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Abstract 

 
Earthquake-induced soil liquefaction is a major hazard for urban areas in Indonesia built on recent alluvial deposits. 

This study evaluates three supervised machine learning algorithms Decision Tree (DT), Random Forest (RF), and 

Support Vector Machine (SVM)  liquefaction hazard mapping in Samarinda, East Kalimantan. Four predictor variables 

were used: shear wave velocity (Vs30), peak ground acceleration (PGA), groundwater level (GWL), and slope. Because 

only four Cone Penetration Test (CPT) locations were available, the dataset was expanded to 532 labeled samples 

through stratified spatial sampling of a previously published CPT-based fuzzy GIS liquefaction map. An 80:20 train-test 

split was used, and SMOTE was applied only to the training data to address class imbalance. Model performance was 

evaluated using accuracy, precision, recall, F1-score, and confusion matrices. DT achieved the best performance with an 

accuracy and weighted F1-score of 0.87, followed by SVM (0.80) and RF (0.78). The resulting hazard map classified 

Samarinda into Very Low (68%), Low (6%), High (7%), and Very High (19%) hazard zones. High-risk areas were 

concentrated in the eastern part of the city, where shallow groundwater, Sulfaquent soils, and recent alluvial deposits are 

present. Since most training samples were derived from a fuzzy GIS proxy map rather than direct observations, the 

resulting hazard maps should be considered screening-level tools and not substitutes for detailed geotechnical 

investigations. 
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1. INTRODUCTION 

Soil Liquefaction is when a loose, saturated soil loses almost all of its shear resistance (and therefore 

behaves like a liquid or a viscous fluid) for an instant once subjected to seismic cyclic loading (or fast motion 

back-and-forth) that causes the pore pressures to build up at a rate greater than they can be dissipated through 

either drainage or consolidation [1], [24]. Research has identified 3 main factors that influence the likelihood 

of soil liquefaction due to earthquakes: Groundwater Levels; Peak Ground Acceleration (PGA); and Average 

Shear Wave Velocity over the top 30 meters of depth (Vs30) [2]–[4]. If pore-water pressure develops too 

quickly relative to the ability of the pore water to drain from the soil, then the normal force developed by 

intergranular contact becomes a force exerted against the pore-water and the effective stress begins to 

collapse and the soil's structural elements cannot support load deviators. 

The Indonesian public first became aware of liquefaction from the 2018 Mw 7.5 Palu-Donggala 

earthquake in central Sulawesi. Although comparable earthquakes occurred before in Aceh (2004 and 2006), 

Bantul (2006), Padang (2009) and northern Lombok (2018), with high levels of damage due to liquefaction 

of soils that are prone to liquefaction, prior assessments did not identify the major contributors to the 

liquefaction hazard of Indonesia's urban centers as shallow groundwater tables, low Vs30 values and large 

thicknesses of unconsolidated alluvium deposits [5]. Following this event, an assessment using machine 

learning techniques was performed to assess the hazards associated with the event. This study also identified 

that shallow groundwater tables, low Vs30 values, and large thicknesses of unconsolidated alluvium deposits 

were the primary factors contributing to the seismic hazards in urban regions throughout Indonesia [6], 

similar conclusions were made in subsequent studies examining regional trends in Bangladesh and Indonesia; 
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specifically these studies emphasized the importance of unconsolidated alluvium deposits and shallow water 

tables when assessing a region's liquefaction potential index (LPI) [7]–[9]. 

Three algorithmic families were studied in this research using Decision Tree (DT), Random Forest 

(RF), and Support Vector Machine (SVM). The decision was made to study these three, but not exhaustively. 

The reason DT was selected is due to its interpretability. A single DT can visually inspect splits within it and 

explain why certain decisions have been made. This is important to include in hazard products that inform 

public policy [12]. DTs will also enable non-technical stakeholders like urban planners and emergency 

management officials to make informed decisions. RF is included as the natural ensemble counterpart to DT. 

It is able to reduce the high variance associated with a single DT through bagging (ensemble averaging) and 

by randomly selecting features during each split. RF has demonstrated consistent performance across tabular 

geotechnical data sources [11], [13], [27]. SVM is included as an alternative non-tree based method with 

strong theoretical support when dealing with small datasets. Additionally, SVM has the ability to create non-

linear relationships between input features through kernel functions [28], which is important since the data 

set being used in this study is relatively small and augmented. Gradient boosted methods (e.g., XGBoost, 

LightGBM) and deep learning models are intentionally delayed until additional data becomes available. The 

existing labeled dataset is not sufficient to fully explore the hyperparameters required to effectively utilize 

gradient boosted or deep learning methods. If they were currently implemented, there could potentially be 

overfitting to noise versus signal. 

The innovation of this research effort is the production of a first-of-its-kind city-scale, machine-

learning-based liquefaction hazard map for Samarinda. The four predictor variables are Vs30, PGA, GWL, 

and slope; while the fuzzy GIS map created from CPT-anchored labels [9] is the source for the training 

locations. 

 

2. MATERIALS AND METHODS 

This study was conducted in four stages: preliminary, data determination and collection, machine 

learning, and final mapping. The overall workflow is summarized in Figure 2.  

 

2.1. Preliminary Stage 

The initial step was a literature search with an emphasis on liquefaction mechanics; CPT based 

liquefaction triggering criteria; and the application of machine learning techniques to predict liquefaction 

susceptibility. The collected raster information consisted of the DEM; Vs30; GWL; and PGA for Samarinda. 

The rationale behind selecting Vs30, PGA, GWL, slope, lithology, and soil type as input variables is due to 

other recent regional liquefaction and site response studies that have used these as proxy indicators of soil 

stiffness, saturation and seismic demand [2]–[4], [8], [16], [22]. The Fuzzy GIS liquefaction potential map of 

Samarinda [9] (Figure 1) which has been previously verified by comparison to four field CPT profiles 

provided the labeling data set for training the ML classifier. 

 

 

Figure 1. Map of Liquefaction Potential in Samarinda Using the Fuzzy GIS Method [9]. 

 

2.2. Data Determination and Collection Stage 

The fuzzy GIS map, developed using PGA and GWL (30%) as major contributors, lithology (20%), 

and soil type and slope (10% each), is based upon prior studies [7]–[9], [16], [22]–[23], where PGA and 
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GWL are also found to be significant inputs in the fuzzy overlay process. Validation of the field results from 

that map was obtained via cone penetration testing (CPT). CPT provides an in-situ geotechnical sounding 

through pushing a standardized cone into the earth while continuously recording the tip resistance and sleeve 

friction. This continuous data is then analyzed to provide a quasi-continual record of the soil's stratigraphic 

layering and strength used in analysis related to liquefaction. Alternatively, the standard penetration test 

(SPT) can be employed, whereby the number of blows of a split spoon sampler, driven downward by a 

falling weight, is recorded over fixed intervals of depth [11], [26]. Unfortunately, due to cost and licensing 

restrictions, only 4 CPT locations were available for this research project. They include the following 

locations: Gunung Batu, Air Putih Village (CPT 1); Gunung Batu Cermin, Sempaja Utara Village (CPT 2); 

Jl. Bukit Seribu, Sungai Siring Village (CPT 3); and Jl. Hasanudin, Sungai Siring Village (CPT 4). All of 

these locations lie within the moderate-to-high susceptibility regions defined by the previously constructed 

fuzzy-GIS map. As such they will be utilized herein in two capacities: (i) as anchors of the fuzzy-GIS map 

developed in [9]; and (ii) as reference points for the spatial sampling methodology described above [15]–

[18]. 

 

2.3. Machine Learning Stage 

Four predictor raster layers (Vs30, Slope, GWL and PGA) were stacked within QGIS at 100 m 

resolution to be able to align them and extract predictor values at both CPT locations and at all spatial sample 

locations. Due to the limited availability of CPT data, only four CPT profiles were collected; it was necessary 

to draw an additional 528 sample points from the Samarinda Fuzzy GIS Liquefaction Potential Map [9]. 

These points were randomly sampled by stratification across the four hazard classes as defined on the 

original fuzzy GIS map; Very Low, Low, High and Very High. Thus, when combined with the 532 total 

labeled samples that included the four CPT anchored points, the class distribution of the samples was Very 

Low ≈ 180, Low ≈ 130, High ≈ 85, and Very High ≈ 137.  

The data was divided randomly into a train portion with 80% of the total (425 points), for testing there 

was a portion with 20% of the total (107 points). A class imbalance still remained in the training partition, we 

decided to apply the Synthetic Minority Over-sampling Technique (SMOTE) to this partition after splitting 

the data into train-test portions, so that no synthetic data would be included in the test partition. Instead of 

duplicating the minority class cases randomly or by simply weighting them as SMOTE does, it generates new 

instances of the minority class by performing linear interpolation between each case and any of its five (k=5) 

nearest neighbors in feature space. This is preferable to simply creating duplicates or weighting as SMOTE 

will expand the empirical decision boundary instead of just expanding the area where the decision boundary 

exists. Because all four predictor variables are continuous and the post-stratification distribution of classes 

was not excessive, we did not use SMOTE-NC or ADASYN. 

Three classifier models were created using a balanced training set: decision tree (DT) classifier, 

random forest (RF) classifier, and support vector machine (SVM) classifier. The three models were 

developed using the scikit-learn library version 1.x. In addition to the use of the above mentioned library, we 

also employed numpy, pandas, matplotlib to handle and visualize our data. Hyperparameter values are 

initialized at their default value established by the scikit-learn library (dt: criterion=gini, max_depth=None, 

min_samples_split=2; rf: n_estimators=100, criterion=gini, max_depth=None; svm: kernel='rbf', c=1.0, 

gamma='scale'), while only the random_state was set to ensure model replicability. These initializations were 

made as an attempt to avoid over-tuning our hyperparameter space due to the relatively low sample size of 

532 points in our feature space (n=4) which could lead to optimizing for synthetic label noise instead of 

underlying liquefaction physics. It should be noted that this approach may have been overly conservative and 

that a formal grid/random search based cross-validation will provide tighter bounds on future accuracy 

estimates; this is one of the main directions for future research outlined in section 4. As stated earlier, recent 

comparative studies show that DT, RF, SVM, ANNs, and gradient boosting family based methods can 

produce similar results when classifying liquefaction events. However, tree-based ensemble models generally 

offer the optimal trade-off between classification accuracy and interpretability [3]–[4], [13]–[14], [25]–[26]. 

 

2.4. Final Stage 

A 100m x 100m fish net (a total of 704 data points covering the entire area of Samarinda) was created 

for all three models using the QGIS "Create Fishnet" function. The "Extract Multi Values to Points" tool was 

then utilized to assign predictor values to each grid point. Grid points with missing raster coverages were 

eliminated from the dataset. Each remaining point was assessed by each trained model and results are 

presented below as metrics for evaluating how well each model performed against the held out test set 

(n=107) such as; confusion matrix, class-wise precision, recall, f1 scores, weighted accuracy and both macro 

and weighted average results similar to those found in most liquefaction hazard studies comparing ensemble 

and deep learning methods [14], [22] for assessing model performance. Since the DT model resulted in the 

highest test set performance it was used to create the final liquefaction hazard assessment map (Figure 6). 
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Figure 2. Research workflow 

 

3. RESULTS AND DISCUSSION 

3.1. Model Evaluation 

We evaluate performance using the 107 point test set that has been "held out". First, we note a 

methodology problem with the original SVM run. The author used an incorrect split of the data (a 70/30 split, 

n_test = 160 instead of a 80/20 split, n_test = 107) to produce the confusion matrices for both DT and RF. 

Since, the proportion of correct classification by class as well as the weighted F1 (0.80) will be equivalent if 

normalized to some extent, we have retained the original confusion matrix counts from SVM. 

 

3.1.1. Decision Tree 

The DT model reached a weighted accuracy of 87 percent for the test set (see Figure 3) while 

achieving per-class precision/recall/F1 values of 0.79 / 0.83 / 0.81 for "very low", 0.75 / 0.69 / 0.72 for "low" 

and 1.00 / 1.00 / 1.00 for both "high" and "very high." These perfect values for "high" and "very high," 

however, are most likely due to overfitting on the portion of this data that was labeled synthetically; a single 

decision tree without restriction regarding the number of leaves in its branches and/or its height will easily 

find small well-separated areas in a four dimensional space. More details about these concerns are found 

within section 3.3. 

 

 

Figure 3. Decision Tree results on the test set: (a) confusion matrix; (b) classification report. 
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3.1.2. Random Forest 

The RF Model was able to achieve an average weight accuracy of 78% on the test set (Figure 4) . The 

per class Precision / Recall / F1 Values for Very Low were 0.80/ 0.75/ 0.78, Low were 0.84 / 0.70 / 0.76, 

High were 0.75 / 0.97 / 0.84 and Very High were 0.78 / 0.67 / 0.72. Although the RF method was the natural 

Ensemble counterpart to the DT method, the RF method performed worse than the individual tree in this 

experiment. We believe that this was caused mainly by the fact that the effective sample size was too small to 

allow for full variance reduction through bagging, and also because of the deterministic nature of the 

Synthetic fuzzy GIS Labels, which a single tree could fit more aggressively than 100 averaged trees [11], 

[27]. 

 

 
Figure 4. Random Forest results on the test set: (a) confusion matrix; (b) classification report. 

 

3.1.3. Support Vector Machine 

The SVM model had a weighted accuracy of 80 % (Figure 5) for the 160 test samples that resulted 

from the 70/30 split used in the initial run. The very low, low, high and very high per-class 

precisions/recalls/F1 values are as follows: 0.81 / 0.79 / 0.80 (very low), 0.85 / 0.82 / 0.83 (low), 0.83 / 0.71 / 

0.76 (high), 0.74 / 0.85 / 0.79 (very high). The very low, low, high and very high per-class supports were as 

follows: Very Low = 50, Low = 40, High = 28, Very High = 42. The SVM achieved the most balanced per-

class performance of the three models, with no single class dominating, consistent with the maximum-margin 

formulation distributing model capacity uniformly across classes [28]. 

 

 

Figure 5. Support Vector Machine results on the test set: (a) confusion matrix; (b) classification report. 

 

3.2. Liquefaction Vulnerability Map and Vs30 Interpretation 

The Liquefaction Vulnerability Map (see Figure 6) was generated by using the best performing model 

(DT), that is to say with respect to test set accuracy. As shown in Table 1, a classification of "Very Low", 

"Low", "High" and "Very High" has been made for each zone. In summary, approximately 68% of the entire 

area studied can be placed in the category "Very Low"; 6 % in "Low"; 7 % in "High" and 19 % in "Very 

High". Zones classified as "very high" are found in eastern Samarinda; while those categorized as "high" or 

"low" lie in their vicinity. The remaining part of the city is mostly composed of zones classified as "very low. 

The model demonstrates a high degree of hazard in areas with Sulfaquent Soils (water saturated, loose 

sulphate-rich) with recent alluvial deposits; also near surface groundwater, and at first glance an interesting 

relationship exists as locally increased Vs30 are found to have a coincidental relationship. Globally higher 

values for Vs30 indicate ground which is stiffer and denser than others that can resist liquefaction [4], [22]. 

As such, this positive relationship between Vs30-hazard, although it appears to be correlated, needs to be 
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carefully examined. Three additional factors help to explain the results above without contradicting the 

physical principles of liquefaction. 

1. Depth-averaged proxies are Vs30. The Vs30 is the harmonic mean of shear wave velocity over the 

first 30 meters. As such, it may hide saturated layers (thin and loose) near the surface, which may 

contribute to liquefaction susceptibility [22]–[23]. Therefore, two sites with the same Vs30 can have 

quite different liquefaction susceptibilities depending on their respective shear wave velocity profiles. 

2.  Local Vs30 Range. For most locations throughout Samarinda, Vs30 values fall primarily into the 

categories of Low to Intermediate (150-360 m/sec; NEHRP Class D and a Lower Portion of Class C), 

while elevated in relation to these categories, it will still be at the low end of the velocity range for 

liquefiable saturated alluvium, when using PGA values from the local/regional seismic hazard map. 

3. Covariates confounded using synthesized labels. The labels for the 528 of 532 training samples were 

created using the Fuzzy GIS Map [9], which assigns high weights to both GWL and PGA. The 

relationship between Vs30 and GWL is slightly stronger with depth in eastern Samarinda than 

elsewhere. Higher PGA also occurs where Vs30 is higher (at depth), and the DT recognizes this as a 

'signature' of high hazard; although, Vs30 was not used to generate the labels. 
 

This interpretation aligns with [6], which determined that shallow groundwater and very thick 

alluvium (not just Vs30) are responsible for most of the seismic risk in Palu. The practical application is to 

retain Vs30 as an explanatory variable in this case study, do not infer that Vs30 is causal based on this 

analysis. 

 

 

Figure 6. Liquefaction vulnerability map of Samarinda derived from the Decision Tree classifier. 

 

3.3. Indicators of Overfitting and Data-Source Caveats 

High/very high precision/recall on DT testing data (section 3.1.1), along with the large difference in 

DT (87%) and RF (78%), also suggests that DT will be able to take advantage of synthetic label 

relationships, which can average or cancel out for RF. In addition, because 528 of the 532 training labels 

were generated from the Fuzzy GIS map [9], as opposed to being independently measured by CPTs, the high 

accuracy of DT indicates the ability of the model to replicate the fuzzy GIS rulebase and does not indicate a 

high degree of success of the model in identifying liquefied soils in the field. Thus, the primary limitation of 

this research is that the machine learning pipeline serves as a trained, spatially extrapolated surrogate for the 

fuzzy GIS product, with the four CPT profiles serving as field anchors for this surrogate rather than an 

independent validation dataset. 

The confusion matrices provide evidence of how features have behaved, even when there is no plot 

showing which features are most important. Firstly, if we look at the DT it appears that all of the high and 

very high values have been saturated into the High and Very High classifications. This implies that the fuzzy 

GIS rule base has partitioned the feature space into fewer than six decision boundaries, as a single tree model 

could capture most of them. It also implies that each of the decision boundaries was most likely generated 

from one of the two largest weights in the source map: PGA(30%), and GWL(30%). Secondly, the lowest 
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classification is the worst for each model: DT recall = 0.69, RF recall = 0.70, SVM recall = 0.82. While this 

may seem counterintuitive to geotechnical engineers, it makes sense because the low classification is 

positioned midway between the very low and high classifications in the source map and is therefore closer to 

the decision boundaries developed by each classifier. Therefore, I recommend developing both Gini-based 

and/or permutation-based feature importance measures, and a visualization of the DT's root and upper-level 

split decisions to further confirm my interpretations. 

 

3.4. Limitations and Future Work 

The findings should be read in the light of four explicit limitations: 

1. The accuracy of training data depends on synthetic labeling. The source of the training labels for 528 

out of 532 points was Fuzzy GIS liquefaction mapping [9]. There is no independent field test sample 

that could be developed based on the four direct CPT (cone penetration tests) profiles. Accuracy has 

been reported as the extent to which the fuzzy GIS rules match actual field-observed liquefaction. 

2. Cross-validation was not used. Metrics reported were based upon a single randomized split. The use 

of k-fold cross-validation (with either k=5 or k=10), as well as repeated stratified k-fold is suggested 

in future studies to provide tighter bounds for the variance associated with the estimated values; also, 

it will be easier to identify when models have fit the data too closely (i.e., an indication that there may 

be some degree of overfitting) especially for the unconstrained DT. 

3. [3] Using default parameters. The default hyperparameters from scikit-learn were used to train all 

three of these models. For example, the DT was allowed to grow indefinitely with no constraints on 

either the maximum depth or the minimum number of leaf nodes. This can lead to overfitting as we 

know. It would seem like an obvious next step to perform a formal grid search (or random search), 

and use this to evaluate both max_depth and min_samples_leaf for the DT, plus both n_estimators and 

gamma for the RF model. In addition, it seems that using cost complexity pruning for the DT should 

also be considered. 

4. Inconsistent Split in the SVM Evaluation; The SVM splits were originally done using a 70/30 split of 

the data (n_test = 160), while the splits for DT and RF were done as an 80/20 split (n_test = 107); In 

order to compare each classifier fairly, future analyses will either need to be run with the same split 

scheme or, preferably, will use cross validation on the entire dataset. 
 

Future work should therefore: (a) be able to build on a substantial expansion of the field CPT dataset 

to create an independent, field based test set; (b) Evaluate the performance of gradient boosted classifiers 

(XGBoost, LightGBM) and lightweight deep models (BiLSTM, 1-D CNN);  (c) perform formal 

hyperparameter optimization under cross-validation for all models, including tree pruning;  (d) generate 

interpretable, model agnostic explanations for the predicted hazard pattern by using SHAP or permutation 

based feature importance in addition to explicitly displaying the decisions made by the decision trees. 

 

4. CONCLUSION 

The three supervised classifiers, decision tree, random forest, and support vector machine, were used 

on a 532-point data set created using fuzzy GIS/CPT anchored labels for four spatial predictors (Vs30, PGA, 

GWL, and slope) to generate a city-wide liquefaction hazard map for Samarinda. Based on the performance 

of each classifier on the test set, the decision tree produced the highest weighted accuracy (87%) and the 

highest weighted F1 (0.87), compared with SVM (80%, 0.80) and RF (78%, 0.78). The decision tree-based 

hazard map shows that about 68% of Samarinda's area falls into the very low class, while 6% fall into the low 

class, 7% into the high class, and 19% into the very high class. This hazard map also shows that most areas 

classified in the very-high zone are located in the eastern part of Samarinda, where soils are Sulfaquent, 

recent alluvial deposits are present, and shallow groundwater is present. The local positive correlation 

between Vs30-hazard can be explained as an artifact arising from the use of regional predictive variables 

rather than as evidence of a physical basis for liquefaction. 

Although this is a good start, it has some serious limitations that need to be addressed. First, many of 

the labels for the training data came from a Fuzzy GIS Proxy Map and therefore do not reflect actual site 

investigations. Second, although the unconstrained Decision Tree showed signs of "over-fitting," which 

would limit its reliability. Therefore, these results should be considered a preliminary screening tool and/or 

decision-support tool; they cannot replace individual site-specific geotechnical investigations. The authors 

recommend developing the field CPT database substantially and incorporating the methodology 

improvements mentioned in section 4 (cross-validation, hyper-parameter tuning, Gradient Boosted Models 

and Deep Learning Models, feature importance, and visualization of trees) before using these maps directly 

as input into municipal land use planning or code development. 

 



 

                MALCOM-06(03): 1251-1259 

     

 1258 Assessment of Liquefaction Hazard Potential Using... (Septyandy et al, 2026) 

ACKNOWLEDGMENTS 

This research was funded by the Faculty of Engineering, Universitas Mulawarman, through the 

Tropical Engineering Program 2025. The authors express their sincere gratitude to the anonymous reviewers, 

whose detailed and constructive comments substantially improved the methodological rigor and transparency 

of this manuscript. 

 

REFERENCES  

[1]  I. M. Idriss and R. W. Boulanger, Soil Liquefaction During Earthquakes. Oakland, CA, USA: 

Earthquake Engineering Research Institute, 2008. 

[2]  R. Jena, B. Pradhan, M. Almazroui, M. Assiri, and H. J. Park, "Earthquake-induced liquefaction 

hazard mapping at national-scale in Australia using deep learning techniques," Geosci. Front., vol. 14, 

no. 1, p. 101460, 2023, doi: 10.1016/j.gsf.2022.101460. 

[3]  G. M. Muftuoglu and K. Dehghanian, "Soil liquefaction assessment using machine learning," Artif. 

Intell. Geosci., vol. 6, no. 1, p. 100122, 2025, doi: 10.1016/j.aiig.2025.100122. 

[4]  J. Zhu, L. G. Baise, and E. M. Thompson, “An updated geospatial liquefaction model for global 

application,” Bull. Seismol. Soc. Am., vol. 107, no. 3, pp. 1365–1385, 2017, doi: 

10.1785/0120160198. 

[5]  Badan Meteorologi, Klimatologi, dan Geofisika, Katalog Gempa Bumi Merusak Tahun 1821-2024. 

Jakarta: Badan Meteorologi, Klimatologi, dan Geofisika, 2025. Accessed: Jan. 23, 2026. [Online]. 

Available: https://content.bmkg.go.id/wp-content/uploads/Katalog-Gempabumi-Signifikan-Merusak-

1821-2025_BMKG.pdf 

[6]  R. Jena, B. Pradhan, G. Beydoun, A. M. Alamri, Ardiansyah, Nizamuddin, and H. Sofyan, H., 

"Earthquake hazard and risk assessment using machine learning approaches at Palu, Indonesia," Sci. 

Total Environ., vol. 749, p. 141582, Dec. 2020, doi: 10.1016/j.scitotenv.2020.141582. 

[7]  A. M. Kamal, M. T. Sahebi, M. S. Hossain, M. Z. Rahman, and A. K. F. Fahim, "Liquefaction hazard 

mapping of the south-central coastal areas of Bangladesh," Nat. Hazards Res., vol. 4, no. 3, pp. 520–

529, 2024, doi: 10.1016/j.nhres.2023.12.016. 

[8]  A. Ayele, K. Woldearegay, and M. Meten, "Seismic hazard evaluation using site response analysis 

and amplitude parameters at Hawassa town, Main Ethiopian Rift," Arab. J. Geosci., vol. 16, no. 3, p. 

212, 2023, doi: 10.1007/s12517-023-11301-8. 

[9]  A. Rachmadi, M. R. Septyandy, and M. A. Syam, “Determination of Liquefaction Hazard in 

Samarinda Using Fuzzy-GIS Method,” El-Jughrafiyah, vol. 4, no. 2, p. 273, 2024, doi: 

10.24014/jej.v4i2.33050. 

[10]  J. Hu, L. Huang, and Q. Shao, "Combination models of random forest for predicting seismic 

liquefaction based on SPT, CPT, Vs databases considering sampling strategies," Soil Dyn. Earthq. 

Eng., vol. 198, p. 109642, 2025, doi: https://doi.org/10.1016/j.soildyn.2025.109642. 

[11]  V. R. Kohestani, M. Hassanlourad, and A. Ardakani, "Evaluation of liquefaction potential based on 

CPT data using random forest," Nat. Hazards, vol. 79, no. 2, pp. 1079–1089, 2015, doi: 

10.1007/s11069-015-1893-5. 

[12]  A. H. Gandomi, M. M. Fridline, and D. A. Roke, "Decision tree approach for soil liquefaction 

assessment," Sci. World J., vol. 2013, no. 1, p. 346285, Jan. 2013, doi: 10.1155/2013/346285. 

[13]  S. Demir and E. K. Sahin, “Comparison of tree-based machine learning algorithms for predicting 

liquefaction potential using canonical correlation forest, rotation forest, and random forest based on 

CPT data,” Soil Dyn. Earthq. Eng., vol. 154, p. 107130, 2022, doi: 10.1016/j.soildyn.2021.107130. 

[14]  P. Chithuloori and J. M. Kim, "Soft voting ensemble classifier for liquefaction prediction based on 

SPT data," Artif. Intell. Rev., vol. 58, no. 8, p. 228, 2025, doi: 10.1007/s10462-025-11230-w. 

[15]  M. Ahmad, X. W. Tang, J. N. Qiu, F. Ahmad, and W. J. Gu, "Application of machine learning 

algorithms for the evaluation of seismic soil liquefaction potential," Front. Struct. Civ. Eng., vol. 15, 

no. 2, pp. 490–505, 2021, doi: 10.1007/s11709-020-0669-5. 

[16]  C. Y. Liu, C. Y. Ku, T. Y. Wu, Y. J. Chiu, and C. W. Chang, “Liquefaction susceptibility mapping 

using artificial neural network for offshore wind farms in Taiwan,” Eng. Geol., vol. 351, p. 108013, 

2025, doi: 10.1016/j.enggeo.2025.108013. 

[17]  Z. Ba, S. Han, M. Wu, Y. Lu, and J. Liang, "An enhanced hybrid approach for spatial distribution of 

seismic liquefaction characteristics by integrating physics-based simulation and machine learning," 

Soil Dyn. Earthq. Eng., vol. 187, p. 109007, 2024, doi: 10.1016/j.soildyn.2024.109007. 

[18]  A. S. Nejad, E. Guler, and M. Ozturan, "Evaluation of Liquefaction Potential Using Random Forest 

Method and Shear Wave Velocity Results," in Proceedings - 2018 International Conference on 

Applied Mathematics and Computational Science, ICAMCS.NET 2018, 2018, pp. 23–26. doi: 

10.1109/ICAMCS.NET46018.2018.00012. 



 

ISSN(P): 2797-2313 | ISSN(E): 2775-8575 

 

      

1259 

 
MALCOM - Vol. 6 Iss. 3 July 2026, pp: 1251-1259 

[19]  K. Jas and G. R. Dodagoudar, "Liquefaction Potential Assessment of Soils Using Machine Learning 

Techniques: A State-of-the-Art Review from 1994–2021," Int. J. Geomech., vol. 23, no. 7, p. 

3123002, 2023, doi: 10.1061/ijgnai.gmeng-7788. 

[20]  D. Ranjan Kumar and W. Wipulanusat, "Advancements in predicting soil liquefaction susceptibility: a 

comprehensive analysis of ensemble and deep learning approaches," Sci. Rep., vol. 15, no. 1, p. 

26453, Jul. 2025, doi: 10.1038/s41598-025-04280-1. 

[21]  C. Y. Liu, C. Y. Ku, Y. J. Chiu, and T. Y. Wu, "Evaluation of liquefaction potential in central Taiwan 

using random forest method," Sci. Rep., vol. 14, no. 1, p. 27517, Nov. 2024, doi: 10.1038/s41598-

024-79127-2. 

[22]  Y. Yang and Y. Wei, "A New Shear Wave Velocity-Based Liquefaction Probability Model Using 

Logistic Regression: Emphasizing Fines Content Optimization," Appl. Sci., vol. 14, no. 15, 2024, doi: 

10.3390/app14156793. 

[23]  T. L. Youd et al., "Liquefaction Resistance of Soils: Summary Report from the 1996 NCEER and 

1998 NCEER/NSF Workshops on Evaluation of Liquefaction Resistance of Soils," J. Geotech. 

Geoenvironmental Eng., vol. 127, no. 10, pp. 817–833, Oct. 2001, doi: 10.1061/(asce)1090-

0241(2001)127:10(817). 

[24]  ] I. M. Idriss and R. W. Boulanger, "SPT- and CPT-based relationships for the residual shear strength 

of liquefied soils," Soil Dyn. Earthq. Eng., vol. 68, pp. 57–68, 2015, doi: 

10.1016/j.soildyn.2014.09.010.  

[25]  N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, "SMOTE: Synthetic Minority Over-

sampling Technique," J. Artif. Intell. Res., vol. 16, pp. 321–357, 2002, doi: 10.1613/jair.953. 

[26]  P. K. Robertson, "Estimating soil unit weight from CPT," in Proc. 2nd Int. Symp. Cone Penetration 

Testing (CPT'10), Huntington Beach, CA, USA, 2010, pp. 1–8.  

[27]  L. Breiman, "Random forests," Mach. Learn., vol. 45, no. 1, pp. 5–32, 2001, doi: 

10.1023/A:1010933404324. 

[28]  C. Cortes and V. Vapnik, “Support-vector networks,” Mach. Learn., vol. 20, no. 3, pp. 273–297, 1995, 

doi: 10.1007/bf00994018. 

 

 

 
 


