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This research aims to develop a scientific and practical method for urban
flood prediction using citizen reports and satellite rainfall data. The city area
is divided into a grid with 3,000-meter intervals, and the intersection points
of the grid lines are selected as rainfall measurement stations. Days are
classified as wet, dry, and normal based on citizen reports and observed
rainfall, and machine learning models including Support Vector Machine,
Logistic Regression, and Random Forest are trained on these data. The
results show that the Random Forest model has the highest performance,
with 98percent precision and an F1 score of 66 percent in correctly
identifying flood events. Considering Qom’s semi-arid climate and the non-
lethal damages caused by floods, emphasis was placed on the precision of
models in correctly detecting flood cases to enhance confidence and prevent
community anxiety due to false alarms. Stations 1 and 23 are identified as
critical locations for rainfall equipment installation based on feature
importance analysis. Subsequently, a critical rainfall threshold curve at a 90
percent probability level was plotted for flood prediction, and validated with
real data. Rainfall above the threshold generally results in floods, while
values below are considered safe. This approach is an effective tool for rapid
warning systems and can aid urban disaster management to prevent financial
and human losses.
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Figure 1. The main steps of the study
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Figure 2. The situation of the city of Qom (study area) in Qom province and central part of Iran
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Figure 3. Rainfall measuring stations
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Table 1. The results of 3 ML models including confusion matrix, precision, recall and F1-score

Actual Flood (1) Actual Non-Flood (0) Precision  Recall  Fl-score
TP=35 FP=9
Predicted Flood (1) 35 flood events are truly 9 non-flood events are incorrectly 0.8 0.21 0.33
SVM identified as floods predicted as floods
(Linear) FN= 132 TN=475
Predicted Non-Flood (0) 132 flood events are incorrectly 4750f non-flood events are truly 0.78 0.98 0.87
identified as non-floods identified as non-floods
TP=22 FP=2
Predicted Flood (1) 22 flood events are truly 2 non-flood events are incorrectly 0.92 0.13 0.23
SVM identified as floods predicted as floods
(Poly-Nominal) FN= 145 TN=482
Predicted Non-Flood (0) 145 flood events are incorrectly 482 of non-flood events are truly 0.77 1 0.87
identified as non-floods identified as non-floods
TP=46 FP=31
Predicted Flood (1) 46 flood events are truly 31 non-flood events are 0.6 0.28 0.38
SVM identified as floods incorrectly predicted as floods
(Sigmoid) FN=121 TN= 453
Predicted Non-Flood (0) 121 flood events are incorrectly 453 of non-flood events are truly 0.79 0.94 0.86
identified as non-floods identified as non-floods
TP=33 FP=13
Predicted Flood (1) 33 flood events are truly 13 non-flood events were 0.72 0.2 0.31
SVM identified as floods incorrectly predicted as floods
(RBF) FN=134 TN=471
Predicted Non-Flood (0) 134 flood events were incorrectly 471 of non-flood events are truly 0.78 0.97 0.87
identified as non-floods identified as non-floods
TP=43 FP=14
Predicted Flood (1) 43 flood events are truly 14 non-flood events are incorrectly 0.75 0.26 0.38
LR identified as floods predicted as floods
FN=124 TN=470
Predicted Non-Flood (0) 124 flood events are incorrectly 470 of non-flood events are truly 0.79 0.97 0.87
identified as non-floods identified as non-floods
TP=83 FP=2
Predicted Flood (1) 83 flood events are truly 2 non-flood events are incorrectly 0.98 0.5 0.66
RE identified as floods predicted as flood
FN=84 TN=482
Predicted Non-Flood (0) 84 flood events are incorrectly 482 of non-flood events are truly 0.85 1 0.92

identified as non-floods

identified as non-floods
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Table 3. The results of feature importance for three ML models

SVC SVC SVC SVC LR RE
Feature Linear Polynomial Sigmoid RBF
Importance
1 0.6908 0.0040 -0.0007 0.0040 1.2305 0.0676
2 0.1721 0.0001 0.0000 0.0034 0.2982 0.0225
3 0.1721 0.0001 0.0000 0.0010 0.2982 0.0215
4 0.1721 0.0001 0.0000 0.0010 0.2982 0.0240
5 0.1721 0.0001 0.0000 0.0035 0.2982 0.0224
6 0.1721 0.0001 0.0000 0.0034 0.2982 0.0227
7 0.1426 0.0003 0.0006 0.0000 0.1233 0.0397
8 0.1426 0.0003 0.0006 0.0000 0.1233 0.0366
9 0.0175 0.0015 0.0023 0.0035 0.0076 0.0304
10 0.0175 0.0015 0.0023 0.0035 0.0076 0.0360
11 0.0175 0.0015 0.0023 0.0035 0.0076 0.0312
12 0.0480 0.0014 -0.0007 0.0035 0.0812 0.0361
13 0.0480 0.0014 -0.0007 0.0035 0.0812 0.0326
14 0.0175 0.0015 0.0023 0.0034 0.0076 0.0265
15 0.0175 0.0015 0.0023 0.0035 0.0076 0.0345
16 0.0175 0.0015 0.0023 0.0034 0.0076 0.0273
17 0.0480 0.0014 -0.0007 0.0000 0.0812 0.0412
18 0.0480 0.0014 -0.0007 0.0000 0.0812 0.0299
19 0.0175 0.0015 0.0023 0.0035 0.0076 0.0267
20 0.0175 0.0015 0.0023 0.0035 0.0076 0.0318
21 0.0175 0.0015 0.0023 0.0025 0.0076 0.0306
22 0.0480 0.0014 -0.0007 0.0035 0.0812 0.0309
23 0.6502 0.0016 0.0015 0.0034 0.9553 0.0741
24 0.0175 0.0015 0.0023 0.0000 0.0076 0.0327
25 0.0175 0.0015 0.0023 0.0035 0.0076 0.0368
26 0.1602 0.0002 0.0025 0.0035 0.2705 0.0420
27 0.1602 0.0002 0.0025 0.0035 0.2705 0.0422
28 0.0186 0.0001 0.0020 0.0034 0.3411 0.0330

29 0.0186 0.0001 0.0020 0.0034 0.3411 0.0364
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Figure 5. Flood threshold diagrams at probability levels of 95 and 90 percent
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Figure 6. Flood threshold evaluation at probability levels of 100, 95, and 90 percent based on 12 real events (A to L)
with more than 200 reports (rpt)
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. Random Forests (RFs)
. Ensemble Neural Networks (ENNSs)
. Logistic Regression (LR)
eXtreme Gradient Boosting (XGBoost)
. Classification
. Global Surface Water Mapper (GSMap)
. Features
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10. Confusion Matrix
11. Precision
12. Recall
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14. Overfitting
15. K-fold cross validation
16. Kernel
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18. Polynomial
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20. Radial Basis Function (RBF)
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