
 

Abstract— Site exploration, characterization and prediction of 

soil properties by in-situ test are key parts of a geotechnical 

preliminary process. In-situ testing is progressively essential in 

geotechnical engineering to recognize soil type and stratigraphy 

alongside. In this study, a general regression neural network 

(GRNN) model was developed for estimating standard 

penetration resistance (SPT-N) value. In order to develop the 

GRNN model, 121 SPT-N values have been collected from 13 

boreholes spread over an area of 17 km
2
 of Izmir, Turkey 

including fine-grained deposits of mostly silt and clay with 

weathered gravel and sand. While developing the model, borehole 

location coordinates and soil type percentages were used as input 

parameters. The results obtained from the models were compared 

with those obtained from the field tests. Moreover, several 

performance indices, such as determination coefficient, variance 

account for, mean absolute error, root mean square error, and 

scaled percent error were calculated to check the prediction 

capacity of the model developed. The obtained indices make it 

clear that the ANN model has shown high prediction 

performance.  

 
Keywords— Standard penetration test, general regression 

neural network, in-situ test.  

I. INTRODUCTION 

The complex geotechnical behavior and uncertainty of soil 
are a challenge for a simplified geotechnical model. In the case 

of nonlinear modeling, phase of using traditional modeling 

techniques of MR in predicting SPT; association between 

independent variables such as soil types and borehole 

coordinates cannot be performed and thus the development of a 

comprehensive model of SPT-N estimation is almost 

impossible for this technique. An alternative approach using 

artificial neural networks (ANN) is developed based on field 

SPT-N data to determine the organization and parameters of the 

model. The process is suitable to model complex problems 

where the relationships between the model variables and 
parameters are unknown for the model process of the complex 

problem. The use of the different numerical and graphical 

procedures can be served the geotechnical engineer as the 

exceptionally compelling instruments [1]. 

Bozbey and Toğrol [2], and Kayabaşı [3] studied the 

correlations of SPT-N value and pressuremeter parameters 

Schmertmann [4], Chang (1988) and Akca (2003) investigated 

empirical equations between cone penetration test (CPT) and 
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SPT-N value in literature. Ahmed et al. (2013) proposed a 

unified approach correlating CPT and SPT readings for both 

crushable-calcareous and non-crushable-siliceous sands. The 

studied soil was qualified by the compressibility related to CPT 

in terms of the behavior index (Ic), and the compressibility 

related to SPT in terms of the mean diameter (D50). Mohamed 

and Vanapalli (2015) investigated the bearing capacity of 

shallow foundations of sands from CPT-SPT correlations.  

In this work, a detailed study of the geological and 
geotechnical behavior of Zeytindagi Formation soil was 

conducted. The topography and geologic history of the 

Zeytindağı formation slope influences the behavior of the 

Manisa-Izmir State Road. The roadway is located near the crest 

of an ancient valley slope and is situated below the top of a 

plain between Izmir and Bornova fault zone. Theses slopes 

consist of ancient landslides created by the unpredictable 

earthquake effects in the post glacial period. Gediz Basin is 

bordered in the north by the Bornova Fault and in the south by 

the İzmir Fault. Sedimentary rocks with ages ranging from 

Lower Miocene to middle Miocene are exposed in İzmir and its 
environs. The Miocene aged deposits in the test area were 

affected by these two faults with the developed alluvium 

deposits. Historical earthquakes and morphological traces of 

the faults show that the Bornova and İzmir faults are active 

faults. A general aspect of the study area is depicted in Figure 1. 

 

 
Fig. 1. Tectonic structure of the study area 

 

A total of 13 boreholes in in the central station were drilled 
and 121 SPT were performed in the boreholes. A series of 

laboratory tests were applied for the slope stability project of 

Izmir-Manisa State Road. Sieve tests, Atterberg limit tests, 

natural moisture content tests were conducted on the borehole 

samples. The soil samples of the boreholes consist of 

fine-grained material 69 % and 51 % silt sized material; 11 of 
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84 samples are mainly low  plastic (CL), with the exceptions 

being 61 sample  silts with high plasticity to low plasticity (ML 

and MH) and 12 samples that are high plastic clay (CH). All of 

the samples of the boreholes separate nearly parallel and under 

to the A line of the plasticity chart. The mean values of the 

liquid limit (LL) and plastic limit (PL) are 51 and 30 %, 
respectively with a mean plasticity index value of 19 %. 

II. STANDARD PENETRATION TEST 

SPT is a commonly used method of investigating soil 

properties such as bearing capacity, liquefaction and site 

characterization. The test is applicable to a widely ranged soil 

conditions. Although the use of this test is prevalent in 

subsurface investigations, it has some majör drawbacks [1]. 

With the advance of modern geotechnical engineering the 
actual driving energy of the SPT entering the rods was 

measured easily as described in ASTM D4633 by energy 

measurement devices. 

SPT-N was normalized to an overburden pressure of 100 kPa 

as part of semi-empirical procedure using the correction factor 

(CN) proposed by [9]. The CN value was limited to a maximum 

value of 1.70 as suggested by [10] and this factor commonly 

calculated from the following equation (1): 

                                (1) 

where, 𝜎𝑣0
′  is effective overburden pressure and 𝑃0 is 100 kPa 

(Kayen et al. 1992). Field SPT-N value was corrected for CN 
using equation (2) proposed by [11] for measured values used 

in GRNN model: 

𝑁𝑐𝑜𝑟 = 𝑆𝑃𝑇𝑁 × 𝐶𝑁                                (2)  

The negative pore pressure of the SPT sampler into saturated 

sand and silts may result in higher shearing resistance. 

Therefore, Ncor values greater than 15 and under ground water 

level, obtained from equation (2) were corrected using the 

equation of [12]: 

 

𝑁𝑐𝑜𝑟
′ = 15 + 0.5 × (𝑁𝑐𝑜𝑟 − 15)                      (3)  

 

Figure 2 shows soil profile of the study area and SPT values 

with soil classification for borehole 1 (BH-1). 

                                                                                                

 
Fig. 2. SPT blow counts for Borehole 1 and a soil profile of study area 

III. GENERALIZED REGRESSION NEURAL NETWORK MODEL 

Artificial Neural Networks (ANN) governs the learning of 
the connection between input and output variables in a way 

similar to the human brain, without preconditioned or optional 

assumptions (McCulloch and Pitts, 1943). The human brain 

resembles systems of learning, association, classification, 

making generalizations, estimation and optimization were 

provided by ANN as an information system (Haykin 1994). 

The limitations of various numerical modeling techniques 

and fails of many mathematical models for highly non-linear 

behavior of soils are also considered to be complex, 

time-consuming and not always practical for geotechnical 

approaches. The limitations of various numerical modeling 

techniques and fails of many mathematical models for highly 
non-linear behavior of soils are also considered to be complex, 

time-consuming and not always practical for geotechnical 

approaches. In geotechnical engineering problems as with 

many areas of civil engineering, ANN has been used with great 

accuracy to predict and model the field tests. 

A GRNN model with soil type and borehole location is 

designated for predicting the SPT-N values of the soils by using 

the neural network toolbox written in Matlab environment [13]. 

In order to develop the GRNN model, 121 SPT-N values have 

been collected from 13 boreholes spread over an area of 17 km2 

of Izmir, Turkey including fine-grained deposits of mostly silt 
and clay with weathered gravel and sand. In GRNN model, 

sand %, gravel %, silt % and clay % with borehole X,Y,Z 

coordinates from the reference point in the three geometric 

directions were used as the input parameters, while the 

measured SPT-N value was the only output parameter. The 

descriptive statistics of eight field and coordinate parameters 

are shown in Table I. These parameters are used by GRNN as 

input and output parameters for estimation of SPT-N values. 

 
TABLE I: DESCRIPTIVE STATISTICS FOR COLLECTED FIELD DATA OF SPT-N. 

 Minimum Maximum Mean Std. Deviation 

X 3 44 35.08 17.08 

Y 3 44 11.85 17.07 

Z 0.50 12 5.11 2.32 

Gravel(%) 0 67 13.28 17.61 

Sand(%) 3 72 32.18 16.18 

Silt(%) 3 66 32.44 16.49 

Clay(%) 0 67 22.27 16.61 

SPT-N 1 50 19.45 14.56 

 

The overall block diagram of the GRNN in its adaptive form 

for SPT-N estimation is depicted in Figure 3. GRNN provides 
estimation of continuous variables and converges to the 

underlying linear or nonlinear regression surface [14]. The 

advantages of GRNN can be summarized as follows: simple 

and fast training; independence from initial condition; 

nonlinear interpolation based on a sound mathematical 

foundation; training time required only for loading training 

matrix; it predicts very well for a large quantity of data because 

the estimate surface converges to the optimal regression surface 

for increasing sample size [15] 
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Fig. 3. GRNN model architecture for SPT-N estimation 

 

A variation of the radial basis neural networks, GRNN, is 

based on kernel regression networks [16]. An iterative training 

procedure as back propagation network is not required in 

GRNN algorithm [17]. GRNN is a three-layer network where 
there must be one hidden neuron for each training pattern [18]. 

The first layer is connected to the pattern layer and each neuron 

presents a training pattern and its output. The pattern layer is 

connected to the summation layer. The summation layer has 

two different types of summation, which are a single division 

unit and summation units [19]. A radial basis and linear 

activation functions are used in hidden and output layers of the 

training process [19].  

From probabilistic theory, for a model formed of the 

independent vector x and the dependent scalar y, the best 

prediction of y value consist of conditional expectation of x and 

is expressed as equation (4): 
 

𝐸(𝑦|𝑥) =
∫ 𝑦𝑓(𝑥,𝑦)𝑑𝑦
∞
−∞

∫ 𝑓(𝑥,𝑦)𝑑𝑦
∞
−∞

                            (4)                                                                                                                    

 

where f(x, y) is the probability density function of GRNN. A 
sample of observations Xi and Yi of x and y are approximated 

by given equation (5): 

 

𝑓(𝑋, 𝑌) =
1

2𝜋0.5(𝑑+1)𝜎𝑑+1
∙
1

𝑛
∑ 𝑒𝑥𝑝 [−

𝐷𝑖
2

2𝜎2
] ∙ 𝑒𝑥𝑝 [−

(𝑌−𝑌𝑖)
2

2𝜎2
]𝑛

𝑖=1  

(5)                                                                    

 

where d is the dimension of the vector x, n is the number of 

observation, and  

 

𝐷𝑖
2 = (𝑋 − 𝑋𝑖)

𝑇 ∙ (𝑋 − 𝑋𝑖)                      (6)                                                                                                  

 

 

A sample probability of width  is connected to Xi and Yi 
and the sum of those sample probabilities is assigned to f(X, Y). 

 

�̂�(𝑋)  can be expressed as equation (7) by substituting 
equation (5) into equation (4): 

 

�̂�(𝑋) =
∑ 𝑌𝑖𝑒𝑥𝑝(−

𝐷2

2𝜎2
)𝑛

𝑖=1

∑ 𝑒𝑥𝑝(−
𝐷2

2𝜎2
)𝑛

𝑖=1

                              (7)                                                                                                                   

 

In the GRNN algorithm known as supervised learning, the 

learning ability of a neural network depends on its architecture 

and algorithmic method of training process, whose optimal 

value of GRNN, spread parameter observed experimentally in 

Figure 4: 

 
Fig. 4. The effect of spread parameter on GRNN performance 

IV. RESULTS AND DISCUSSIONS 

A comparison of SPT-N values obtained from the field test 

with the SPT-N values predicted from the GRNN model is 

depicted in Figs. 5 and 6 for training and testing samples, 

respectively. It can be noted from the figures that predicted 

SPT-N values are quite close to the measured SPT-N values.    

An overall good agreement between predicted GRNN values 

and measured SPT-N has been found.   

From here, it can be concluded that the SPT-N value of soils 

in this study could be predicted from easily determined soil 

graining properties and borehole coordinate using trained 

GRNNs values, with acceptable accuracy for a specific study 

area. It can be noticed from the Figure 3 and 4 that predicted 
SPT-N values from GRNN model are in good agreement with 

the measured SPT-N values, as R2 of 0.9738 and 0.9348 for 

training and testing of ANN model respectively. 
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Fig. 5. The comparison of the measured versus predicted SPT-N values for 

training samples 

 

 
Fig. 6. The comparison of the measured versus predicted SPT-N values for 

testing samples 

In fact, the coefficient of correlation between the measured 

and predicted values is a good indicator to check the prediction 

performance of the model. In this study, different performance 

indices, namely, variance VAF, defined by Eq. (8), the root 

mean square error RMSE, defined by Eq. (9), and mean 

absolute error MAE, defined by Eq. (10) were also computed to 

check the performance of the prediction capacity of predictive 

GRNN model developed in  the study. 

 

𝑉𝐴𝐹 = [1 −
𝑣𝑎𝑟(𝑦−�̂�)

𝑣𝑎𝑟(𝑦)
] × 100                     (8) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦𝑖 − 𝑦�̂�)2𝑁
𝑖=1                         (9) 

 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖 − 𝑦�̂�|𝑁
𝑖=1                          (10) 

 

where var describes the variance, y is the measured value, ŷ is 

the predicted value, and N is the number of the sample. If VAF 

is 100 % and RMSE and MAE is 0, the model is considered as 

excellent. The performance indices calculated for the GRNN 

model developed in this study are given in Table 2. The ANN 

model exhibited high prediction performance based on the 

performance indices in Table 2. 

 
TABLE II: PERFORMANCE INDICES (R

2
, RMSE, MAE, AND VAF) OF 

THE GRNN MODEL 

Model Data R2 
(%) MAE RMSE VAF (%) 

GRNN 

Training set 
97.38 0.01 0.04 98.59 

Testing set 

93.48 0.05 0.08 92.69 

 
In addition to the performance indices, to gain an insight into 

the capabilities of the proposed correlations, a graph between 

the scaled percent error (SPE) defined by (Eq. (11)), and 

cumulative frequency was depicted in Fig 7 for GRNN model 

developed.  

 

𝑆𝑃𝐸 =
(𝑆𝑃𝑇−𝑁𝑝−𝑆𝑃𝑇−𝑁𝑚)

((𝑆𝑃𝑇−𝑁𝑚)𝑚𝑎𝑥−(𝑆𝑃𝑇−𝑁𝑚)𝑚𝑖𝑛
                   (11)                                                                                                   

 

where SPT-Np and SPT-Nm are the predicted and measured 

SPT-N values, respectively; and (SPT-Nm)max and (SPT-Nm)min 

are the maximum and minimum measured SPT-N values, 

respectively. About 93% of SPT-N value predicted from the 

GRNN model fall into ± 10% of the SPE, indicating a perfect 

estimate for the SPT-N value of soil from the GRNN model. It 

can be concluded that the GRNN model developed in this study 

can be used for the estimation of the SPT-N values and so by 

using predicted SPT-N values, the bearing capacity, 
liquefaction potential and site characterization of selected study 

areas can be  determined. 

 

 
Fig. 7. Scaled percent error of the SPT-N predicted from the GRNN model 

V. CONCLUSION 

Standard methods of standard penetration resistance 

(SPT-N) determination are time-consuming and involve several 
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steps. In this study, a general regression neural network 

(GRNN) model was developed for estimating SPT-N value. In 

order to develop the GRNN model, 121 SPT-N values have 

been collected from 13 boreholes spread over an area of 17 km2 

of Izmir, Turkey including fine-grained deposits of mostly silt 

and clay with weathered gravel and sand. While developing the 
model, borehole location coordinates and soil type percentages 

were used as input parameters. The results obtained from the 

models were compared with those measured from the field 

tests. It was found that predicted SPT-N values are quite close 

to the measured SPT-N values.     

In order to check the prediction performance of the GRNN 

model developed, several performance indices, such as R2, 

VAF, MAE, MAPE, RMSE, and SPE were also calculated. The 

GRNN model has shown high prediction performance based on 

the performance indices. Thus, the developed GRNN model 

can be used to predict SPT-N from the soil graining parameters 

and borehole coordinates.  
The performance of the GRNN model has also shown that 

the neural network is a useful tool to minimize the uncertainties 

encountered during the soil engineering projects. Thus, the 

usage of artificial neural network may supply new approaches 

and methodologies, and minimize the potential inconsistency 

of correlations. 
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