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Development of the Prediction Model for Saturated Hydraulic
Conductivity of Soils Using Artificial Neural Networks
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Abstract

Saturated hydraulic conductivity of soil is critical soil properties in stability of geotechnical infrastructures. However, the development
of a prediction model with high performance for saturated hydraulic conductivity is relatively challenging because of its high uncertainty.
This study developed a prediction model for saturated hydraulic conductivity of 11 soils using an artificial neural network (ANN).
The performance of the developed ANN model was evaluated for 10 scenarios comprising 1 to 3 hidden layers with 6 to 54 nodes.
The coefficient of determination, root mean squared error, and Fr values (predictability of the developed model between 0.1 to
10 times) were used to evaluate the performance of the developed ANN model.
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(Dolinar, 2009; Chapuis, 2012; Ren and Santamarina, 2018;
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Fig. 1. Boxplots of Logio (K,) for 11 Soil Textures Used in
Development of ANN-Based Prediction Model
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Table 1. Notations of 13 Selected Predictors and Corresponding
Descriptions

Notation Description
o (g/em’) Bulk density
ocC Organic content

Fsand (%) Sand content
Fsilt (%)

Felay (%)

Silt content

Clay content

VCOS (%) Very coarse sand fraction
COS (%) Coarse sand fraction
MS (%) Medium sand fraction
ES (%) Fine sand fraction
VES (%) Very fine sand fraction
dio (%) 10™ percentile particle size
dsp (%) Median particle size
C, Coefficient of uniformity

Table 2. Statistical Descriptions of 13 Predictors in the Database

Predictor Mean + Std. Median CcvV
o (g/em’) 1.53 + 0.17 1.55 0.11
logiy (OC) -0.60 = 0.57 -0.66 -0.95
Fsand (%) 85.67 + 15.84 92.00 0.18
Fsilt (%) 5.57 £ 7.08 3.80 1.27
Fcelay (%) 8.77 £ 11.89 3.10 1.36
VCOS (%) 0.34 + 1.05 0 3.09
COS (%) 3.76 + 4.54 2.1 1.21
MS (%) 20.89 £ 16.79 16.8 0.8
ES (%) 50.22 + 20.57 49.4 0.41
VES (%) 10.45 + 8.58 8.2 0.82
dip (%) 51.95 + 44.46 55.92 0.86
dsy (%) 167.15 + 68.75 156.30 0.41
logio (C,) 2.84 + 2.62 1.19 0.92
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Table 3. Variation Inflation Factor (VIF) Values of 13 Predictors

Predictor VIF
o (g/em’) 1.67
logi (OC) 1.59
Fsand (%) 2.01 x 10
Fsilt (%) 1,495.9
Felay (%) 4,626.5
VCOS (%) 8.99 x 10°
COS (%) 1.67 x 107
MS (%) 228 x 10°
FS (%) 3.41 x 108
VES (%) 5.89 x 107
dig (%) 6.72
dsp (%) 18.32
logio (Cu) 7.91
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Fig. 2. Structure of the ANN Model for 4 Predictors and 2 Layers
with 6 Nodes Each

Table 4. Variation Inflation Factor (VIF) Values of 13 Predictors

Scenario No. | Number of layers Number of neurons

1 1 6

2 1 18

3 1 36

4 1 54

5 2 [6 6]

6 2 [12 12]
7 2 [18 18]
8 2 [24 24]
9 3 [12 12 6]
10 3 [18 18 12]

A iteration®] 4,0001 ©1’d =Y =H training 2 HF=
stop criterias 28350 £ 01?_4 ANN o] e 0]
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Fig. 3. Performance of Developed ANN Model for Training Set
(Single Layer with 54 Neurons)
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Fig. 4. Performance of Developed ANN Model for Testing Set
(Single Layer with 54 Neurons)
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Table 5. R?>, RMSE, and Fr Values of Developed ANN Models (4 Predictors)

Scenario No. R? RMSE Fr
1 0.8365 + 0.0037 0.5133 + 0.0061 0.9309 + 0.0032
2 0.8341 + 0.0123 0.5165 + 0.019 0.9305 £ 0.0041
3 0.8299 + 0.0111 0.5234 + 0.0186 0.9325 + 0.0035
4 0.8212 + 0.0312 0.5397 + 0.0530 0.9317 + 0.0041
5 0.8339 + 0.0176 0.5197 £+ 0.0248 0.9306 £+ 0.0030
6 0.8047 + 0.0416 0.5652 £+ 0.0623 0.9301 £+ 0.0049
7 0.8227 + 0.0149 0.5368 = 0.0248 0.9314 £ 0.0049
8 0.7668 + 0.0587 0.6446 + 0.1118 0.9262 + 0.0047
9 0.8125 + 0.0201 0.5530 + 0.0325 0.9297 + 0.0021
10 0.7869 + 0.0395 0.6003 = 0.0666 0.9256 + 0.0069
Table 6. R?>, RMSE, and Fr Values of Developed ANN Models (All Predictors in Table 3)
Scenario No. R’ RMSE Fr
1 0.8473 + 0.0039 0.4995 + 0.006 0.9361 + 0.0024
2 0.8542 + 0.0063 0.4864 = 0.0098 0.9400 £+ 0.0036
3 0.8567 + 0.0070 0.4845 + 0.0123 0.9413 + 0.0041
4 0.8438 + 0.0180 0.5117 + 0.0285 0.9405 + 0.0054
5 0.8507 + 0.0047 0.4946 + 0.0071 0.9372 + 0.0043
6 0.8532 + 0.0088 0.4932 + 0.0153 0.9394 + 0.0034
7 0.8542 + 0.0081 0.4948 + 0.0136 0.9436 + 0.0043
8 0.8371 + 0.0201 0.5306 + 0.0392 0.9429 + 0.0037
9 0.8487 + 0.0182 0.5003 + 0.0322 0.9409 + 0.0037
10 0.8426 + 0.0093 0.5194 + 0.0142 0.9413 + 0.0031
olSMATE 0|83 Fo| ZatFEAls olE 22 i 183
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Fig. 5. Performance of ANN Model for 11 Soil Textures. Numbers
Next to the Bar Indicate the Number of Data in Corresponding
Soil Texture
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