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Fig 12. performance indices chart for two ANFIS Models
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Empirical formula

Presented ANFIS

Bahrami et. al.

Azzouz et al.

Performanc Bowels(1979) (2013) Ahadian (2004) (1976) models
Index
SGFIS FCM-FIS
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 empiricaddels and two developed ANFIS models
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Abstract:
Idings and structures construction causedtsdile compacted and settlemebarrelations for compression
index (Cc)areof the methods to calculate the soil settlement. Cc can be measured with consolidation test
that islong lastingandtoo costly (because of low permeability of clay). Therefore, the researchers developed
some semi empirical relations to get Cc widference to ong@arameter. Given that Cc has nonlinear
relationship with these parameteand also other nonlinear problems which nieeginderstand the problem,
can be predicted by adaptive neuro fuzzy inference system (ANFIS). ANFIS is aayedtiforward
networks which is combination of fuzzy inference system (FIS) and neerabrk (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 ( SES and FCMFIS models ) have been developed to predict Cc. the
initial FIS were createdor SGFIS and FCMFIS modelshy subtractive clustering (SC) and fuzzmeans
clustering (FCM), respectively. The input parameters for the ANFIS maelsimilar to the input
parametes that were considered in the masmi empirical retions for calculation of Cc. These input
paraneters are: initial void ratioef), liquid limit (LL) and plastic limit (PL), which can be easily measured
in the laboratories.
In the SCFIS modelnumber of training epochsasfirstly adjusted to avoidver fitting and get the model
with suitable training timeLater, the neighborhood radius Jjrwas optimized to get the best number of
clusters NC). Finally, the SEFIS model was presented witie values oépoch = 200,,/= 0.25 and NC =
18. Similar to the SGFIS mode] , number of training epochf®r the FCMFIS modelwere adjustedt the
first and thennumber of clusters were optimized. Finally, the FENs was achieved witthe values of
Epochs = 250 and NC = 20.
In order to evaluate the ANFIS models results, four performance indices such as Coefficient of
Determination (B, Mean Absolute Error (MAE)Root Mean Square Error (RMSE) and Variance Account
For (VAF) were calculatedvalues of R2 for S&IS and FCMFIS models were 0.9743 and 0.9771,
respectively. Rvalues should be close to one to have guredliction;therefore, for the ANFS models with
the mentioned Rvalues, the Cc prediction isliable RMSE and MAE values should be close to 0. RMSE
values for the SEIS and FCMFIS models were 0.0094 and 0.0089, respectively. MAE values for the SC
FIS and FCMFIS models were 0.078oth RMSE and MAE values are lower than 0.01. The VAF values
for the SCFIS and FCMFIS models were 97.4255 % and 97.7083 %, which are close enough to 100 %.
According to the mentionedhlues ANFIS modelscanpredict Cowith high accuracy. Therefore, the ANFIS
models are able to predict Cc very close to the real védikes from laboratory tests and thareuld beno
more need to do the time consuming and costly laboratory tests.
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