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Predicting flood-prone areas to enhance crisis management has been a
critical focus of research in recent years. The present study aims to introduce
a novel and robust hybrid method for identifying flood-vulnerable zones in
Tehran. For this purpose, a Convolutional Neural Network (CNN) was
integrated with the Harris Hawks Optimization (HHO) algorithm to improve
predictive accuracy. To compile flood inventory data, historical flood
records, social media reports, and datasets from relevant organizations were
analyzed, resulting in a map of 157 documented flood events. The dataset
was divided into training (70%) and validation (30%) subsets. Nine
influential parameters were selected as independent variables: elevation,
slope, rainfall, Stream Power Index (SPI), Topographic Wetness Index
(TWI), distance from rivers, river density, geology, and land use. The
model’s performance was evaluated using metrics such as Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), Sensitivity, Specificity,
Accuracy, and the Area Under the ROC Curve (AUC-ROC). The AUC-ROC
value demonstrated exceptional predictive accuracy (95%) for the CNN-
HHO hybrid model. Furthermore, the results of other metrics—Accuracy
(55.92%), Specificity (79.5%), Sensitivity (48.9%), MAE (0.165), and
RMSE (0.277)—confirmed the model’s robust capability in flood zonation
mapping. The findings highlight the effectiveness of the proposed CNN-
HHO hybrid model, suggesting its potential as a reliable tool for flood
prediction in other regions facing similar hydrological risks.
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Table 1. Flood history

Year Region

1954 Farahzad-Northwest Tehran
1955 Kan Area

1981 Kan Area

1987 Tajrish-Darband

2012 Kan River

2015 Kan River

2022 Imamzadeh Davood
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Table 2. Dataset used in this study

Type Factor GIS type
Topographic Elevation (m) Raster
Slope angle (°) Raster
Water-related Distance to river (m) Shapefile-Line
SPI Raster
TWI Raster
River density (Km/Km?) Shapefile-Line
Rainfall (mm) Shapefile-Point
Land cover Land use Shapefile-Polygon
Lithology Shapefile-Polygon
Flood records Flood records Shapefile-Point
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Figure 3. Layers: Elevation Map (a) Slope Map (b) Rainfall Map (c) SPI Map (d) TWI Map (e) Distance to river Map (f) River
density Map (g) Lithology Map (h) Land cover Map (1)
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Table 4. Modelperformance

No Evaluation metrics CNN-HHO
1 True positive 42
2 True negative 45
3 False positive 2
4 False negative 5
5 Sensitivity 89.4
6 Specificity 95.7
7 Accuracy 92.55
8 AUC 95.9
9 RMSE 0.277
10 MAE 0.165
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Figure 4. Test error plot
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