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Abstract

Exploratory data analysis is the process of observing and understanding data collected from various
sources to identify their distributions and correlations through their structures and characterization.
This process can be used to identify correlations among conditioning factors and select the most
effective factors for analysis. This can help the assessment of landslide susceptibility, because land-
slides are usually triggered by multiple factors, and the impacts of these factors vary by region. This
study compared two stages of exploratory data analysis to examine the impact of the data exploration
procedure on the landslide prediction model’s performance with respect to factor selection. Deep-
learning-based landslide susceptibility analysis used either a combinations of selected factors or all 23
factors. During the data exploration phase, we used a Pearson correlation coefficient heat map and a
histogram of random forest feature importance. We then assessed the accuracy of our deep-learning-
based analysis of landslide susceptibility using a confusion matrix. Finally, a landslide susceptibility
map was generated using the landslide susceptibility index derived from the proposed analysis. The
analysis revealed that using all 23 factors resulted in low accuracy (55.90%), but using the 13 factors
selected in one step of exploration improved the accuracy to 81.25%. This was further improved to
92.80% using only the nine conditioning factors selected during both steps of the data exploration.
Therefore, exploratory data analysis selected the conditioning factors most suitable for landslide
susceptibility analysis and thereby improving the performance of the analysis.

Keywords: landslide susceptibility, exploratory data analysis, correlation coefficient, feature impor-
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Fig. 1. Study area: (a) location of Jecheon area, (b) landslide locations in Jecheon.
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Fig. 4. Random forest feature importance for 23 factors.
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Table 1. Rankings of groups of factors by importance (A : curvature, B : soil, C: forest)

Ranking Curvature (A group) Soil (B group) Forest (C group)
1 Profile (0.027643) Texture (0.007335) Age (0.165890)
2 Planform (0.019568) Thickness (0.004899) Density (0.136919)
3 Standard (0.017866) Drainage (0.002786) Diameter (0.022035)
4 - Sub-texture (0.001420) Height (0.010336)
5 - - Type (0.004495)

FRH 2 Aol AR Q1L 5 T T1E] 3 AL oF A Q1A10] -9 AR Ao ko] w2 QlAte| ARk 11
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Table 2. Ranking of features by importance
Ranking Feature name Importance value

1 Forest age 0.20

2 Forest density 0.17

3 Aspect 0.13

4 Land use 0.13

5 Lithology 0.08

6 Slope angle 0.07

7 Elevation 0.06

8 TWI 0.05

9 Profile curvature 0.05
2 7|HH ALALEY FIoH B4 2 Za
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8.01% HI&0] 2.74% & WopA A RHlC] AJ-5o] 4 Hat ofzt bt 2|5 fledshal wetshs Hleo] &0
SHA oIS o] A= ol 7]ofet A o= Helr,

(@)

Landslide Landslide Landslide
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Fig. 6. Landslide susceptibility maps: (a) non EDA, (b) first EDA, (c) second EDA.
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Fig. 7. Receiver operating characteristics graph.
Table 3. Comparison of model performance
Non EDA Ist EDA 2nd EDA
Number of cells Percentage Number of cells Percentage Number of cells Percentage
Very low 1,504,394 48.84 784,711 2547 1,130,399 36.70
Low 11,083 0.36 802,090 26.04 1,205,605 39.14
Moderate 11,071 0.36 931,940 30.25 488,531 15.86
High 11,131 0.36 314,990 10.23 171,398 5.56
Very high 1,542,727 50.08 246,675 8.01 84,473 2.74
AUC 55.90% 81.25% 92.80%
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