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[Abstract]

This study developed an eco-geological approach for predicting rock classes in forest road cut slopes
using forest spatial information and machine learning. A total of 330 cut slopes in eastern Jeollanam-do,
South Korea, were classified as Hard Rock, Soft Rock, Weathered Rock, or Soil. Topographic and
geological variables were combined with forest-derived growth indicators, including HIAge, HIAC,
HIDBH, and DBHAge. Seven machine learning algorithms were compared, and Random Forest achieved
the highest performance, with an accuracy of 93.88% and an AUC of 0.9895. HIAge and HIAC
showed high effect sizes and variable importance, indicating that vegetation growth characteristics may
reflect bedrock weathering conditions. The results suggest that forest-derived indicators can serve as
eco-geological proxies for high-precision rock class prediction and provide a cost-effective, non-invasive

method for assessing ground conditions in forested mountainous areas.

» Key words: Rock Class Prediction, Machine Learning, Forest Spatial Information, Eco-Geological Proxy,
Forest-Derived Growth Indicators
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Introduction of Ground Classification System
and Machine Learning
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1.2 Eco-geology and bedrock - vegetative interaction
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1.3 Research Gaps and an Integrated Rock Class
Prediction Framework Using Forest Spatial Information
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III. The Proposed Scheme

1. Study Area and Data Configuration
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2. Variable Configuration and Forest-derived

Variables
Table 1. Data Configuration
Item Value Description
dependent RC Rock Class (HR, SR,
variable WR, S)
topographic SLOmean, Average slope,
. ELEmean, elevation,
variables
CUgeneral general curvature
ran.dom DBH, HI, Age the diameter of the
variable chest
Derivative ratio | HIAge, HIAC, EflteIZt Oc:i;ar::tref:g
variable HIDBH, DBHAge
wage age/age age
Water species,
Categorical TN, REFROCK, geological college,
variables PRRCKMDN and parent rock
classification

Table 12 2 9170 S8l wis0] 243} s £
S izt Zolch. F4%4E Y95F(Rock Class: RO)

ojt}, Sy APU(B A SLOmean, B 1L
SECAEEERE
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Fig. 2. Dependent variable distribution and scatterplot
and variable characteristic distribution graphs.
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Fig. 3. Derivation of ML-based classification prediction
model analysis.(R4.0 program)

IV. Conclusions
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Model Performance Comparison based on AUC
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Fig. 4. AUC-based model performance comparison graph
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Table 20]A] Random Forest(RF)+= Accuracy
93.88%, AUC 0.9895 ¥ Fl-score 0.93742 UEht F
R Ha wY ke M 94 e ugr
MLP_Single® Accuracy 92.86%, AUC 0.9695 %
Fl-score 0.92212 UER} RFo]| o]0 & Wz =2 X
ste @t Fl-scoreE® HYth NNETQ Accuracy=
86.73%, AUC+x= 0.9508, Fl-score= 0.8664% 04,
XGBoost=  Accuracy 83.67%, AUC 0.9730 %
Fl-score 0.8249=2 UERITHTable 2).

Table 2. Model Performance

MODEL Accuracy AUC F1-score
Random o
Forest (RF) 93.88% 0.9895 0.9374
MLP (Single) 92.86% 0.9695 0.9221
NNET 86.73% 0.9508 0.8664
XGBoost 83.67% 0.9730 0.8249
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