoff 
and heightened possibility of flooding [106]. The deposition of Aeric Haplacept and 
Fluvaquent which is linked with wetlands and floodplains indicate that these lands are 
naturally more prone to flooding [89]. Soils of these soil types often have the coarse 
loamy and fine silty textures that further contribute to their limited drainage capacity 
and are likely to be more prone to waterlogging and inundation [107] (Fig. 13).

5.2 � Sensitivity analysis

The map removal sensitivity analysis (Table  5) indicates rainfall (14.40%) and 
LULC (9.61%) had the greatest variation index with a high impact on the final flood 
susceptibility map. Contrastingly, elevation (2.10%) and slope (2.30%) had relatively low 
variation index having no significant influence when omitted. This variation indicates 
that rainfall and LULC are the most sensitive parameters of the model. It confirms 
the hydro-geomorphic circumstances of the region, which is primarily characterized 
by seasonal monsoons and the effect of land use changes on flood dynamics. Rainfall 
and LULC are always ranked as the greatest contributors to flood hazard in terms of 
integrated GIS-AHP as seen in studies by [48, 85].

Rainfall is the main driving force of surface runoff and LULC is the determinant of the 
infiltration capacity, evapotranspiration and surface roughness. These factors, in turn, 
influence how precipitation is converted into overland flow [108, 109]. By comparison, 
conditioning terrain factors include NDVI, drainage density, and TRI; these factors con-
trol the spatial distribution of conditions but have no direct causative role in causing 
flooding [108, 109]. NDVI represents vegetation cover, which mitigates runoff through 
interception and soil protection, although its influence varies with rainfall intensity 
[95]. Drainage density and TRI capture key geomorphological controls that regulate 
the speed and efficiency of surface water movement [108]. Their high weights highlight 
their importance in shaping flood response, but they function in conjunction with the 
dominant rainfall–LULC interaction. Thus, although several parameters show com-
parable weights, rainfall and LULC remain the primary causal factors governing flood 
susceptibility. The higher-weighted geomorphic variables (NDVI, drainage density, and 
TRI) mainly explain the spatial variation in flood intensity rather than the occurrence of 
flooding itself [108, 109]. The mean variation index across the layers reflects a consistent 
and balanced contribution of each factor in the AHP model, reinforcing the reliability 
and stability of the assigned weights.

6 � Discussion
The flood susceptibility map was generated by overlaying eleven influencing layers using 
a combination of the AHP approach and the weighted overlay method (Fig.  14). The 
final map integrates eleven parameters with assigned weights of slope (4.1%), elevation 
(4.1%), rainfall (19.3%), LULC (11.1%), NDVI (11.1%), drainage density (11.1%), distance 
from river (7.8%), TRI (11.1%), STI (5.7%), lithology (7.8%), and soil (6.8%), respectively 
(Table  6). Although LULC, NDVI, drainage density, and TRI exhibit similar AHP-
derived weights, their functional roles differ: LULC directly influences runoff generation 
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processes, whereas NDVI, drainage density, and TRI primarily act as conditioning 
factors controlling the spatial distribution and magnitude of flooding [108, 109].

The study follows the weight assignment approach proposed by [78], where higher val-
ues indicate greater relative importance and lower values indicate lesser influence. Rain-
fall received a higher weight than other variables, reflecting its dominant role in flood 
generation within the study area. The region largely functions as a rainfed system, and 
flood occurrence is directly influenced by rainfall variability. Intense rainfall and flood 
events frequently occur in the study area, which lies within the Brahmaputra valley 
region [53]. Elevation and slope were assigned lower weights due to the relatively uni-
form topographic characteristics of the terrain. The analysis satisfies the methodological 
criteria of [78], as the calculated consistency ratio (CR) remains below the acceptable 
threshold of 0.1, with a value of 0.0610 (6.1%).

The evaluation process classified the study area into three flood susceptibility catego-
ries: low, moderate, and high. Low susceptibility zones account for 8.52% (38.11 km2) of 
the total area, while high susceptibility zones comprise 54.75% (244.74 km2). Moderate 
susceptibility zones occupy 164.22 km2 (36.72%) of the study area (Table 7).

High susceptibility zones are primarily concentrated in low-lying floodplains 
characterized by gentle slopes, proximity to river channels, and higher rainfall 
accumulation. The lithological composition in these areas is predominantly 
unconsolidated, consisting of loose sedimentary materials and poorly drained soils, 
which contribute to increased flood susceptibility. The shallow and meandering 

Fig. 14  Flood susceptibility map of Dimoria Block. This map illustrates the spatial distribution of flood 
susceptibility zones generated through GIS-based weighted overlay analysis using AHP-derived weights. The 
block is classified into three categories: low susceptibility (light green), moderate susceptibility (yellow), and 
high susceptibility (red). High susceptibility areas are concentrated along major river channels and low-lying 
alluvial zones in central and northern Dimoria. Moderate susceptibility zones form transitional bands, while 
low susceptibility areas lie mainly in the elevated southern section bordering Meghalaya. The map includes 
administrative boundaries, major roads, drainage lines, neighboring regions, a north arrow, and scale bar
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Table 6  Sub criteria of each parameter and their weights

Flood Causative Criterion Unit Class Ranking (Very 
high = 5, Very 
low = 1)

Weight (%)

Slope ° 0–5.4 5 4.1

5.5–12.2 4

12.3–19.1 3

19.2–26.4 2

26.5–54.8 1

Elevation m  < = 52 5 4.1

53–145 4

146–248 3

249–391 2

392–701 1

Rainfall mm/year  > = 2476.18 1 19.3

2476.19–2484.89 2

2484.90–2493.60 3

2493.61–2502.31 4

 < 2502.31 5

LULC Class Waterbodies 5 11.1

Vegetation 1

Builtup area 4

Agicultural land 3

NDVI Values −0.32–0.36 5 11.1

0.37–0.58 4

0.59–0.84 3

Soil Class Fine, Typic Kandihumults-Loamy-
skeletal,Umbric Dystrochrepts

1 6.8

Fine,Typic Kandihumults- Fine-
loamy,Typic Dystrochrepts

2

Fine- loamy, Typic Dystrochrepts—
Clayey, Typic Hapludalf

3

Fine silty, Aeric Haplaquepts—
Coarse loamy,Dystric Fluventic 
Eutrochrepts

2

Coarse-loamy,Typic fluvaquents-
Fine-loamy Dystric Eotrochrepts

4

Fine silty, Aeric Fluvaquents—
Coarse loamy, Aeric Haplaquepts

5

Coarse-loamy,Mollic Fluvaquents-
Coarse-silty-Aeric Fluvaquents

3

Sandy,Typic Udifluvents-Typic 
Udipsamments

1

Clayey,Typic Kandihumults-Fine-
loamy,Typic Dystrochrepts

4

Drainage Density km/sq. km 0–0.02 3 11.1

0.03–0.04 4

0.05–0.06 5

Distance from River km 0–2.6 5 7.8

2.6–5.2 4

5.2–7.9 3

7.9–10.5 2

 > = 10.5 1
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Digaru and Kolong rivers tend to overflow during peak monsoon periods, resulting in 
inundation of adjacent settlements. These zones also exhibit moderate to high drainage 
density, which contributes to increased flood potential. Analysis of the LULC and NDVI 
maps indicates that high susceptibility zones are largely associated with anthropogenic 
land-use patterns, including built-up areas and transportation networks. Monocrop rice 
cultivation is prevalent in these zones, making agricultural activities more exposed to 
flood-related impacts.

The moderate and low susceptibility zones are generally located farther from river 
channels and are associated with relatively elevated terrain and steeper slopes. These 
zones typically exhibit lower drainage density and denser vegetation cover, which con-
tribute to reduced flood susceptibility. The dominant lithological units in these areas 
consist mainly of igneous and metamorphic derivatives, which are comparatively less 
prone to erosion. Population distribution in these zones is relatively moderate and dis-
persed. Elevated topography remains a key factor contributing to lower flood suscepti-
bility in these areas.

Table 6  (continued)

Flood Causative Criterion Unit Class Ranking (Very 
high = 5, Very 
low = 1)

Weight (%)

Lithology Class Unoxidised Sand, Silt, Clay 5 7.8

Highly Oxidized Dark Brown to Red 
Brown Loamy Sand

4

Unclassified Gneiss & Migmatite/
Banded Gneiss

2

Grey to Pink Porphyritic Granite 1

Quartzite with Thin Phyllite Inter-
bands

3

TRI Level 0.11–0.41 5 11.1

0.42–0.57 4

0.58–0.89 3

STI Level 0–150.73 5 5.7

150.74–621.77 4

621.78–1545.00 3

1545.01–2995.80 2

2995.81–4804.59 1

(Source: Calculated by the authors)

Table 7  Categorization of Flood Potential Zones

(Source: Calculated by the authors)

Zone Area (in sq. km) Area (in %)

Low 38.11 8.52

Moderate 164.22 36.72

High 244.74 54.75

Total 447.07 100.00



Page 27 of 36Choudhury and Dutta ﻿Discover Environment           (2026) 4:138 	

In addition, the spatial configuration of LULC plays an important role in controlling 
flood susceptibility across Dimoria Block, and spatial analysis reveals patterns 
consistent with the model output. High susceptibility zones are predominantly 
associated with agricultural land, settlements, and open areas located along low-lying 
alluvial plains, where limited infiltration capacity and higher surface runoff contribute 
to increased flood response [84]. Built-up areas contain extensive impervious 
surfaces that increase surface runoff and reduce drainage efficiency, explaining their 
concentration within high susceptibility zones [110]. Moderate susceptibility zones 
are associated with mixed vegetation, plantations, and sparsely settled areas, where 
partial land cover and moderately sloping terrain provide some attenuation of runoff 
[84]. In contrast, low susceptibility zones coincide with forested uplands and areas of 
dense vegetation, where canopy interception and improved soil permeability enhance 
infiltration and reduce overland flow accumulation [111]. These spatial relationships 
reinforce the role of LULC as a significant controlling factor in flood susceptibility 
and support the model results identifying LULC as one of the dominant parameters 
in the study area.

While the present study provides a spatial classification of flood susceptibility, it does 
not include detailed assessments of population exposure, infrastructure distribution, or 
hydrodynamic parameters such as flood depth or flow velocity. Such analyses require 
additional socio-economic datasets, river discharge records, and hydraulic modeling 
frameworks that extend beyond the scope of a GIS–AHP–based susceptibility assess-
ment. The primary objective of this study was to generate a baseline flood hazard 
zonation map using a multi-criteria evaluation approach. Future studies may integrate 
exposure analysis and hydrodynamic modeling to improve the quantification of flood 
impacts and potential economic losses.

7 � Validation
The flood susceptibility map is validated integrating the ROC-AUC, primary field survey 
locations, historical flood records and government reports. The validation has been per-
formed in two ways: quantitatively, the generation of ROC-AUC and qualitatively, com-
parative analysis with government reports.

The input data for the ROC-AUC validation comprised 150 ground truth points (50% 
each for both flooded and non-flooded areas) collected during field survey (2024–25) 
and the GIS generated flood susceptibility map. The locations were chosen based on 
historical flood maps, flood inundation records of 2020 and flood hazard zonation 
record [16]. These locations were superimposed on the flood susceptibility map to 
prepare the ROC-AUC. The efficiency of the model validated by ROC-AUC is classified 
as poor (0.5–0.6), average (0.6–0.7), good (0.7–0.8), very good (0.8–0.9) and excellent 
(0.9–1) [85]. The AUC value of our model is 0.936, which stands for ‘excellent’ [58, 
85]. It implies that the model has an excellent prediction ability of flood hazard in the 
study area. The result confirms the robustness and reliability of the model, which can be 
applied to similar studies in other geographical contexts (Fig. 15, 16).

Further for qualitative validation, 13 villages from 10 different gaon panchayats 
have been selected to corroborate the GIS-AHP result with the government reported 
flood hazard zones (Table  8). Of the 13 assessed villages, only 8 of these villages had 
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Fig. 15  Random sample points for flood susceptibility map validation in Dimoria Block. 150 ground truth 
points (50% each for both flooded and non-flooded areas) were collected during field survey (2024–25) and 
the GIS generated flood susceptibility map. The non-flooded points are represented in green and flooded 
points in red colors, respectively. The locations were chosen based on historical flood maps, flood inundation 
records of 2020 and flood hazard zonation record. The points were overlaid on the flood susceptibility map 
to serve as inputs for the ROC-AUC. The map includes administrative boundaries, drainage lines, neighboring 
regions, a north arrow, and scale bar

Fig. 16  Receiver Operating Characteristic (ROC) curve for the validation of the GIS–AHP flood-susceptibility 
model for Dimoria Block. The plot displays model sensitivity (true positive rate) against 1 − specificity (false 
positive rate) across all decision thresholds; the diagonal line indicates a random classifier for reference. 
The area under the curve (AUC = 0.936) quantifies overall predictive performance and indicates excellent 
discrimination between flooded and non-flooded locations. The ROC was derived by comparing the 
modelled susceptibility classes with independent validation data as described in the Validation procedure 
(Sect. 7)
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corresponding data available in government report for comparison [16]. It was found 
that 7 of these 8 villages were consistent with the government’s findings. Only 1 village 

Table 8  Location of villages for qualitative validation of GIS output

(Source: Compiled by the authors based on field survey, 2024–25; 0 = no data available)

S.No Village Gaon 
Panchayat

Latitude (°N) Longitude (°E) Flood 
Susceptibility
(as per GIS 
output)

Flood 
Susceptibility
(as per 
Government 
Report)

1 Bajeni Gaon Hahara 26.172 92.006 High High

2 Barkuchi N.C Nartap 26.092 91.990 Low 0

3 Dakhin Dimoria 
(Bahtola)

Dhoupguri 26.092 92.137 Low 0

4 Damara Pathar Baruabari 26.109 91.976 High Moderate

5 Dhangiri Gaon Barkhat 26.140 91.944 Moderate Moderate

6 Gumoria Pathar Hahara 26.123 91.962 High High

7 Hahara Pathar Hahara 26.160 91.996 High High

8 Khaloibari Gaon Khetri 26.108 92.060 Moderate 0

9 Maloibari Gaon Maloibari 26.176 92.123 High High

10 Mitani N.C Tetelia 26.161 92.009 Moderate Moderate

11 Murkata Topatoli 26.118 92.143 Moderate 0

12 Sonapur Pathar Sonapur 26.134 91.999 High 0

13 Tetelia Gaon Tetelia 26.098 91.987 Moderate Moderate

Fig. 17  Location of sample villages for qualitative validation. This map identifies selected villages 
(highlighted as black points) across Dimoria Block where field verification was conducted to validate the 
modeled flood susceptibility zones. The locations are plotted over the administrative boundary. A north 
arrow and scale bar provide spatial reference
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(Damara Pathar) showed a discrepancy between our results and the official records 
(Fig. 17).

Bajeni Gaon, Gumoria Pathar, Hahara Pathar, Maloibari Gaon and Sonapur Pathar 
lie at high susceptibility of flooding. These villages are characterized by a dense human 
populace, extensive agriculture along with the influence of industrial activities, and 
a low-lying topography with a few dotted uplands. Maloibari Gaon still comes under 
the threat of high susceptibility, despite not facing severe floods in recent years because 
of the embankment along the Kolong river. Dhangiri Gaon, Khaloibari Gaon, Mitani 
N.C., Murkata and Tetelia Gaon lie at moderate susceptibility whereas Barkuchi N.C. 
and Dakhin Dimoria (Bahtola Gaon) lie in a low susceptibility zone. The former five 
villages rarely face frequent flooding, yet episodic rainfall has caused inundation in the 
past, as stated by the villagers. The latter two villages are least prone to flood because of 
the elevated topography and dense vegetation cover. The situation of Damara Pathar is 
unusual since it contradicts the government-published results. Although official records 
categorize it in the ‘moderate’ zone, but field visit (Fig. 18 (a) and (b)) and interaction 
with villagers revealed the frequency and susceptibility associated with floods in the 

Fig. 18  Field Photographs (2024–25): a Flood-affected road in Damara Pathar, b Inundated paddy field in 
Damara Pathar, c Waterlogged agricultural land in Hahara Pathar and d Elevated water level in the Digaru 
River near the Sonapur–Byrnihat Road
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village. Therefore, the categorization of the village into the ‘high’ zone by our map seems 
apt and convincing.

Discrepancies between modelled flood susceptibility zones and government reports 
often arise because government reports and maps are event-specific and may under-
report hazard potential in less populated areas, while models use long-term, multi-fac-
tor analysis to identify hazard zones regardless of population [112, 113]. Differences in 
data years, mapping scales, and missing local drainage details in official records also con-
tribute to mismatches [112]. These differences are common and reflect the gap between 
actual flood events and broader flood susceptibility, not a flaw in the models [112, 113].

Thus, the GIS generated map adheres to both quantitative and qualitative validation 
and hence the map can be considered as a fair representation of ground reality.

8 � Conclusion
This study presents a comprehensive flood susceptibility assessment of Dimoria Block 
using an integrated GIS-enabled Analytical Hierarchy Process (AHP) framework. The 
model effectively delineates three flood susceptibility zones based on eleven flood-
conditioning parameters. The results indicate that approximately 54.75% of the study 
area falls within the high susceptibility zone, while low susceptibility zones account 
for 8.52% of the total area. High susceptibility zones are primarily associated with 
low-lying floodplains characterized by gentle terrain, proximity to river channels, 
and unconsolidated sedimentary formations. In contrast, areas with higher eleva-
tion, steeper slopes, and greater distance from river channels correspond to moder-
ate and low susceptibility zones. Validation of the model using predictive accuracy 
analysis (AUC = 0.936), along with field observations and governmental flood records, 
demonstrates the robustness of the approach and its applicability for flood hazard 
management.

The study makes a meaningful contribution by addressing the lack of micro-spatial 
flood susceptibility assessments in Assam, particularly in semi-urban and rural fringe 
regions such as Dimoria Block. The analysis identifies rainfall and land use/land cover 
(LULC) as the most influential parameters, highlighting the combined effects of hydro-
climatic variability and anthropogenic land-use modification on flood susceptibility. 
These findings provide useful insights for disaster risk reduction strategies, including 
site-specific interventions, improved land-use planning, and informed allocation of mit-
igation resources.

Despite the effectiveness of the proposed approach, certain limitations should be 
acknowledged. The use of static spatial datasets limits the representation of temporal 
dynamics such as seasonal river behavior and long-term climatic variability. Addition-
ally, the model does not incorporate socio-economic vulnerability indicators, which are 
important for comprehensive assessment of flood impacts. Future research may inte-
grate real-time hydrological data, climate projections, and demographic information to 
develop more dynamic and inclusive flood risk assessment frameworks.

In summary, the GIS–AHP methodology applied in this study offers a reliable and 
reproducible tool for flood hazard zonation in data-scarce regions. The approach and 
findings have practical relevance for local authorities, planners, and disaster manage-
ment agencies in Northeast India and other flood-prone areas. The study underscores 
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the role of spatial decision-support systems in enhancing preparedness, supporting 
informed planning, and promoting sustainable development in hazard-prone regions.
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