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Abstract 

Bangladesh, situated in the Ganges Delta, is highly vulnerable to recurrent and devastating floods due to its flat, 

low-lying topography and dense river network. In light of increasing flood frequency and severity, a 

comprehensive flood susceptibility assessment is critical for sustainable mitigation strategies. The primary 

challenge in flood risk assessment lies in developing a systematic geospatial understanding of the factors 

contributing to flood hazards across diverse landscapes. To address this challenge, the present study estimates 

flood susceptibility across the entire territory of Bangladesh by integrating Geographic Information Systems (GIS) 

and the Analytical Hierarchy Process (AHP) within a Multi-Criteria Decision Analysis (MCDA) framework. The 

study highlights key hydrological, meteorological, and morphological factors influencing flood dynamics, 

including the Standardized Precipitation Index (SPI) as a more representative measure of rainfall variability and 

drought conditions. Using AHP, pairwise comparison weights were assigned to each factor, which were then 

analyzed in GIS to produce a national flood susceptibility map with five classes. The results reveal spatial 

variability in flood risk across the country. Approximately 5.8% of Bangladesh falls within the very high 

susceptibility zone, followed by 16.4% in high, 15.6% in moderate, 11.3% in low, and 50.8% in very low 

susceptibility zones. This comprehensive assessment provides valuable insights for flood risk mitigation, land-use 

planning, and disaster preparedness. The study offers a scientific foundation for informed decision-making by 

identifying areas most at risk. It supports the development of effective, data-driven flood management strategies 

for a safer and more resilient Bangladesh. 
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1 Introduction 

Bangladesh is located at the intersection point of the Brahmaputra, Meghna and Ganges rivers. It is one of the 

world’s most flood-prone nations. Its location at the downstream end of major transboundary basins exposes it to 

compounded flood risks from upstream rainfall and glacial runoff. Orographic uplift along the Himalaya, Arakan, 

and Meghalaya ranges drives exceptionally high monsoon precipitation, ranging from approximately 1500 mm in 

the west-central zone to over 4 000 mm in the northeast with more than 80% of this rainfall concentrated in just a 

few months. These intense rainfall events, coupled with low topographic relief, natural drainage congestion, and 

rapid, unplanned urbanization, especially the expansion of impervious surfaces in cities like Dhaka significantly 

increase runoff volumes and exacerbate flood hazards across both urban and rural areas. (Thakur et al., 2020) 

To support improved planning, flood preparedness, and emergency management, this study integrates the 

Analytical Hierarchy Process (AHP) with a GIS-based spatial analysis at a national scale. (Siam et al., 2022) While 

previous applications of AHP, ANP, and fuzzy-AHP in Bangladesh have assessed flood susceptibility using 

variables like elevation, slope, drainage density, rainfall, distance to rivers, and land-use, none have included the 

Standardized Precipitation Index (SPI) a key metric for capturing rainfall variability and hydrometeorological 

extremes. (Khan, 2008). This study addresses that gap by incorporating SPI alongside five other critical factors: 

elevation, slope, drainage density, distance to rivers, and land-use/land-cover. Using pair-wise comparison 

matrices, each factor was assigned a relative weight, and the resulting composite flood-hazard index offers a more 

holistic, accurate, and timely representation of spatial flood susceptibility (Alarifi et al., 2022). The map produced 

provides a practical tool for policymakers, researchers, and disaster managers aiming to reduce the environmental 

and socioeconomic impacts of floods in Bangladesh. 
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2 Study Area 

Bangladesh, located in the South Asian region, lies between longitudes 88°01′ and 92°41′ E  and latitudes 20°34′ 

and 26°38′ N, covering the Ganges-Brahmaputra-Meghna River delta (GBM basin). It is an approximate area of 

147,570 km² with an estimated population of 162.7 million people, and about 7% of the area is comprised of rivers 

and water bodies that are found inland. The country is mainly comprised of floodplains and is marked by the largest 

delta in the world, with approximately 75% of its area being below sea level. Bangladesh is divided into five 

distinct regions both administratively and physiographically: North Bengal, Southwest, Tippera-Comilla, 

Northeast, and Chittagong, which is traversed by the three main rivers and various distributaries. The confluence 

of the three rivers results in very high levels of water discharge during the monsoon, every year. The average 

rainfall is approximately 2,200 mm in the west-central part and 2,500 mm in the eastern regions, while June and 

September account for almost 80% of total yearly rainfall, typical temperatures range between 25 and 35 degrees 

Celsius throughout the year (Gigović et al. 2017). The confluence of low-lying terrain, a tropical climate, and its 

role as the drainage basin discharge for the GBM basin renders it very susceptible to flooding. 

 
Figure 1 Projection of Bangladesh as Study Area 

3 Methodology 

3.1 Data Collection 

All spatial datasets were processed in a GIS platform to compute critical indicators. Then the Analytical Hierarchy 

Process was applied, using pairwise comparisons to determine the corresponding significance of each flood-

susceptibility criterion. Finally, those derived weights were overlaid on the spatial layers to produce a high-

resolution flood-susceptibility map. 

 

 
Figure 2 Schematic Illustration of the Methodological Framework 

3.1.1 Digital Elevation Model (DEM) 

High-resolution DEMs are the backbone of runoff and flood modeling: water flows downslope, so flood risk peaks 

in low-lying terrain (Siam et al., 2021) and declines with height (Choubin et al., 2019). Accurate grids enable 

realistic hydraulic simulations, yet many omit small depressions or man-made features, especially where surveying 

is sparse, limiting susceptibility studies. Using ArcGIS “Extract by Mask,” we reclassified the DEM into five Jenks 

classes; Chittagong and Panchagarh fall in the highest band (851–1 100 m) and the southern–northeastern districts 

in the lowest (200–450 m), revealing a northwest-to-southeast drainage gradient. 
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3.1.2 Slope 

Slope gradient, the angle of the land surface from the horizontal directly controls how quickly and in what 

direction rainwater moves (Gigović et al. 2017). Gentle slopes slow runoff, allowing water to pool and increasing 

flood risk, whereas steeper terrain promotes rapid drainage and lower susceptibility (Fenton 2019; Rimba et al. 

2017). A high-resolution slope layer was derived in ArcGIS from the DEM using standard spatial analysis tools. 

After calculating each cell’s inclination, slope values were mapped into classes, which reveal that Chittagong 

Division features predominantly hilly terrain (slopes ranging from 7.71 to 52 m), while Sylhet and Rajshahi 

Divisions consist mainly of flatlands (0 to 1.70 m). 

 

 

 
Figure 3 Elevation, Slope, LULC, Distance from River, SPI and Drainage Density Map 

3.1.3 Drainage Density 

Drainage density (D) gauges flood potential: denser channel networks route runoff faster, raising peak flows 

(Kalédjé et al., 2019). It is calculated as 

D =
ΣL

A
 

where A is watershed area (km²) and ∑L is total stream length (km) (Ogato et al., 2020). A river-network raster 

built in ArcGIS was split into five Jenks classes: very low (0–0.03 km km⁻²), low (0.03–0.06), medium (0.06–

0.09), high (0.09–0.12), and very high (> 0.12). Northern districts, especially Sylhet, cluster in the high–very-high 

range (≈0.09–0.12 km⁻²), whereas the southern plains and Chittagong register low values (< 0.06), mirroring 

observed flood-event severity patterns (Dinesh Kumar et al., 2007). 

3.1.4 Distance from River 

Flood risk declines with distance from rivers (Souissi et al., 2020; Fernández & Lutz, 2010). A Euclidean‐distance 

raster derived from the national river network was re-classified into five Jenks classes: very near (0–0.5 km), near 

(0.5–1.5 km), moderate (1.5–3 km), far (3–6 km), and very far (> 6 km). Pixels within 0.5 km of channels mark 

the highest-susceptibility belt, particularly across Sylhet and the southern delta, where dense waterways dominate 

the “very-near” class. Central floodplains display wider moderate-to-far zones, indicating reduced but still notable 

riverine influence. 
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3.1.5 Standardized Precipitation Index (SPI) 

Standardized Precipitation Index (SPI) quantifies precipitation anomalies as standard‐deviation departures from 

the long‐term mean, providing a normalized measure of wet and dry periods (McKee et al. 1993). SPI for a given 

timescale is calculated by fitting monthly rainfall (P) to a gamma distribution, transforming the cumulative 

probability to a standard normal variate, and computing 

 

SPI =
P−μ

σ
             (2) 

μ and σ represent the mean and standard deviation of the fitted distribution. In ArcGIS, a stack of gridded 

precipitation raster for the target period was processed, then applied the distribution fitting and transformation via 

a Python script in ArcGIS, then clipped the output with Extract by Mask. The resulting SPI raster was classified 

into five Jenks natural‐breaks classes: severe dry (–1.258 to –0.491), moderate dry (–0.490 to –0.207), near‐normal 

(–0.206 to 0.040), moderate wet (0.041 to 0.362), and very wet (0.363 to 1.158). The resulting SPI map shows 

northeastern Bangladesh predominantly in the very wet class, central areas in the near‐normal band, and isolated 

pockets in the northwest and southwest falling into the moderate to severe dry classes highlighting pronounced 

spatial variability in rainfall anomalies. 

3.1.6 Land Use and Land Cover  

Land-use/land-cover (LULC) governs infiltration and runoff, shaping local flood behavior. A supervised 

maximum-likelihood classification of recent satellite imagery in ArcGIS clipped to the study area yielded seven 

classes: forest (dark green), cropland (light green), grassland (pink), barren land (yellow), urban areas (red), 

waterbodies (blue), and wetlands (cyan). Cropland dominates the central floodplain, forests cluster in the eastern 

hills and Sundarbans, and wetlands line rivers and the southern coast, all moderating flow. In contrast, impervious 

urban pockets around Dhaka and Chittagong and sparsely vegetated barren zones create high-runoff hotspots. 

Waterbody pixels mirror the GBM river network, marking principal flow paths and revealing where land cover 

either amplifies or attenuates flood risk. 

3.1.7 Analytical Hiearchy Process 

Factor (unit) Intervals (approx.) Score (Class) / RI 

Drainage density 

(km/km²) 

0–11.5, 11.5–23.1, 23.1–34.6, 34.6–46.1, 46.1–

57.7 

1 (VL)/1, 2 (L)/1, 3 (M)/1, 4 (H)/1, 

5 (VH)/1 

Distance to river (m) 
0–7.9 k, 7.9–17.7 k, 17.7–29.6 k, 29.6–44.3 k, 

44.3–77.9 k 

5 (VH)/2, 4 (H)/2, 3 (M)/2, 2 (L)/2, 

1 (VL)/2 

SPI (mm) 
–1.26––0.49, –0.49––0.21, –0.21––0.04, 0.04–

0.36, 0.36–1.16 

1 (VL)/3, 2 (L)/3, 3 (M)/3, 4 (H)/3, 

5 (VH)/3 

Elevation (m) –55–33, 33–106, 106–242, 242–463, 463–1,045 
5 (VH)/4, 4 (H)/4, 3 (M)/4, 2 (L)/4, 

1 (VL)/4 

LULC — 1–5 (VL–VH)/5 

Slope (°) 0–2.1, 2.1–6.9, 6.9–14.4, 14.4–24.7, 24.7–76.6 
5 (VH)/6, 4 (H)/6, 3 (M)/6, 2 (L)/6, 

1 (VL)/6 

 
 

Table 1 Suitability classifications, scores, and the comparative importance of each flood conditioning factor 
 

Table 2 Pairwise comparison matrix and weights (WI) 

Flood conditioning 

factors (C) 

Drainage 

density 

Distanc

e from 

rivers 

SPI Elevation LULC 

 

Slope Weight 

Drainage density 1 2 3 4 5 6 37.93574079 

Distance from 

rivers 

0.5 1 2 3 4 5 24.88300733 

SPI 0.3333 0.5 1 2 3 4 16.04337287 

Elevation 0.25 0.3333 0.5 1 2 3 10.24411928 

LULC 0.2 0.25 0.3333 0.5 1 2 6.549421763 
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Slope 0.1667 0.2 0.25 0.33333 0.5 1 4.344337974 
 

The Analytical Hierarchy Process assigned priorities via Saaty’s pair-wise matrix, giving drainage density the 

greatest influence (weight ≈ 37.9 %), followed by distance-to-river (24.9 %), SPI (16.0 %), elevation (10.2 %), 

LULC (6.6 %) and slope (4.3 %). These normalized weights that were extracted from the six-factor comparison 

matrix guided the weighted overlay that produced the composite flood-susceptibility index. 

 

4. Results 

The definitive flood-susceptibility surface of Bangladesh (Fig. 4) was produced by linearly combining the six 

conditioning factors: drainage density, distance from river, SPI, elevation, land-use/land-cover (LULC) and slope 

using the AHP-derived weights. Because the index is continuous, a manual Jenks natural-breaks classification was 

adopted to partition the raster into five discrete susceptibility zones. Table 3 reports the area share of each class, 

while the corresponding colour ramp is shown in Fig. 4. Table 4 disaggregates the composite index by 

Bangladesh’s eight administrative divisions, listing the absolute area (km²) in each susceptibility class together 

with the percentage of the division’s landmass that the figure represents. Overall, 37.8 % of Bangladesh falls within 

the moderate-to-very-high classes, underscoring the country’s systemic exposure to fluvial and pluvial flooding. 

The preponderance of pixels in the very-low category reflects the elevated Barind and Madhupur Terraces as well 

as the northern Piedmont margins, whereas the high and very-high belts trace the Jamuna-Padma-Meghna trunk 

system, the Sylhet Basin, and the dissected valleys of the Chittagong Hill Tracts (CHT). 

These proportions are broadly consistent with earlier national-scale assessments: Siam et al. (2022) reported 35–

40 % of Bangladesh in high or very-high classes using a hybrid XGBoost-AHP framework, while Rahman et al. 

(2019) mapped 38 % as highly susceptible via a bivariate frequency ratio approach. Likewise, the annual 

inundation footprint published by the Flood Forecasting and Warning Centre (FFWC) averages c. 48 700 km² (~33 

%), a figure that sits squarely between our high and very-high swath (22 %) and the broader moderate-to-very-

high domain.  

 

 
Figure 4: Flood Susceptibility Map 

Table 3. National-level distribution of flood-susceptibility classes (km²). 

Susceptibility Class Index range Area (km²) 
Share of Total territory 

(%) 

Very low 1.081 -2.760 73 648 50.8 

Low 2.761 – 2.890 16 453 11.3 

Moderate 2.891 – 3.140 22 650 15.6 

High 3.141 – 3.500 23 625 16.4 

Very high 3.501 – 4.512 8 203 5.8 

 

Table 4. Division-wise flood-susceptibility areas by class (km²). 
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Administrative division Very Low Low Moderate High Very High Division total 

Barisal 1 024 1 333 3 400 2 978 381 9 116 

Chittagong 751 1 325 5 733 13 347 10 493 31 649 

Dhaka 29 395 4 006 12 073 4 574 21 077 

Khulna 2 735 2 737 6 722 6 844 988 20 026 

Mymensingh 92 391 1 638 5 962 4 043 12 125 

Rajshahi 460 1 853 3 885 7 607 5 242 19 047 

Rangpur 1 444 4 744 5 506 4 001 1 825 17 520 

Sylhet 266 1 727 3 480 6 171 2 373 14 018 

National total 6 801 14 506 34 371 58 983 29 919 144 579 
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