SIEX|ERIATISR =2 E M212

2% 2022H 6 pp. 21 ~ 30
J. Korean Geosynthetics Society Vol.21 No.2 June 2022 pp. 21 ~ 30

DOI: hitps://doi.org/10.12814/jkgss.2022.21.2.021
ISSN: 2508-2876(Print)  ISSN: 2287-9528(Online)

a

x (o)
AlZolTAIHTLS 0] 2%}

QIO YT A

Calculation of Shear Strength of Rock Slope Using Deep Neural Network

VAP, HFAPH, AN, A5

Ja-Kyung Lee', Ju-Sung Choi**, Tae-Hyung Kim’, Zong Woo Geem*

'Non-Member, Graduate Student, Dept. of Civil Engineering, Korea Maritime and Ocean Univ., 727 Taejong-ro, Yeongdo-gu, Busan, Republic

of Korea

“Non-Member, Graduate Student, Dept. of Civil Engineering, Korea Maritime and Ocean Univ., 727 Taejong-ro, Yeongdo-gu, Busan, Republic

of Korea

*Member, Professor, Dept. of Civil Engineering, Korea Maritime and Ocean Univ., 727 Taejong-ro, Yeongdo-gu, Busan, Republic of Korea

“Non-Member, Professor, Dept. of Smart City & Energy, Gachon Univ., 1332 Seongnam-daero, Sujeong-gu, Seongnam-si, Gyeonggi-do,

Republic of Korea

ABSTRACT

Shear strength is the most important indicator in the evaluation of rock slope stability. It is generally estimated by comparing

the results of existing literature data, back analysis, experiments and etc. There are additional variables related to the state

of discontinuity to consider in the shear strength of the rock slope. It is difficult to determine whether these variables exist

through drilling, and it is also difficult to find an exact relationship with shear strength. In this study, the data calculated

through back analysis were used. The relationship between previously considered variables was applied to deep learning and

the possibility for estimating shear strength of rock slope was explored. For comparison, an existing simple linear regression

model and a deep learning algorithm, a deep neural network(DNN) model, were used. Although each analysis model derived

similar prediction results, the explanatory power of DNN was improved with a small differences.
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Table 1, Dataset sample

*Shear strength(kPa) Cohesion(kPa) Friction angle(" ) Plane angle(" ) State Target
8.319485 17 5 7 1 1
17.46647 17.6 25 27 1 1
3.394669 9.8 30 50 1 2
8.294669 147 30 46 1 2
14.56647 147 25 34 2 2
12.03716 9.8 20 34 2 2
21.83716 19.6 20 25 1 3
7.448361 6.8 10 31 1 3
17.46647 17.6 25 40 1 3
12.03716 9.8 20 42 1 3

* Calculated value for supervised learning(Normal stress is treated as a constant)
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Fig. 1. Distribution of the data
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Table 2. OLS regression result form

OLS Regression Result

Dep,Variable R—squared
Model OLS Adj, R—squared
Method Least Squared F-statistic
Prob
(F—statistics)
Log—Likelihood
No.Observations AIC
Df Residuals BIC
Df Model
coet std err t Py |¢] [0.025 0.975]
Intercept
test_data
Omnibus Durbin—Watson

Prob (omnibus)

Jarque—Bera (JB)

Skew

prob (JB)

Kurtosis

Cond. No,

Table 3. OLS regression result

R—sugared

Coefficient of determination, It represents the ratio of data that the regression model can explain among the total data, and
the explanatory power of the regression formula, The closer to 1, the better the performance,

Adj. R—squared

Coefficient of determination adjusted according to data that aid the model

F—statistic

It can be seen whether the derived regression equation is appropriate, The closer to 0, the more appropriate,

Prob (F—statistic)

An indicator to determine whether the regression equation is significant, If it is less than 0,05, it is judged that the variables
are very related,

No, Observations

total number of samples

Degrees of freedom of the residuals, The value obtained by subtracting the number of variables (dependent and independent

Df Residuals .
variables) measured from the total number of samples
Df Model number of independent variables
AIC Evaluate the model based on the number of samples and the complexity of the model, The lower the number, the better,
BIC It is similar to AIC, but by giving a penalty, the model evaluation response is better than AIC, The lower the number, the better,
coef regression coefficient
std err The standard error of the coefficient estimate, The smaller the value the better
| t—test, It refers to the correlation between the independent variable and the dependent variable, The larger the value, the
greater the correlation,
P—value, It means the probability of significance of the independent variables and must be less than 0,05 to be significant,
P) | l‘| It is the probability of observing a statistic that is  ‘same as or more extreme’ than the statistic actually observed in a
sample, provided that the hypothesis is correct,
0.025 0.975 |Confidence Intervals for Regression Coefficients
Ormnibus D;Angostino's Test, It is a normality test that combines asymmetry and kurtosis, and the larger the value, the more the normal

distribution follows,

Prob (omnibus)

An indicator of whether the D;angostino’ s test is significant, If it is less than 0,05, it is judged to be significant,

Durbin—Watson

Durbin Watson Normality Test, Determine whether the residuals are independent, When it is between 1.5 and 2.5, the residuals
are judged to be independent, and as they are closer to O or 4, the residuals are judged to have autocorrelation,

Jarque—Bera (JB)

Jarque Bera Normality Test, A larger value means that data with a normal distribution was used,

Skew Skewness, An indicator that judges the symmetry of the residuals around the mean, The closer to O, the more symmetrical,
Kurlosis Distribution of the residuals, A negative number indicates a flat shape, a positive number indicates a sharp shape, and the
closer to 3, the more normal distribution,
Cond No Multicollinearity test. It is to see if there is a correlation between independent variables, and if it is 10 or more, it is judged

that there is multicollinearity.
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Table 4. Coefficients of each term
Independent variable Cohesion Filling type Discontinuity type Discontinuity slope Friction angle
Coefficient 0.913 1.607 0.410 -0.018 —0.281
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5
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Fig. 3. Comparison of test data and predicted values by multi Linear regression
Table 5. OLS result of MLR model
OLS Regression Result
Dep, Variable pred_data R—squared 0.681
Model OLS Adj. R—squared 0.664
Method Least Squared F-statistic 40.59
Prob
4 12e—
(F—statistics) 126-06
Log—Likelihood —50.121
No,Observations 21 AIC 104.2
Df Residuals 19 BIC 106.3
Df Model 1
coet std err t Py|¢] [0.025 0.975]
Intercept 4.3081 1.512 2.850 0.010 1144 7.472
test data 0.6817 0.107 6.371 0.000 0.458 0.906
Omnibus 4261 Durbin—Watson 1.769
Prob (omnibus) 0.119 Jarque—Bera (JB) 3.134
Skew 0.946 prob (JB) 0.209
Kurtosis 2933 Cond. No, 355
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Fig. 5. Comparison of test data and predicted values by Deep Neural Network

Table 6. OLS result of DNN model

OLS Regression Result

Dep.Variable pred_data R—squared 0,821
Model OLS Adj, R—squared 0,812
Method Least Squared F-statistic 8717
(F—sFt);?:tics) 1.576-08
Log-Likelihood —44 473
No,Observations 21 AIC 92.95
Df Residuals 19 BIC 95,04
Df Model 1
coet std err t Py|¢] [0.025 0.975]
Intercept 22863 1,155 1.979 0.062 —0,131 4704
test_data 0.7634 0.082 9.337 0.000 0.592 0.934
Omnibus 1,269 Durbin—Watson 1,853
Prob(omnibus) 0.530 Jarque—Bera(JB) 1100
Skew 0.390 prob(JB) 0,577
Kurtosis 2.195 Cond, No, 355
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