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Formula References Rar]ge f)f
application
C.=0.007 (LL—7) Skempton
(1944)[20] All clays
_ Nishida
C. = 1.156(eq — 0.27) (1956)[21] All clays
_ _ Terzaghi et. Al Undisturbed
C. =0.009 (LL — 10) (1996)[22] clays
_ _ Terzaghi et. Al Disturbed
C. = 0.007 (LL — 10) (1996)[22] clay
_ Bowels
C. = 0.156e, + 0.0107 (1979)[23] All clays
Randon-
1+e
C. = 0.141G3* (G—O)Z-38 Herrero All clays
s (1982)[24]
. Cohesion
_ Sew & Chin
C. = 0.156¢, + 0.0107 (2000)[25] Iess_ and_
organic soils
C. = 0.1466¢, + 0.4 Bahrami ei. al.
C. = 0.196¢, + 0.15 (2013)[26] Clay
Park & .
n,
Cc = 371747 —4275m Koumoto Und:j;urbe‘j
' =M (2004)[27] y
. Laboratory
Ahadian .
C, = 0.0681e1405% undisturbed
(2004)[28] il
Brazil soil
C. =0.0046 (LL — 9) ' :
T e
c— n soils
Ce = 0.02 + 0.014P] Nacei et al. T,Zfl;\ln?ir(tzh
c= ™ : (1975)[30] soils

Table 1. Semi empirical relations for Cc
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Inputs LL (%) 19.400 63.000
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Output Cc 0.038 0.330
Table 2. The data ranges for developing ANFIS models
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Fig 2. Four examples of many investigated plots to get the training errors for training and validation data in SC
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Fig 6. SC-FIS model Flowchart
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Fig 7. Measured Cc vs. the predicted values by SC-FIS model along with the R? = | line a) training subset; b) validation subset,
and c) testing subset
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Performance index Dataset SC-FIS FCM-FIS

Training 0.9772  0.9796

, Validation 0.9773 0.977

R Testing 09552  0.968
All 0.9743 0.9771

Training 0.0084  0.0084

Validation  0.013 0.0092

RMSE Testing 0.0112  0.0108
All 0.0094 0.0089

Training  0.0063 0.0069

Validation 0.0117 0.0077

MAE Testing  0.0097  0.0093
All 0.0073 0.0073

Training 97.7146  97.953
Validation 97.7263 97.3595

VAF :

Testing 95.5181  96.736
All 97.4255 97.7083

Table 3. Performance indices for two ANFIS models
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Fig 12. performance indices chart for two ANFIS Models
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Empirical formula

Presented ANFIS

Performance Bowels(1979) Bahzggwlléa)t. al Ahadian (2004) Azz(cl)gé(ae)t al. models
Index C. C. C.
= 0.156¢, =0.196¢, C, =0.0681e'4%%%  =0.208¢, SC-FIS FCM-FIS
+ 0.0107 + 0.15 + 0.0083
R 0.4831 0.4831 0.4859 0.4831 0.9743 0.9771
RMSE 0.0600 0.1428 0.0554 0.0466 0.0094  0.0089
MAE 0.0476 0.1330 0.0401 0.0351 0.0076 0.0073
VAF 33.3908 38.8809 46.4226 40.2834 97.4225 97.7083
Table 4. Performance indices for the semi empirical models and two developed ANFIS models
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Abstract:
Idings and structures construction caused soil to be compacted and settlement. Correlations for compression
index (Cc) are of the methods to calculate the soil settlement. Cc can be measured with consolidation test
that is long lasting and too costly (because of low permeability of clay). Therefore, the researchers developed
some semi empirical relations to get Cc with reference to one parameter. Given that Cc has nonlinear
relationship with these parameters, and also other nonlinear problems which need to understand the problem,
can be predicted by adaptive neuro fuzzy inference system (ANFIS). ANFIS is a multi-layer forward
networks which is combination of fuzzy inference system (FIS) and neural network (NN). FIS is used for
mapping the input space to the output space and NN is used to learn from inputs and output data.
In this paper, two ANFIS models ( SC-FIS and FCM-FIS models ) have been developed to predict Cc. the
initial FIS were created for SC-FIS and FCM-FIS models by subtractive clustering (SC) and fuzzy c-means
clustering (FCM), respectively. The input parameters for the ANFIS models are similar to the input
parameters that were considered in the most semi empirical relations for calculation of Cc. These input
parameters are: initial void ratio (eg), liquid limit (LL) and plastic limit (PL), which can be easily measured
in the laboratories.
In the SC-FIS model, number of training epochs was firstly adjusted to avoid over fitting and get the model
with suitable training time. Later, the neighborhood radius (r,) was optimized to get the best number of
clusters (NC). Finally, the SC-FIS model was presented with the values of epoch = 200, r, = 0.25 and NC =
18. Similar to the SC-FIS model, , number of training epochs for the FCM-FIS model were adjusted at the
first and then, number of clusters were optimized. Finally, the FCM-FIS was achieved with the values of
Epochs = 250 and NC = 20.
In order to evaluate the ANFIS models results, four performance indices such as Coefficient of
Determination (R?), Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and Variance Account
For (VAF) were calculated. Values of R2 for SC-FIS and FCM-FIS models were 0.9743 and 0.9771,
respectively. R? values should be close to one to have good prediction; therefore, for the ANFIS models with
the mentioned R? values, the Cc prediction is reliable. RMSE and MAE values should be close to 0. RMSE
values for the SC-FIS and FCM-FIS models were 0.0094 and 0.0089, respectively. MAE values for the SC-
FIS and FCM-FIS models were 0.073. Both RMSE and MAE values are lower than 0.01. The VAF values
for the SC-FIS and FCM-FIS models were 97.4255 % and 97.7083 %, which are close enough to 100 %.
According to the mentioned values, ANFIS models can predict Cc with high accuracy. Therefore, the ANFIS
models are able to predict Cc very close to the real values taken from laboratory tests and there would be no
more need to do the time consuming and costly laboratory tests.
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