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Floods are among the most frequent natural disasters, leading to loss of 
life, spreading of diseases, and destruction of property. Therefore, 
accurate and timely flood prediction is essential for effective disaster 
risk management. This study explores the application of Machine 
Learning (ML) techniques to improve flood forecasting systems in 
Malaysia using geological and hydrological features. The purposes of 
the study are to identify the factors influencing flood occurrence and 
their significance using Random Forest (RF), analyse hidden trends or 
patterns related to flood occurrence using Logistic Regression (LR) and 
K Nearest Neighbors, and evaluates the performance of the machine 
learning models proposed using evaluation metrics during the 
modelling process. A dataset consisting of 4217 samples was compiled 
for 42 study areas at 42 weather stations across Malaysia, 
incorporating 16 explanatory variables, including seven-day 
continuous rainfall characteristics, seasonal and geographical factors, 
and other relevant environmental attributes. Three classification 
models, RF, LR and KNN were trained to predict flood occurrence. The 
results indicate that recent rainfall (0.1444), cumulative (0.1088) and 
maximum daily rainfall (0.1058) are the most influential features. 
Among the models, LR performs better at classifying flood events with 
higher recall value (0.7218), while RF shows best performance in all 
other metrics. Overall, the best model identified is RF based on Receiver 
Operating Characteristic (ROC) curve (AUC=0.877). 
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1. Introduction 

Floods are among the most frequent natural disasters affecting communities around the world [1]. Flooding is the 
most frequent natural disaster in Malaysia, causing pollution, interrupts social and economic activity, damages 
roads and infrastructures, lowers property values, increases vulnerability, and claims lives. Malaysia experiences 
both northeast and southwest monsoons, both bring heavy rainfall and contribute to floods, particularly in coastal 
areas [2]. As flood remains the most frequent natural disaster in Malaysia, causing billions of ringgits in losses 
each year, there is a pressing need to understand the factors that contribute to the phenomenon. This study 
explores the application of machine learning (ML) techniques to investigate flood related factors and improve 
flood forecasting systems in Malaysia, aiming to support early warning systems and disaster management 
strategies. 

This study aims to identify the factors influencing flood occurrence and their significance using Random 
Forest (RF). Also, this study aims to analyse hidden trends or patterns related to flood occurrence using Logistic 
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Regression (LR) and K Nearest Neighbors (KNN). Finally, this study also evaluates the performance of the machine 
learning models proposed using evaluation metrics during the modelling process. 

Previous studies such as [3] conducted a detailed analysis of monsoon season of 2022 at Pakistan’s Swat River 
basin, revealing how unusually high rainfall, exceeding historical data by 7 to 8% triggered destructive debris 
flows and floods. Another research by [4] shows results indicating that over half of the studied catchments are 
influenced by a combination (52.1%) of recent precipitation, antecedent precipitation (excessive soil moisture), 
and snowmelt. [5] revealed that the features with the highest relative importance score was elevation at 0.39, 
followed by rainfall. In another research by [6], the results show that RF and Extreme Gradient Boosting 
performed best at identifying flood events, with Support Vector Machine (SVM) the lowest. Besides that, [7] 
conducted a study on floods prediction in flood-prone Bihar and Orissa, India using RF and Decision Tree (DT), 
where their results show DT outperforming RF in all metrics. 

This study is divided into four sections. Section one provides the introduction, background, problem 
statement, objectives and significance of study while providing previous related research. Section two lists out the 
methodology, including research design, research data, methods and algorithms used to achieve the research 
objectives. Section three shows the outcomes and results based on the objectives. Last section summarizes the 
findings and proposes recommendations for future research. 

2. Methodology 

This section consists of three parts with Part one shows the data used for the study. Part two shows the algorithms 
used and their purpose and finally Part three explains the evaluation metrics to compare the models. 

2.1 Data 

Table 1 describes the dataset used in this study which is based on various data on features related to flood 
occurrence. The data used to build the dataset is retrieved from several sources [8][9][10][11]. The data collected 
from different sites are combined into one dataset. The dataset consists of 17 variables including the responding 
variable. Among the 16 predictor variables, 6 are geographical features on elevation, location and tree cover, while 
the remaining 10 variables are seasonal and weather features including a 7-day continuous rainfall and the 
cumulative and maximum daily rainfall. The season feature will be classified into 4 categories, namely Northwest 
Monsoon, 1st Inter-monsoon, Southwest Monsoon, and 2nd inter-monsoon as defined by Meteorological 
Department of Malaysia. The responding variable, flood occurrence, is a binary variable noting ‘1’ for flood and ‘0’ 
for no flood. 

Table 1 Data Description 

Variables Meaning Data Type 

location Location of weather station/study Categorical 

avr_elevation Average elevation Numerical 

min_elevation Minimum elevation Numerical 

max_elevation Maximum elevation Numerical 

forest_cover Natural Forest cover percentage Numerical 

tree_cover(cd>30%) Tree cover percentage with canopy density >30% Numerical 

season Season Categorical 

day1 Rainfall on 7 days from flood Numerical 

day2 Rainfall on 6 days from flood Numerical 

day3 Rainfall on 5 days from flood Numerical 

day4 Rainfall on 4 days from flood Numerical 

day5 Rainfall on 3 days from flood Numerical 

day6 Rainfall on 2 days from flood Numerical 

day7 Rainfall on 1 day from flood Numerical 

cuml_7rain Cumulative rainfall of all 7 days Numerical 

max_rainfall Maximum daily rainfall Numerical 

y Flood Occurence Categorical 
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2.2 Data Preprocessing 

The initial dataset requires several pre-processing steps to ensure suitability for the machine learning models. 
Categorical variables 'y', 'season', and 'location' are transformed into numerical formats suitable for algorithms. 
The data was split into training and testing sets, with training data consisting of 80% of the total data and testing 
set consisting of the remaining 20%. To overcome imbalance in data, the Synthetic Minority Oversampling 
Technique (SMOTE) was applied exclusively to the training dataset. SMOTE is a statistical technique for increasing 
the number of cases in the dataset in a balanced way, by generating new instances from existing minority cases as 
input, without changing the number of majority cases [12]. Balancing the class distribution is to prevent the 
proposed models from being biased towards the majority non-flood class. The numerical features in the training 
data were standardized for LR and KNN models. Standardization was performed on the quantitative variables to 
ensure that all predictors contributed equally to the regression model as distance and gradient based models are 
most affected by range of features [13]. 

2.3 Algorithms 

2.3.1 Random Forest 

Random Forest (RF) is a robust machine learning algorithm that builds multiple decision trees using random 
subsets of the dataset and features during training [14]. This randomness introduces diversity among the trees, 
helping to reduce overfitting and enhance prediction accuracy. 

When performing RF classification, the decision on each tree nodes is based on the Gini Index with Equation 
(1) showing the formula [15]. 

 (1) 

 
where 𝑝𝑖 represents the relative frequency of the class and c represents the number of classes. 

During the training process, the algorithm calculates how much each feature contributes to reducing the Gini 
impurity across all the decision trees in the forest. 

2.3.2 K Nearest Neighbors 

K-Nearest Neighbors (KNN) algorithm is a supervised, non-parametric learning method that classifies or predicts 
the grouping of a data point based on its proximity to neighboring points [16]. It works by identifying the "k" 
nearest data points in the training set to a new, unlabelled data point and then using these nearest neighbors to 
make a prediction. KNN uses distance metrics to identify nearest neighbor for classification tasks. The most used 
distance metric is the Euclidean distance, with Equation (2) showing the formula [17]. 

 

 

(2) 

where 𝑥 = (𝑥1, 𝑥2, … 𝑥𝑛) is the query point, 𝑋𝑖 = (𝑋𝑖1, 𝑋𝑖2, … 𝑋𝑖𝑛) is the i-th point in the dataset, n is the dimension, 
and 𝑑(𝑥, 𝑋𝑖) is the distance between points 𝑥 and 𝑋𝑖 . 

To visually interpret how KNN operates within the feature space, a 3D visualization was generated focusing 
on the three most important features identified in the overall study. 

2.3.3 Logistic Regression 

Logistic regression (LR) is a supervised ML algorithm that classifies output in the form of discrete or categorical 
variables [18]. It estimates the probability that a given input belongs to a certain class using the sigmoid (logistic) 
function shown in Equation (3) [19]. 

 (3) 

where σ(x) is the sigmoid function, exp is the exponential function, and e is the Euler’s number. LR solves 
classification task by learning from a training set, a vector of weights 𝑤𝑖 and a bias term 𝑏. Each weight 𝑤𝑖 is a real 
number and is associated with the input features 𝑥𝑖. The resulting single number z expresses the weighted sum of 
the evidence for the class as shown in Equation (4) 

 (4) 

Applying the sigmoid function, this gives a value 0 or 1, which is interpreted as probability shown in Equation 
(5). 
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 (5) 

Classification rule is shown in Equation (6). 

 (6) 

where c is the decision boundary. universally set initially at 0.5. 
A key advantage of the Logistic Regression model is the interpretability of its coefficients. Each coefficient 

represents the expected change in the mean of the transformed response given that the predictor changes by 1 
unit on the coded scale. The coefficients corresponding specifically to the daily rainfall variables (day 1 to day 7) 
were visualized using a bar chart. 

2.3.4 Evaluation Metrics 

Evaluation metric plays a critical role in achieving the optimal classifier during the classification training [20]. The 
evaluation metrics used in this study are accuracy, precision, recall, specificity and F1-score. The calculation of the 
metrics are shown in Equations (7), (8), (9), (10) and (11) respectively [21]. 

 (7) 

 (8) 

 (9) 

 (10) 

 (11) 

Here, TP represents True Positives, FP represents False Positives, TN represents True Negatives and FN 
represents False Negatives. Besides the five metrics, a Receiver Operating Characteristic (ROC) Curve is plotted. 
ROC is a visual representation of the trade-offs between the true positive rate (TPR) and false positive rate (FPR) 
at various thresholds [22]. Area Under the Curve (AUC) value gives a single scalar value ranging from 0 to 1 that 
shows the performance of the model. The closer the AUC value is to 1, the better the model. 

3. Results 

This part shows the results obtained from the study. Part one shows the feature importance evaluation result by 
RF. Part two and three explains the rainfall patterns, coefficients and feature space. Part three summarizes the 
comparative analysis of the three models based on evaluation metrics. 

3.1 Feature Importance Evaluation 

Table 2 shows the feature importance output of the RF model. Day 7 rain (rainfall on or one day before flood 
occurrence) and maximum daily rainfall dominate the model, with importance 0.1444 and 0.1088 each. Maximum 
daily rainfall is the third most important feature with importance 0.1058. Day 6 rain (rainfall on a day or two days 
prior to rainfall) comes close at fourth place with 0.0778. Season comes fifth at 0.062632. The rest of the seasonal 
and weather features in descending order are day 3 (0.0576), day 5 (0.0562), day 4 (0.0436), day 1 (0.0389), with 
day 2 (0.0368) coming last. Days 1 and 2 (rainfall 6-7 days prior of flood) came out second last and last in weather 
features and 13th and 15th overall. This shows that most floods are influenced by recent rainfall.  

Among geographical features, tree cover percentage of location with canopy density over 30% is the highest 
and 7th highest overall with 0.0568. Elevation features like average (0.0510), maximum (0.0463) and minimum 
elevation (0.0429) show moderate but non-negligible influence on the model. The remaining features, natural 
forest cover percentage (0.0376) and location of study (0.0328) came third last and last among feature 
importance, showing insignificant influence. 
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On the whole, based on the analysis, rainfall variables are more influential than geographical variables in 
terms of flood prediction model building as they provide direct information on the most influential flood factor 
which is rain. 

Table 2 Feature Importance Output 

Feature Meaning Importance 

day7 Rainfall on 1 day before flood 0.1444 

cuml_7rain Cumulative rainfall of all 7 days 0.1088 

max_rainfall Maximum daily rainfall 0.1058 

day6 Rainfall on 2 days before flood 0.0780 

season Season 0.0626 

day3 Rainfall on 4 days before flood 0.0576 

tree_cover(cd>30%) Tree cover percentage with canopy density >30% 0.0568 

day5 Rainfall on 3 days before flood 0.0562 

avr_elevation Average elevation 0.0510 

max_elevation Maximum elevation 0.0463 

day4 Rainfall on 4 days before flood 0.0436 

min_elevation Minimum elevation 0.0429 

day1 Rainfall on 7 days before flood 0.0389 

forest_cover Natural forest cover percentage 0.0376 

day2 Rainfall on 6 days before flood 0.0368 

location Location of weather station/study 0.0328 

3.1.1 Rainfall Patterns 

Fig. 1 shows the LR coefficients on all rainfall variables. Day 7 has the strongest positive effect (2.1 ± 0.1). This 
shows that the model’s prediction relies heavily on this variable. This suggests that the flood is highly responsive 
to immediate precipitation, meaning buildup matters, but the final-day rainfall is dominant. Day 6 has a strong 
negative effect (–1.2 ± 0.1), this may be due to multicollinearity, where day 6 rainfall is statistically correlated with 
Day 7 rainfall, causing LR to assign opposite signs to balance the shared effect. This negative coefficient does not 
mean rainfall reduces flood risk. Rainfall on day 1 and 2 have very small positive values, showing slight, almost 
negligible effect, mostly noise. Day 4 has a significant negative value (-0.9 ± 0.1), which is a show of slightly 
opposite effect. Day 5 has a significant positive coefficient (0.9 ± 0.1), showing modest contribution to the model. 
 

 
Fig. 1 Logistic Regression coefficients on rainfall variables 
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Overall, LR coefficients show that rainfall far from the occurrence of floods contributes weakly to the model. 
Flood risk is controlled mostly by rainy days prior to flood. 

3.2 Visualization of Feature Space 

Fig. 2 shows a KNN 3D plot visualizing a flood classification model based on the three most important features 
based on RF feature importance evaluation. The three features are maximum daily rainfall, cumulative 7-day 
rainfall, and day 7 rainfall. In the plot, each data point is classified in red (1/flood) or blue (0/no flood). The plot 
illustrates how data points naturally cluster in this 3D space. 
 

 
Fig. 2 K Nearest Neighbors Intepretation 3D Model 

Fig. 2 clearly demonstrates that flood risk is directly proportional to higher values across all three rainfall 
metrics. The no flood (blue) region primarily occupies the space corresponding to low-to-moderate values on all 
axes, while the flood (red) region clusters in the area of high rainfall values. This indicates a strong separability 
between the two classes. Flood events are most strongly associated with high values on these axes, suggesting that 
a significant volume of recent rainfall (day 7) combined with a high peak intensity (maximum daily rainfall), 
especially when the soil is already saturated (high cumulative 7-day rainfall), is the primary driver of flood 
occurrence. The figure visually shows the imbalance in data and shows that while most events cluster in low-
rainfall areas, flood events typically occupy distinct regions characterized by higher cumulative rainfall and 
maximum daily intensity. The grey lines in the visualization connect each data point to its single nearest neighbor. 
This figure is key to interpreting the model's mechanism. A new data point falling into the high-rainfall red region 
would be classified as a flood event, proving that high rainfall accumulation is a direct predictor of flooding. 

3.3 Confusion Matrices 

Fig. 3 shows the confusion matrices of the three models applied in this study. From the matrices, LR has the highest 
TP value (23) while RF has the highest TN value (767). RF performed better at lower FP value (32) while LR with 
the lower FN value (22). KNN ranks the lowest among three models based on the 4 metrics. 
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Fig. 3 Confusion Matrices for (a) Random Forest, (b) Logistic Regression; and (c) K Nearest Neighbors Model 
Performance Evaluation 

Table 3 Model Performance Metrics 

Algorithm Accuracy Precision Recall Specificity F1-Score 

KNN 0.8791 0.9260 0.6740 0.9036 0.8992 

RF 0.9336 0.9391 0.7133 0.9599 0.9362 

LR 0.9100 0.9355 0.7218 0.9324 0.9208 

      

Table 3 shows the outputs of evaluation metrics for RF, LR and KNN where RF outperform other models in 
accuracy (0.9336), precision (0.9391), specificity (0.9599), and F1-score (0.9362). LR shows best performance in 
recall metric (0.7218), showing that the model slightly edges out RF in predicting real flood events, with RF more 
accurate in classifying non-flood events. KNN is the least performer of the three models in all metrics. Since both 
RF and LR have similar metrics and both show selected advantages over each other, the final decision is based on 
the AUC value from the ROC curve shown in Fig. 4. 

 
Fig. 4 ROC curves and their AUC scores 

RF completely outperforms the other models with AUC=0.877 followed by LR (0.724) and KNN (0.680). KNN 
is the least-performing model with AUC very close to 0.5 which is the score for a random guess. This suggests the 
KNN model has a very limited ability to distinguish between flood and non-flood cases, no matter the classification 
threshold. The visual gap between the blue (RF) and orange (LR) lines is large, corresponding to the difference in 
their F1-score. 

4. Conclusion 

Overall, the most influential features in flood prediction are cumulative, most recent and maximum daily rainfall. 
LR coefficients show that recent rainfall contributes most to the prediction ability of the model. The better model 
for predicting flood occurrence based on geographical, seasonal and weather features is the RF classifier. Although 
LR has a higher recall, the value merely edges out RF, while showing relative weakness in other metrics.  

Future work in this study should focus on incorporating more predictive features and adopting more 
advanced algorithms. The study revealed that short-term rainfall accumulation and sudden spikes increase in 

(a) (b) (c) 
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rainfall intensity tend to cause floods rather than long term rainfalls. Thus, the initial important recommendation 
is the increase of storm-related dynamics and detailed geographical information on study location. Suggested 
features are rainfall intensity index, surface of study area covered in water like rivers or ponds, and slope. Other 
statistical characteristics like standard deviation and skewness of rainfall can be considered because they 
represent irregularity and spike-like rainfalls, which are usually accompanied by floods. 

This study revealed that simple linear models and distance-based classifiers are less effective. In this regard, 
models like XGBoost and LightGBM ought to be tried since they are exceptionally good at dealing with non-
linearities and interactions between features. It is also possible that SVM and NN will provide better performance, 
particularly with better features. Although KNN will always be a good tool of investigating similarities in rainfalls, 
it is not the best concluding predictive model considering the overlapping flood and non-flood characteristics. 
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