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Obijective: Accurate floodplain mapping using remote sensing data plays a vital role in
crisis management, damage reduction, and effective planning for natural hazards. The
present study was conducted to compare the performance of a visual threshold-based
approach using the Normalized Difference Vegetation Index (NDVI) and an automated
Object-Based Image Analysis (OBIA) approach for floodplain extraction in the Karganrud
Watershed, Talesh County.

Methods: Sentinel-2 imagery acquired during the September 2020 flood event was used
in this study. In the visual approach, floodplain areas were extracted through visual image
interpretation and analysis of spectral indices. In the automated approach, the image was
first segmented into homogeneous objects and then classified based on spectral, textural,
geometric, and spatial features. To evaluate the results, 194 reference points, including
100 flood points and 94 non-flood points, were used, and the performance of the two
methods was compared using evaluation metrics such as Overall Accuracy (OA) and the
Kappa coefficient.

Results: The results showed that although the NDVI-based method successfully identified
a large proportion of flood-affected areas, it overestimated the flood extent due to its
reliance on a single spectral index. The extracted flood area was 540.81 kmz?, with an
Overall Accuracy of 49.5%, a Kappa coefficient of —0.041, a Precision of 50.5%, a Recall
of 96.0%, and an Fl-score of 66.2%. In contrast, the OBIA approach, by integrating
spectral, textural, geometric, and spatial features, extracted a flood area of 240.26 km2 and
achieved an Overall Accuracy of 93.3%, a Kappa coefficient of 0.866, a Precision of
90.7%, a Recall of 97.0%, and an F1-score of 93.7%, demonstrating substantially better
performance than the NDVI-based method.

Conclusion: Comparison of the results indicated that the OBIA approach, by reducing
classification errors caused by spectral similarity, providing more accurate delineation of
floodplains, and substantially improving the evaluation metrics, outperformed the visual
NDVI-based approach in floodplain extraction. Therefore, the use of Object-Based Image
Analysis combined with the Random Forest algorithm can be recommended as an
effective approach for producing accurate flood maps and supporting flood risk
management and damage reduction planning in similar watershed areas.
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Introduction

Floods are among the most widespread and destructive natural hazards worldwide, causing substantial
damage to infrastructure, agricultural lands, natural resources, and human settlements. The increasing
frequency and intensity of extreme hydrometeorological events associated with climate change have
highlighted the need for rapid and accurate flood inundation mapping to support disaster risk
reduction, emergency response, and sustainable land-use planning. Reliable delineation of flooded


https://jhsci.ut.ac.ir/
https://orcid.org/0000-0001-7571-8808
https://orcid.org/0000-0001-7571-8808
https://orcid.org/0000-0001-7571-8808
https://orcid.org/0000-0001-7571-8808
https://orcid.org/0000-0001-7571-8808

114 Environmental Hazards Management, Volume 13, Issue 2, 2026

areas provides essential information for hazard assessment, mitigation planning, and post-disaster
management.

Advances in remote sensing have significantly improved flood monitoring by enabling the rapid
acquisition of spatially continuous data over large areas. Optical satellite imagery, particularly
Sentinel-2, has become one of the most widely used data sources for flood mapping because of its high
spatial resolution, free availability, and rich spectral information. Nevertheless, conventional spectral
index-based methods often encounter difficulties in heterogeneous environments where floodwater
exhibits spectral characteristics similar to moist soils, bare land, shadows, or damaged vegetation.

The Korganrud Watershed in Talesh County, northern Iran, is highly susceptible to flooding
because of its mountainous topography, high rainfall variability, dense drainage network, and complex
land-cover conditions. The September 2020 flood event caused extensive inundation throughout the
watershed, providing an appropriate case study for evaluating different flood mapping approaches.
Therefore, the objective of this study was to compare the performance of a visual NDVI thresholding
approach with an automated Object-Based Image Analysis (OBIA) framework integrated with the
Random Forest algorithm for flood inundation mapping in the Korganrud Watershed.

Method

This study was carried out in the Korganrud Watershed, Talesh County, using remote sensing,
Geographic Information System (GIS), and machine-learning techniques. Sentinel-2 imagery acquired
during the September 2020 flood event served as the primary dataset. In addition, fourteen
environmental variables representing topographic, hydrological, climatic, geological, soil, and land-
use conditions were prepared and integrated into a GIS environment.

In the first approach, flood inundation areas were extracted using a visual thresholding method
based on the Normalized Difference Vegetation Index (NDVI). Different threshold values were
evaluated, and the optimum threshold was selected to distinguish flooded from non-flooded areas. A
binary flood inundation map was subsequently generated by classifying pixels below the selected
threshold as flooded.

In the second approach, an automated Object-Based Image Analysis (OBIA) framework was
implemented. The Sentinel-2 image was initially segmented into homogeneous image objects.
Subsequently, multiple object-level attributes, including spectral, statistical, textural, geometric, and
spatial characteristics, together with the environmental variables, were extracted for each image object.
These object features were then classified using the Random Forest algorithm to distinguish flooded
from non-flooded objects. By integrating object characteristics and spatial context, the OBIA
framework effectively reduced classification noise and improved flood delineation.

Model performance was evaluated using 194 reference samples, including 100 flood and 94 non-
flood locations. The outputs of both approaches were assessed using a confusion matrix and several
accuracy metrics, including Overall Accuracy (OA), the Kappa coefficient, Precision, Recall, and F1-
score. In addition, the total flood inundation area estimated by each method was calculated and
compared.

Results

The results revealed substantial differences between the two flood mapping approaches. Although the
NDVI thresholding method successfully identified most flooded areas, its dependence on a single
spectral indicator resulted in considerable overestimation of flood extent. The total flood inundation
area extracted by this approach was 540.81 km2,

Accuracy assessment showed that the NDVI method achieved an Overall Accuracy of 49.5%, a
Kappa coefficient of —0.041, a Precision of 50.5%, a Recall of 96.0%, and an F1-score of 66.2%.
While the high Recall value indicates that most flooded areas were correctly identified, the low
Precision, Overall Accuracy, and negative Kappa coefficient demonstrate that many non-flooded areas
were incorrectly classified as flooded.

In contrast, the OBIA approach produced a more realistic representation of flood inundation. Image
segmentation generated 4,463 homogeneous objects, including 1,258 flood objects and 3,205 non-
flood objects. Following Random Forest classification and raster conversion at a spatial resolution of
30 m, the estimated flood inundation area was 240.26 km2.
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The OBIA framework substantially outperformed the NDVI approach, achieving an Overall
Accuracy of 93.3%, a Kappa coefficient of 0.866, a Precision of 90.7%, a Recall of 97.0%, and an F1-
score of 93.7%. These findings demonstrate that integrating spectral, textural, geometric, spatial, and
environmental information significantly improves flood inundation mapping accuracy compared with
a single-index thresholding approach.

Conclusions

This study compared a visual NDVI thresholding method with an automated Object-Based Image
Analysis (OBIA) framework integrated with the Random Forest algorithm for flood inundation
mapping in the Korganrud Watershed. The results demonstrated that although the NDVI-based
approach provides a rapid and straightforward means of identifying potentially flooded areas, its
reliance on a single spectral feature leads to considerable overestimation of flood extent and reduced
classification accuracy, particularly in environmentally heterogeneous landscapes.

Conversely, the OBIA framework significantly improved flood mapping performance by
integrating spectral, textural, geometric, spatial, and environmental information within a machine-
learning classification framework. The substantial improvements observed in Overall Accuracy,
Kappa coefficient, Precision, Recall, and F1-score indicate that the proposed approach provides a
more reliable representation of actual flood inundation patterns.
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1. Object-Based Image Analysis: OBIA
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