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ABSTRACT

	Floods remain among the most recurrent and destructive natural hazards worldwide, with their frequency and magnitude projected to increase under global climate change. Robust and context-sensitive flood susceptibility mapping is therefore essential for advancing disaster risk reduction, adaptive land use planning, and climate resilience. Geographic Information Systems (GIS) provide a spatially explicit platform for integrating hydrological, geomorphological, and anthropogenic data. Building on this foundation, multi-criteria decision analysis techniques, particularly the Analytical Hierarchy Process (AHP), offer structured frameworks for incorporating expert judgment and socio-environmental complexity. This paper presents a comparative evaluation of two methodological paradigms: a GIS-based statistical model employing the Relative Frequency Ratio (RFR), and a GIS–AHP framework that combines spatial analysis with expert-driven weighting of hydrological, morphometric, land cover, and anthropogenic parameters. The GIS-RFR approach demonstrates high predictive accuracy through empirical correlations between flood inventories and conditioning factors, while the GIS–AHP model enhances inclusivity by integrating multiple dimensions of environmental and human drivers, validated against remote sensing data. Comparative analysis highlights the methodological trade-offs between the objectivity and reproducibility of statistical modeling versus the adaptability and contextual sensitivity of expert-based decision frameworks. The synthesis emphasizes that no single approach is universally superior, rather, methodological choice should be guided by data availability, regional hydrological conditions, and policy priorities. Future directions point toward hybrid frameworks that integrate statistical rigor, expert knowledge, and machine learning, thereby reducing uncertainty and enhancing the actionable value of susceptibility maps.
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1. INTRODUCTION

Floods are among the most frequent and destructive natural hazards, causing extensive socio-economic damage, environmental degradation, and loss of human lives globally (Ullah & Zhang, 2020; Nsangou et al., 2022). Each year, approximately 170 million people are affected, making floods one of the most catastrophic climate-related disasters (Swain, Singha, & Nayak, 2020; Khosravi et al., 2019). Flood is also characterized as hydrological hazards in which water overflows onto normally dry land, floods pose substantial threats to human life, agricultural productivity, infrastructure, communication networks, cultural heritage, and ecosystems. The severity and nature of their impacts are influenced by factors such as geomorphology, land use patterns, and the effectiveness of risk management strategies (Samanta et al., 2018; Zou et al., 2013; Calil et al., 2015).

Climate change has exacerbated flood risks by intensifying extreme precipitation events, altering hydrological cycles, and increasing rainfall variability, particularly in monsoon-dependent regions (Munir, 2022; Murali & Srinivasan, 2025; Kundzewicz et al., 2014). Moreover, rapid urbanization, deforestation, and unplanned land use change have compounded the impacts of flooding by reducing infiltration, increasing runoff, and exposing vulnerable populations and assets to recurrent flood events (Swain et al., 2020; Pimenta et al., 2025). Developing nations in Asia, Africa, and Latin America face disproportionate risks due to fragile infrastructure, inadequate disaster preparedness, and limited adaptive capacity (Ullah & Zhang, 2020; Addis, 2023; Hirabayashi et al., 2013; Winsemius et al., 2016).

To address these challenges, flood susceptibility mapping has become a critical tool for disaster risk reduction (DRR), sustainable land use planning, and climate-resilient development (Swain et al., 2020; Pimenta et al., 2025). Flood susceptibility maps identify areas at varying levels of risk by integrating hydrological, topographic, climatic, and anthropogenic variables (Ullah & Zhang, 2020; Rahman et al., 2023). Advances in Geographic Information Systems (GIS) and Remote Sensing (RS) have transformed flood modeling by enabling the integration of spatially explicit datasets, high-resolution imagery, and digital elevation models (Garg et al., 2024; Megahed et al., 2023). These tools allow for more accurate assessment of flood-prone zones, especially in data-scarce regions where conventional hydrological and hydraulic models are difficult to implement (Nsangou et al., 2022; Tehrany, Pradhan, & Jebur, 2014). Moreover, combining machine learning techniques with multi-criteria decision-making approaches has been shown to significantly improve the precision and reliability of flood susceptibility assessments across varied landscapes (Al-Ruzouq et al., 2024; Ghassan Abdo et al., 2024).

Beyond GIS-based statistical approaches, Multi-Criteria Decision Analysis (MCDA) techniques have been widely applied to capture the multidimensional nature of flood risk (Swain et al., 2020; Pimenta et al., 2025). Among these, the Analytical Hierarchy Process (AHP) remains one of the most frequently used frameworks, enabling structured weighting of diverse flood conditioning factors (Mitra et al., 2022; Swain et al., 2020). AHP combines expert knowledge with quantitative datasets, offering flexibility for regional-scale flood risk assessments (Pimenta et al., 2025; Murali & Srinivasan, 2025). However, its reliance on expert judgment introduces subjectivity and potential bias, warranting comparative analyses with purely data-driven approaches (Ullah & Zhang, 2020; Megahed et al., 2023). Statistical models such as the Relative Frequency Ratio (RFR) method, for example, offer a robust alternative by empirically quantifying correlations between flood occurrences and causative factors (Ullah & Zhang, 2020; Addis, 2023; Tehrany et al., 2014).

This review focuses on a comparative evaluation of two case studies that exemplify these distinct methodological paradigms. Ullah and Zhang (2020) employed a GIS-based RFR approach to delineate flood susceptibility zones in the Panjkora River Basin, Pakistan, integrating parameters such as elevation, slope, land use, NDVI, topographic wetness index, drainage density, and rainfall. In contrast, Murali and Srinivasan (2025) applied a GIS–AHP framework to the Chalakudy River Basin, India, using multiple hydrological, morphometric, land cover, and anthropogenic factors, with weights assigned through expert-based pairwise comparisons. Together, these studies provide an opportunity to critically assess the methodological trade-offs between empirical-statistical and expert-driven MCDA approaches.

The research addresses three core questions: (i) How do GIS-RFR models compare with GIS–AHP frameworks in terms of accuracy, robustness, and applicability across diverse landscapes? (ii) What are the methodological implications of relying on empirical correlations versus expert-derived weightings? (iii) How can insights from these approaches advance climate resilience and inform integrated flood risk management strategies? By answering these questions, this study contributes to the growing body of scholarship linking geospatial technologies, climate adaptation, and sustainable environmental management (Rahman et al., 2023; Swain et al., 2020; Pimenta et al., 2025).

2. SUMMARY OF REVIEWED ARTICLES

2.1 GIS-Based RFR Method in Panjkora River Basin, Pakistan
Ullah and Zhang (2020) employed GIS and Relative Frequency Ratio (RFR) model to delineate flood-prone areas in the Panjkora River Basin in the eastern Hindu Kush, Pakistan. The study utilized an inventory of 154 flood locations from the 2010 flood events, with 70% of the locations used for training and 30% for validation. Eight conditioning factors were considered: slope, elevation, land use/land cover (LULC), Normalized Difference Vegetation Index (NDVI), topographic wetness index (TWI), drainage density, curvature, and rainfall. These variables were processed into GIS-based thematic layers, resampled at 30×30 m resolution, and reclassified using the natural break method. The RFR model quantified the relationship between each factor and flood occurrences, a technique widely recognized in susceptibility mapping due to its statistical simplicity and interpretability (Tehrany et al., 2017; Rahmati et al., 2016). Similar approaches have been applied in Iran and India with effective results in integrating hydrological and terrain factors (Khosravi et al., 2019; Samanta et al., 2018). Validation using Receiver Operating Characteristic (ROC) analysis yielded Area Under Curve (AUC) values of 82.04% (success) and 84.74% (prediction), confirming model reliability and predictive capacity for flood susceptibility mapping in data-scarce mountainous environments (Ullah & Zhang, 2020).

2.2 GIS-AHP Method in Chalakudy River Basin, India
Murali and Srinivasan (2025) applied a GIS–AHP approach to assess flood susceptibility in the Chalakudy River Basin, Kerala, India. The study incorporated 12 key factors grouped into hydrological (precipitation, river network density), morphometric (elevation, slope, distance from rivers), land cover dynamics (LULC, NDVI, NDWI, SAVI), and anthropogenic parameters (distance from roads, settlements). Weights were assigned to each parameter using pairwise comparisons in the AHP framework, ensuring a Consistency Ratio (CR) of 4.8%, below the 10% threshold, consistent with Saaty’s (1980) recommendations for decision-making reliability. Flood susceptibility maps were generated through weighted linear combination and validated against Sentinel-1 SAR imagery of the 2018 Kerala floods, a technique widely recognized for capturing real-time inundation patterns (Alfieri et al., 2018; Li et al., 2019). Results showed 7.41% of the basin as very highly susceptible and 47.69% as highly susceptible to flooding, underscoring the dominant influence of morphometric and anthropogenic drivers. The integration of AHP with remote sensing and GIS reflects broader trends in flood risk modeling, where multi-criteria decision analysis improves spatial precision and policy relevance (Agnihotri et al., 2019; Kazakis et al., 2015). Such approaches demonstrate the utility of combining statistical consistency with geospatial realism in flood hazard assessment.

3. COMPARATIVE ANALYSIS
The two studies exemplify contrasting yet complementary approaches to flood susceptibility mapping. While Ullah & Zhang (2020) relied on a data-driven, statistical model, Murali & Srinivasan (2025) integrated expert judgment through AHP to incorporate multiple data dimensions. This section compares their methodologies, datasets, validation strategies, and findings.

3.1. Methodological Framework
The GIS-RFR method (Ullah & Zhang, 2020) is a purely statistical approach that establishes probabilistic correlations between past flood events and causative factors. By contrast, the GIS-AHP method (Murali & Srinivasan, 2025) incorporates expert judgment in assigning weights to parameters, introducing subjectivity but allowing multi-criteria decision analysis (MCDA) flexibility.
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Fig. 1. GIS-RFR Methodology (Ullah & Zhang, 2020)           Fig. 2. GIS-AHP Methodology (Murali & Srinivasa, 2025)

3.2.  Data Sources and Parameters
Both studies employed remote sensing and GIS datasets for flood susceptibility analysis, yet they differed in the selection and categorization of parameters. Ullah and Zhang (2020) implemented a data-driven GIS-RFR approach, emphasizing the use of historical flood inventories and geomorphological parameters. Their study incorporated curvature alongside standard hydrological and morphometric factors, providing a statistically robust framework for model training and validation using 154 historical flood locations. In contrast, Murali and Srinivasan (2025) adopted a GIS-AHP methodology that integrated both biophysical and anthropogenic variables. This included multiple vegetation indices, such as the Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), and Soil Adjusted Vegetation Index (SAVI), along with proximity measures to roads and settlements. The inclusion of anthropogenic factors in the GIS-AHP model highlights the increasing recognition of human-induced influences on flood dynamics.

Table 1. Comparative summary of parameters
	Parameter Category
	GIS-RFR (Ullah & Zhang, 2020)
	GIS-AHP (Murali & Srinivasan, 2025)

	Hydrological
	Rainfall
	Rainfall, River Network Density

	Morphometric
	Elevation, Slope, Drainage Density, Curvature
	Elevation, Slope, Distance from Rivers, TWI

	Land Use / Vegetation
	LULC, NDVI
	LULC, NDVI, NDWI, SAVI

	Anthropogenic
	None
	Distance to Roads, Distance to Settlements

	Other
	Flood inventory (154 locations)
	Expert judgment weights (AHP)



This comparison illustrates how GIS-RFR relies primarily on quantitative, historically observed datasets, ensuring objectivity and reproducibility, whereas GIS-AHP incorporates expert knowledge and human-environment interactions, offering flexibility in regions with limited historical flood records. The choice of parameters directly affects the sensitivity and predictive accuracy of the flood susceptibility maps, underlining the importance of tailored parameter selection based on local environmental and socio-economic conditions.

3.3. Validation and Approaches
Ullah and Zhang (2020) validated their results statistically using ROC and AUC, achieving strong predictive power (AUC = 82.04% for success and 84.74% for prediction). This approach is objective and reproducible, especially in areas with detailed historical flood records. Their results showed that about 15% of the basin fell into high and very high flood susceptibility zones, corresponding to areas historically affected by floods. These findings underscore the statistical robustness and transferability of the RFR method when sufficient historical and geomorphological data are available. On the other hand, Murali and Srinivasan (2025) used Sentinel-1 SAR imagery, enabling real-world validation of inundation patterns. This provided realistic spatial results, though it was limited to a single flood event. The model showed a Consistency Ratio of 4.8% and classified around 55% of the basin as high and very high flood-risk zones, demonstrating strong agreement with observed flood patterns. 

Table 2. Comparative validation results
	Study
	Validation Method
	Metric
	Flood Susceptibility High Zones

	Ullah & Zhang (2020)
	ROC Curve (AUC)
	AUC Success: 82.04%, Prediction: 84.74%
	15% of basin (High & Very High)

	Murali & Srinivasan (2025)
	Sentinel-1 SAR Flood Inundation
	Consistency Ratio 4.8%, spatial match with SAR imagery
	55% of basin (High & Very High)



Collectively, the comparison highlights the trade-offs between statistical and remote-sensing-based validation methods. Statistical validation offers robust quantitative assessment and general applicability, whereas SAR-based validation enhances spatial accuracy and realism but may be limited in temporal scope. These differences underscore the importance of selecting validation techniques aligned with study objectives, available data, and regional flood dynamics.

4. SYNTHESIS AND IMPLICATIONS

GIS-RFR and GIS–AHP approaches highlight how statistical and expert-driven flood susceptibility models each bring unique strengths and limitations. GIS-RFR shows that data-driven statistical models can provide highly accurate predictions when reliable historical flood records are available. Its main advantages lie in their objectivity, reproducibility, and ease of validation using metrics like ROC-AUC. This makes RFR and similar statistical approaches particularly useful in regions with well-documented hydrological data, where planners and decision-makers need solid, quantitative guidance for infrastructure development, zoning, and emergency management.

In contrast, the GIS–AHP framework emphasizes flexibility and contextual sensitivity by integrating diverse datasets, including anthropogenic factors such as proximity to settlements and roads, alongside multiple hydrological, morphometric, and vegetation indices. This enables a more comprehensive assessment of flood susceptibility that accounts for human-environment interactions, making it particularly valuable in rapidly urbanizing or data-sparse regions. However, its reliance on expert judgment introduces subjectivity, potentially affecting reproducibility and transferability. Ensuring transparency and incorporating participatory approaches in the weighting process can mitigate these limitations, enhancing credibility for policy and planning applications.

Both studies show that there is no single method that works best in all situations. Instead, the choice of methodology should depend on factors such as data availability, landscape features, and regional management priorities. Statistical models provide rigor and objectivity, while MCDA-based approaches offer flexibility and the ability to account for socio-environmental complexity. Combining these approaches in hybrid frameworks can capture the strengths of both: for example, integrating GIS–AHP with machine learning or ensemble statistical models can reduce subjectivity, improve predictive accuracy, and help quantify uncertainty.

From a broader perspective, the findings carry significant implications for climate adaptation and disaster risk reduction. Incorporating dynamic factors such as climate change projections, land use trends, and socio-economic vulnerability into flood susceptibility assessments can improve the relevance and actionability of these models for long-term resilience planning. Such integrative approaches align with sustainable spatial planning objectives, enabling policymakers, urban planners, and emergency managers to prioritize interventions, allocate resources efficiently, and enhance community resilience against increasingly frequent and severe flood events.

Ultimately, this comparative evaluation reinforces the need for methodological pluralism in flood risk assessment. By bridging empirical rigor with expert-informed contextual insights, researchers and practitioners can produce susceptibility maps that are not only scientifically robust but also socially and policy-relevant, supporting climate-resilient development and evidence-based flood governance.

4. Conclusion

This comparative review demonstrates that GIS-RFR and GIS–AHP approaches offer complementary strengths for flood susceptibility mapping. GIS-RFR provides objectivity, reproducibility, and high predictive accuracy, particularly in data-rich contexts, whereas GIS–AHP introduces flexibility and contextual sensitivity by integrating anthropogenic and environmental variables, proving valuable in data-scarce or rapidly changing regions. No single method is universally optimal, methodological choice should reflect data availability, landscape characteristics, and policy objectives. Hybrid frameworks that combine statistical rigor with expert-informed weighting and machine learning have the potential to reduce subjectivity, enhance predictive performance, and quantify uncertainty. Integrating climate change projections, land use dynamics, and socio-economic vulnerability into flood modeling is essential for long-term resilience planning. Overall, flood susceptibility mapping serves as a strategic tool for evidence-based decision-making, enabling policymakers, planners, and communities to prioritize interventions, allocate resources efficiently, and strengthen resilience against increasingly frequent and severe flood events.
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