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Abstract 
In this study, a backpropagation neural network algorithm was developed in order to predict the 
liquefaction cyclic resistance ratio (CRR) of sand-silt mixtures. A database, consisting of sufficient 
published data of laboratory cyclic triaxial, torsional shear and simple shear tests results, was 
collected and utilized in the ANN model. Several ANN models were developed with different sets of 
input parameters in order to determine the model with best performance and preciseness. It has 
been illustrated that the proposed ANN model can predict the measured CRR of the different data 
set which was not incorporated in the developing phase of the model with the good degree of ac-
curacy. The subsequent sensitivity analysis was performed to compare the effect of each parame-
ter in the model with the laboratory test results. At the end, the participation or relative impor-
tance of each parameter in the ANN model was obtained. 
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1. Introduction 
Cyclic Resistance Ratio (CRR) is one of the fundamental parameters in the prediction of liquefaction phenome-
non, frequently observed during many moderate to strong earthquakes in sand-silt mixture deposits. This para-
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meter can be determined using cyclic tests on the undisturbed or reconstituted laboratory specimens. 
In recent years, the application of artificial neural networks (ANNs) for the solution of variety of geotechnical 

engineering problems has been the focus of many researchers. The method of artificial neural networks essen-
tially involves the mapping of a complex input pattern with another complex output pattern using data pro- 
cessing models made up of extensively interconnected neurons [1]. Artificial Neural Networks (ANN), a po-
werful tool for statistical data manipulation, have been used in many complicated geotechnical engineering 
problems such as stress-strain modeling of soils, piles bearing capacity, settlement of shallow foundations, 
earthquake induced liquefaction and seismic lateral spreading [1] [2]. Considering of the high complexity and 
multiparameter dependence of soil response, relatively simple, but robust, feed-forward neural network models 
trained by back propagation algorithms have found wide usage in the field of geotechnical engineering [3]-[5]. 
Recently, many researchers [6]-[9] have implemented the ANN model in the assessment of liquefaction resis-
tance of sands. For example, a simplified method proposed by Juang et al. [10], based on cone penetration test 
(CPT) data, clearly illustrated the potential applicability and suitability of ANNs in the assessment of liquefac-
tion resistance. Rahman and Wung [11] have also contributed to this area of research by developing a neural 
network model based on standard penetration test (SPT) data. As indicated earlier, data from laboratory element 
tests provides another avenue for understanding the cyclic loading response of soils in a fundamental manner 
[12] [13]. Young-Su, and Byung-Tak [14] have attempted to use a limited number of element test results in the 
ANN model to explain the parameters affecting CRR. However, no comprehensive study has yet been con-
ducted to examine a wide-range laboratory test results on liquefaction resistance ratio (CRR) using ANN as a 
framework. 

Based on these considerations, this study introduces a new ANN model, developed to predict liquefaction re-
sistance of sand mixture with silt using published cyclic triaxial, hollow torsional and direct simple shear (DSS) 
tests data for various different sands. In essence, the model presents a characteristic relationship between the 
cyclic resistance ratio (CRR) and the parameters affecting liquefaction triggering.  

After investigating a number of models based on different combinations of input soil parameters, the final 
ANN model with best predication capability was proposed and parametric study was performed to verify the 
credibility of the model. 

2. Database Used for the Development of ANN Model 
In order to present a general and well-built ANN-based model for various types of soils with various initial 
states, a wide-range database was collected from previously published cyclic tests. Baziar and Sharafi [15]-[17] 
collected database contains parameters on the cyclic stress ratio and Liquefaction resistance. They carried out 
extensive tests for the complete database. In their experiments, the effect of the fines content on liquefaction 
strength and energy for liquefaction were investigated. They showed also effect fines content on the cyclic stress 
ratio (CSR) and cyclic resistance ratio (CRR). The database contains 540 cyclic triaxial, 121 cyclic torsional 
shears and 6 cyclic simple shear tests [18]-[25]. The criteria for failure (liquefaction triggering) is initial lique-
faction ( 1ur = ) or double amplitude of strain of 5% ( DA 5%ε = ), whichever occurs first. The main information 
from the tests needed for this study include; initial effective mean confining pressure, mean'σ  (kPa), initial rela-
tive density after consolidation, rD (%), percentage of fines content, FC(%), void ratio, e, the number of cycle 
of liquefaction, Nl, and measured cyclic resistance ratio required for liquefaction triggering, CRR. The range of 
parameters used for this study is presented in Table 1. From this table, it can be seen that mean'σ  varies be-
tween 50 and 400 kPa, while rD  and FC are varying between −44.5% to 105.1% and 0% to 100%, respective-
ly. Also, e and Nl range from 0.25 to 1.77 and from 0.6 to 10,000 respectively. In addition, the data set collected 
in this study contains data of some element tests under random loading (non-harmonic). 

3. Neural Network Development 
The database was randomly divided into two separate groups denoted as training and testing sets consisting 
about 70% and 30% of data, respectively. The testing set was utilized to determine when training should be 
stopped to avoid over fitting. In order to obtain a consistent data division, several combinations of the training 
and testing sets were experienced. The above selection was such that the maximum, minimum, mean and stan-
dard deviations of parameters were consistent in training and testing data sets (Table 1).  
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Table 1. Statistical characteristics of consistent training and testing sets.                                

Parameters 
Training set Testing set 

Max.a Min.b S.D.c Mean Max. Min. S.D. Mean 

σ'mean (kPa) 400 50 51.24 119.06 400 50 48.62 117.93 

Dr (%) 105.1 −44.5 26.91 54.58 104.3 −37.2 33.14 47.62 

FC (%) 100.0 0.0 16.71 22.70 100.0 0.0 23.49 17.66 

E 1.77 0.25 0.223 0.633 1.77 0.26 0.223 0.633 

Nl 10000 0.6 505.44 68.94 1525 0.5 172.56 50.87 

CRR 0.903 0.06 0.139 0.246 0.79 0.063 0.14 0.246 
aMaximum; bMinimum; cStandard Deviation. 

 
The network was trained with the back propagation algorithm. In seeking the most appropriate model, the 

minimum mean square error goal was set at a constant value of 0.01 and the number of hidden neurons for each 
ANN model was varied. The model with maximum R2 and minimum root mean square error (RMSE) was con-
sidered as the optimal ANN model. In the present study, one hidden layer was adopted and the number of hidden 
neurons considered for each ANN model ranged between 10 and 15. To overcome the network “memorizing or 
over-fitting,” there are a number of approaches including random re-sampling, and cross validation. The cross- 
validation approach was used here to determine the best network structure in this study. 

The model architecture was built with one hidden layer, a learning rate of 0.05 updated with a coefficient of 
1.05 after each epoch, and a momentum term of 0.9 updated with a coefficient of 0.9 after each epoch. The input 
vector was fully connected to the hidden neurons by a tan-sigmoid transfer function and the neurons of hidden 
layer were fully connected to the output layer via a linear function. Input vector contained soil initial parameters 
and output (the target vector), cyclic resistance ratio required to trigger liquefaction (CRR). In order to obtain a 
more efficient training process, the input and target were standardized to have zero mean and unity standard 
deviation. Cross-validation or employing another set of data for more testing can be used to increase the gene-
rality of the models for future predictions. In the prediction of CRR for this study, maximum of five inputs with 
different combination were considered. In fact, several ANN models using element tests data were constituted 
for predicting the CRR and among them, the model with better performance (R2-correlation factor greater coef-
ficient of determination and smaller MSE and MAE) for validation data set was selected. In other words, the 
ANN models were developed with the best performance concurrently for training, testing and validation data 
sets. Since, the models were only generated based on the element tests data and validated by the centrifuge tests, 
it is reasonable to anticipate that the model would be generalized enough to predict real earthquake induced li-
quefaction triggering. An extensive trial study was performed to select the most relevant input parameters for the 
ANN model. Five different ANN models were developed using different combinations of input parameters as 
indicated in Table 2. It can be seen from this Table that, except for Model 2, performances of the models are 
generally getting worse when input parameters are decreased. 

4. Results and Discussion 
According to Table 2, it can be seen that Models 1 and 2, are the most appropriate model to estimate the cyclic 
resistance ratio (CRR). As it is evident from this Table, correlation coefficient (R2) in these two models are 
more than other models regarding four categories of; training data, testing data, all data and validation data. 
Therefore, any of these two models can be selected as a model for predicting the cyclic resistance ratio (CRR). 
Model 1 is with five and Model 2 is with four parameters respectively. Table 3 summarizes the two more ap-
propriate ANN models with their selected input parameters. For these two models, the values of R2, MSE and 
MAE for all data set are shown in this Table. 

Model 2, however, seems more suitable due to the following reasons:  
1) The number of parameters in Model 2 is less than Model 1 
2) Correlation coefficient (R2) in Model 2 is greater than Model 1 
3) Two-parameters of; relative density (Dr) and void ratio (e), in Model 1 present almost the same soil charac-

teristics.  
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Table 2. Artificial neural network models used in this study.                                         

Model #  Performance  
Input Variables R2 MSE (%) MAE (%) 

1 σ'mean, Dr, FC, e, Nl 0.86 0.52 4.76 

2 σ'mean, Dr, FC, Nl 0.9 0.58 5.24 

3 σ'mean, FC ,e , Nl 0.67 1.41 8.24 

4 σ'mean, Dr, FC 0.82 0.65 5.76 

5 σ'mean, Dr, Nl 0.6 1.51 7.73 

 
Table 3. Summary of appropriated two ANN models developed for various input parameters.                

Model #    Performance 

Inputs Model Architecture  R2 MSE (%) MAE (%) 

1 σ'mean, Dr, FC, e, Nl 

Hidden Neurons 15 
All Element tests 0.86 0.52 4.76 

Validation 0.87 0.12 2.69 

Epochs 15000 
Training 0.9 0.38 4.44 

Testing 0.8 0.81 5.39 

2 σ'mean, Dr, FC, Nl 

Hidden Neurons 15 
All Element tests 0.9 0.58 5.24 

Validation 0.9 0.78 3.38 

Epochs 15,000 
Training 0.93 0.48 4.83 

Testing 0.83 0.99 6.35 

 
Based on this successful performance, Model 2 with 4 input neurons, 15 hidden neurons, and 1 output neuron 

were selected for the final predictions. Values of R2, MSE and MAE, produced from this model were 0.9, 
0.58%, 5.24% respectively for all element tests data and 0.9%, 0.78%, 3.38% for validation tests data. Figures 
1-3 illustrate the measured and predicted Cyclic Resistance Ratio values (CRR) for training, testing and all ele-
ment test data, respectively for the proposed Model (Model 2).  

For validation model was used two set data, element test data and centrifuge test data. Figure 4 shows results 
model for element tests data that these element test data are not used in the designed model. As it is seen, the 
prediction of the proposed Model, which has been designed based on only the element tests, is very good for the 
new element tests. Dief [26] performed several centrifuge tests on Nevada and Reid Bedford clean sands and 
LSFD silty sand. He processed the recorded accelerations and lateral displacements of the laminar box segments 
using lumped mass models and estimated the shear stress-strain history at different depths in centrifuge models. 
Due to unavailability of information for all his tests, only three tests with their needed information reported by 
him, were selected for the validation of the proposed model. Predicted Cyclic Resistance Ratio (CRR) by ANN 
model versus measured values for validation data set is showed at Figure 5. As it is seen, the prediction of the 
proposed Model, which has been designed based on only the element tests, is very good for the centrifuge tests. 
Density (Baziar and Sharafi, 2011). 

5. Parametric Study 
For further verification of the ANN model, a sensitivity analysis was performed in this study. The main goal was 
to find the effect of each parameter on the values of the cyclic resistance ratio (CRR) while generating liquefac-
tion. This parametric study was carried out also to find variations of cyclic resistance ratio (CRR) in the range of 
soil parameters values cited in Table 1 with other parameters kept constant at their average values. Similar to 
laboratory studies carried out by pioneers [27]-[31] on the dependency of liquefaction resistance of sands on ini-
tial relative density and effective confining stress, the results of the parametric study for the proposed model  
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Figure 1. Predicted CRR by ANN model versus measured values for training data.            

 

 
Figure 2. Predicted CRR by ANN model versus measured values for testing data.            

 
confirmed that the cyclic stress ratio of sands continuously increased with increasing initial relative density or 
effective confining stress while other parameters were kept constant. The parametric studies for three variation 
confining pressure, relative density and fines content with constant other factors were performed. Figures 6-8 
were showed result of parametric study for confining pressure, relative density and fines content. The effect of 
confining pressure on the cyclic resistance can be mentioned confining pressure increases, the liquefaction re-
sistance of silty sands decreases (Figure 9) [25] and with increasing relative density, the cyclic resistance ratio 
(CRR) was increased (Figure 10) [12] [35]. The effect of non-plastic FC on the liquefaction behavior of 
sand-silt mixtures is more complex than the effect of other variables. Several researchers have claimed that  
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Figure 3. Predicted CRR by ANN model versus measured values for all element data.        

 

 
Figure 4. Predicted CRR by ANN model versus measured values for validation data element test. 

 
sands deposits with silt content are much more susceptible to liquefaction than clean sand [15] [30]-[33]. How-
ever, there is no clear consensus in the literature about the effect of silt content increment on the trend of lique-
faction resistance of sands. Some researchers [16] [32] [33] showed that for non-plastic FC increasing up to 35% 
and 44%, respectively, the liquefaction resistance of sand-silt mixtures with constant global void ratio decreases 
with respect to clean sand, whereas for FC greater than these values, the liquefaction resistance increases. Polito 
and Martin [33] [34] performed a laboratory parametric study utilizing cyclic triaxial tests to clarify the effects 
of non-plastic fines on the liquefaction susceptibility of sands. They found that liquefaction resistance for high 
FC is generally less than that of materials with low FC for a constant soil relative density which is consistent  
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Figure 5. Predicted CRR by ANN model versus measured values for validation 
data centrifuge test.                                                    

 

 
Figure 6. Variations of cyclic stress ratio (CSR) by ANN model 
versus confining pressure, other parameters were kept constant at 
their average values.                                        

 

 
Figure 7. Variations of cyclic stress ratio (CSR) by ANN model 
versus relative density (Dr%), other parameters were kept constant 
at their average values.                                     
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Figure 8. Variations of cyclic streesratio (CSR) by ANN 
model versus FC, other parameters were kept constant at their 
average values.                                           

 

 
Figure 9. Effect of effective confining pressure on cyclic strength of 
sand (Amini and Qi 2000).                                      

 

 
Figure 10. Effect of relative density on cyclic strength of sand (Hazirbaba 2006).  
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with the results of a study reported by others [31]-[34]. Figure 11 shows a plot of cyclic resistance versus silt 
content for specimens of Yatesville sand and silt presented by Polito and Martin [34] and Figure 12 shows Fines 
content effect versus cyclic resistance ratio (CRR) with constant relative density by Baziar and Sharafi [16]. The 
marked drop in cyclic resistance occurs as the silt content exceeds the 35% (almost 40%). The largest amount of 
silt that can be accommodated in the voids created by the sand skeleton is called the limiting silt content and 
occurs between 25% and 45% for most sands [16] [35]. In the present study, the results of analysis for the 
change in FC indicated that the liquefaction resistance of sand-silt deposits increased when FC increased up to 
about 30% and thereafter it started decreasing (Figure 8). A comparison between Figures 8-12 reveals that the 
same trend as reported by Polito and Martin, Baziar and Sharafi using cyclic triaxial tests and cyclic hollow tor-
siona test on silty sand specimens [15] [16] [33] [34] and prepared by moist tamping approach adjusted to 30% 
relative density, exists for ANN Model prediction. The agreement between the laboratory tests results and the 
prediction by the ANN model encourages the credibility of the proposed ANN Model. 

6. Summary and Conclusions 
In this paper, a database including 667 laboratory cyclic tests on clean and silty sands were utilized to develop 
an ANN model to predict the amount of cyclic resistance ratio. To determine suitable input parameters, five in-
dividual ANN models were constituted. Consequently, two of the better models were validated using centrifuge 
tests. Finally, a model with four input parameters (σ’ mean, Dr, FC, and Nl) and one hidden layer with 15 neu-
rons was selected due to its good degree of accuracy and compatibility with basic understanding of liquefaction 
phenomenon. A parametric study was also conducted in this study using the proposed ANN model. The sensi-
tivity of cyclic resistance ratio due to variation of soil initial parameters was evaluated. Results of parametric 
study illustrated that cyclic resistance ratio of sand-silt mixture continuously decreased with increasing σ'mean and 
also with increasing relative density (Dr). Also, it slightly increased when fines content (FC) increased up to 
about 40%, then decreased continuously while its decrement rate declined for greater fines content (FC). Results 
of this parametric study were confirmed with the results of experimental studies presented by other researchers. 
Upon analyzing the final model with all the data sets, the relative importance of each input variable was calcu-
lated using the approach suggested by Garson [36]. This method identifies the relative importance (or contribu-
tion) of each input variable towards the hidden-output connection weights of each hidden neuron. Incorporating 
input-hidden and hidden-output connection weights in that approach, relative importance values of input para-
meters were calculated. Table 4 shows the connection weights and relative importance of parameters for the 
proposed Model. From this table, the relative importance of initial mean effective stress, relative density, fines 
content (FC) and number of cycle (Nl) were obtained to be 17.93%, 30.36%, 32.76%, and 18.95%, respectively. 
Based on this result, it can be readily noted that the fines content (FC) has the most significant effect on the pre-
dicted CRR.  

 

 
Figure 11. Effect of fines content on the liquefaction resistance of sand- 
nonplastic fines mixtures for constant values of global void ratio and CSR 
= 0.23 (Xenaki and Athanasopoulos 2003).                             
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Figure 12. Fines content effect versus cyclic resistance ratio 
(CRR) with constant relative density (Baziar and Sharafi, 2011).             

 
Table 4. Connection weights and relative importance of soil capacity ANN Model 2 calculated via Garson 
(1991) technique.                                                                             

Parameters  σ'mean (kPa) Dr (%) FC (%) Nl CSR 

Hidden units Connection weights 

1  0.170764 0.489665 0.419244 −1.41129 1.312929 

2  0.197623 −1.3809 1.06287 −0.21184 −0.28981 

3  0.324284 −0.49972 −0.58943 0.135815 −0.15695 

4  0.408461 −0.23365 −0.33718 0.185696 −0.98115 

5  −0.35238 −1.13819 −0.90536 −0.06843 0.758272 

6  −0.4645 0.724649 −0.341 −0.04448 1.578043 

7  1.948333 2.391507 0.696631 0.63519 −0.83496 

8  −0.67077 0.420503 2.29274 0.178 1.822792 

9  0.084247 −0.44361 −0.98367 0.541805 0.933036 

10  −0.76647 1.263759 −0.36732 0.362575 0.829294 

11  0.32506 0.243251 0.720633 0.383552 0.811208 

12  0.247671 0.781896 −0.1812 −0.16974 0.468473 

13  0.179584 −0.41725 1.632097 0.656932 −0.98362 

14  0.28459 0.195222 0.407578 −2.01355 −2.1825 

15  −0.97771 1.695769 −2.7525 −0.39127 −1.38656 

Relative Importance (%) 17.93 30.36 32.76 18.95  
Categories Intergranular contact density Fines content Number of cycle 

Total Relative  48.29  32.76 18.95 

Importance (%)  %  % % 

 
The predicted CRR values using the new model for sands and silty sands were also in good agreement with 

those obtained from physical model tests, demonstrating that the model is capable of effectively capturing the 
liquefaction resistance features. The ANN model has yielded coefficients of determination (R2) equal to 0.9 for 
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all element tests data and also validation tests data.  
The input parameters of the model were categorized into three groups named as inter-granular contact density 

(σ'mean, Dr), fines content (FC), and cyclic loading (Nl). Total relative importance values for these three catego-
ries have been 48.29%, 32.76% and 18.95%, respectively. The results presented here showed the acceptable 
performance of ANN model in predicting cyclic resistant ratio values of a soil system to experience liquefaction 
triggering. Therefore it can be concluded that although, the ANN methods lack fundamental linkage with the 
soil response from a mechanistic point of view, the results presented here clearly demonstrated that the proposed 
ANN models are suitable to serve as a quick interpolating/extrapolating tool for understanding the relationship 
between CRR and the effective parameters for liquefaction assessment. 
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