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Abstract

This study describes optimization of Support VVector Machine
(SVM) using meta-optimization algorithms including the
Particle Swarm Optimization (PSO), Genetic Algorithm (GA)
and Ant Colony optimization for flood susceptibility mapping
at Zahedan Basin. To determine the best factors among the 19
factors used in previous studies and the relative importance of
input variables, two experiments of Information Acquisition
Ratio (IGR) and multilinearity of parameters were used soil
moisture content factor which is identified as a highly effective
factor (IGR=0.767), is used directly in this study for the first
time. The flood inventory map was prepared from Sentinel-1
satellite data processing and validated. The generated data set
was used to map the flood prone areas using SVM model
optimized with the mentioned algorithms. For the first time, in
this research, ACO algorithm was used to optimize SVM
model. The prediction accuracy of the models was evaluated
using statistical criterion. All three algorithms used in this
study improved SVM performance by 4% in average, while the
PSO-SVM model had the best performance among the others
with AUC=0953, MSE=0.025, RMSE=0.158 and StD=0.405.

Keywords: Spatial Flood Prone Areas, Support Vector
Machine, Particle Swarm Optimization, Genetic Algorithm,
Ant Colony Optimization.
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Fig. 1- Flowchart of developing the meta-optimized hybrid models for flood susceptibility mapping
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Table 2- Accuracy assessment of the hybrid models
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Step Model AUC  RMSE MSE StD%®

SVM 0.887 0.258 0.077 0.474

- PSO-SVM 0.967 0.258 0.066 0.481
Training

GA-SVM 0.990 0.236 0.055 0.456

AC-SVM 0.954 0.279 0.066 0.470

SVM 0.890 0.418 0.175 0.439

validation PSO-SVM 0.953 0.158 0.025 0.405

GA-SVM 0.909 0.316 0.100 0.483

AC-SVM 0.932 0.274 0.075 0.456
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Table 3- Area percentage reproduced for each flood susceptibility class
Jow dxiuno Gblo Al > (WIS 2 ble dwo > Y Jous

Model Very Low Low Moderate High Very High
SVM 78.203 6.630 3.107 2.725 9.334
PSO-SVM 79.609 4.613 2.271 1.994 11.514
GA-SVM 79.116 5.179 2.568 2.240 10.896
AC-SVM 78.325 6.668 3.043 2.688 9.276

1- Multi-Criteria Decision Making
2- Artificial Intelligence

3- Machine Learning

4- Computational Intelligence

5- Soft Calculations

6- Data Mining

7- Intelligent Data Analysis

8- Flood Susceptibility Mapping
9- Support Vector Machine

10- Grasshopper Optimization Algorithm

11- Particle Swarm Optimization
12- Imperial Competitive Algorithm
13- Genetic Algorithm

14- Ant Colony Optimization

15- Kernel

16- Linear

17- Polynomials

18- Radical Base Function (RBF)
19- Box Constraint

20- Pheromone

21- Information Gain Ratio

22- Multi Collinearity Diagnostic Test

23- Variance Inflation Factor
24- Tolerance

25- Normalized Difference Water Index

26- Topographic Wetness Index
27- Soil Water Content

28- Stream Power Index

29- Digital Elevation Model

30- Tropical Rainfall Measuring Mission
31- https://giovanni.gsfc.nasa.gov/giovanni

32- Flood Inventory Map

33- Natural Break Classification Method

34- Root Mean Square Error
35- Mean Absolute Error

36- Receiver Operating Characteristic

37- Area Under Curve
38- Standard Deviation
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