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ABSTRACT 

Transforming seismic data into lateral sonic log properties was carried out successfully using 

the artificial neural network (ANN). This work is related to a detailed investigation of reservoir 

properties that requires complete data. The objective of this paper is to build a geological model 

that has vertical and lateral distribution representing the framework of geological change of 

sonic log properties. However, detailed well log data analysis only provides information of 

vertical distribution, therefore effective application of seismic data is required to construct a 

spatial distribution model that represents the lateral sonic log properties away from a well. This 

paper presents a strategy for transforming seismic data into pseudo-sonic log data by using 

ANN approaches rather than a simple approach of empirical relationship. The ANN approach 

defines a specific function that correlates a series of attributes generated from seismic data, such 

as amplitude envelope, instantaneous frequency, instantaneous phase, and acoustic impedance 

by a training mechanism based on the sonic log data as a target parameter. The probabilistic 

neural network (PNN) as one ANN algorithm is applied to transform seismic attributes into a 

lateral sonic log. An example of an ANN approach using a real data set from the Indonesian 

field was presented. The pseudo-sonic log shows a good agreement with the real sonic log data, 

which is represented with a correlation coefficient of 0.91. Further, the seismic line data was 

successfully transformed into the pseudo lateral sonic log data that covers the whole seismic 

line. 
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1. INTRODUCTION 

Reservoir characterization requires many types of data utilization, both of geoscience and 

engineering data. Two of the most commonly used datasets are seismic and wireline well log 

data (Itoa et al., 2017). The integration of this data is not an easy task since they have different 

characteristics and approaches. The three-dimensional (3D) seismic data is sampled in arrival 

time domain, covering a large area with evenly spaced bins in the spatial directions and limited 

band resolution for the deepest target, whereas wireline data are sampled in depth, only 

available at the well locations and having a higher resolution in-depth domain. The vertical 

resolution of seismic data is typically on the order of tens of time; on the other hand, the vertical 

resolution of wireline log data is on the order of tenths of meters (Brown, 1999). The strengths 

and weaknesses of seismic and wireline log data make combinations of those interpretations the  
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most effective inputs for predicting the lateral distribution of a pay zone or hydrocarbon 

reservoir (Haris et al., 2017a). 

The application of ANN has been broadly used in reservoir properties interpretation. Balch et 

al. (1999) have projected the correlation between selected attributes, such as porosity, water 

saturation and net pay thickness using ANN application. The others (Chawathe et al., 1997) 

used ANN to predict the gamma ray by transforming seismic attributes that include amplitude, 

phase, frequency, reflection strength and quadrature. Haravinthan et al. (2011) proposed the 

same method for predicting the synthetic well in a new location by applying mathematical 

dependency between seismic travel time and wireline log data from neighboring wells. Thus, 

this approach has become the common method for determining an unknown variable within the 

available ones.  

A common approach to integrate the two datasets is to use forward and inverse modeling. 

Forward modeling is simply generating the seismic response from the petrophysical properties 

obtained from well log data, while inverse modeling is trying to predict the well log data using 

the seismic data, which was well known as seismic inversion (Lindseth, 1979; Oldenburg et al, 

1983). This paper applies a different approach, which defines the specific function from the 

available seismic attributes. The log properties were predicted from a series of seismic 

attributes trained using ANN approach (Eskandari et al., 2004). A series of training sessions are 

carried out over intervals where both seismic and well data exist. Further, the system was 

trained to predict well log properties using a standard ANN algorithm into a seismic feature 

laterally (Eskandari et al., 2004; Haris, et al., 2017b). 

 

2. ARTIFICIAL NEURAL NETWORK 

The simple way to transform the targeted parameter can be carried out directly by using a linear 

relationship. Nevertheless, this approach often simplifies the heterogeneity of the variable that 

controls to the transformed parameter (Locascio & Atri, 2011). Therefore, this approach is not 

suitable to transform seismic data into a well log that has limited lateral resolution. The ANN 

approach offers a more realistic strategy to transform seismic data into well log data by 

considering the lateral characteristics of seismic data. 

Neural network computational systems are adopted from the biological neural network in the 

human brain. The brain has a number of dendrites, which input to the nucleus as neural 

processors then transmit the output information within the axon. The computational logic of a 

neural network has the same structure. The various given data are used to predict new unknown 

data. In geoscience, seismic attributes (amplitude, phase, and frequency) or wireline data 

(gamma ray and sonic) are inputted into a formulation system to predict the new parameter. The 

results must have good correlation with existing data, and the best correlation of predicted 

results defines the formulation steps that are used for next calculations. This work used seismic 

attributes for determining the sonic log properties mapped seismically, which is validated by 

real sonic log data (Taner et al., 1994).  

There are various existing formulation types of neural network. The type of neural network 

used in this approach is the multilayer feed-forward neural network (MLFN), which was 

described by Liu and Liu (1998). This type of neural network algorithm covers an input layer, 

an output layer, and one or more hidden layers. However, other neural network methods, such 

as the probabilistic neural network (PNN) (Hampson et al., 2000) could be used as an 

alternative. The choice of MLFN is based on the fact that this type of neural network is a 

supervised neural network (multilayer perceptron) that learns through a process called 

backpropagation. Backpropagation is a form of gradient descent that is suitable for our problem. 

Here, the network is supplied with a series of input and corresponding correct (wanted) output. 
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The network then tries to set its own parameters until it can approximate an unknown function 

that can associate input data with the corresponding wanted output (Hampson et al., 2000).  In 

this paper, the ANN was used to transform the seismic data into the pseudo-sonic log properties 

in lateral distribution.   

 

3. ANN APPLICATION TO REAL SEISMIC DATASETS 

The ANN application to the real seismic dataset is intended to transform the seismic dataset 

into the lateral distribution of sonic log properties across an oil reservoir in Indonesia. The 

objective of the study was to map the distribution of hydrocarbon-bearing sand using seismic 

data and wireline log as control of vertical resolution. The oil-bearing reservoir is a low-

velocity zone anomaly based on petrophysical studies. The seismic dataset consists of an inline 

extracted from 3D seismic data and well log data from two wells (S-1 and X-1) that intersect 

the seismic line. Figure 1 shows the real seismic line that passes through the two wells’ data. 

The well log data consists of neutron density, gamma ray, resistivity, and sonic logs. The 

analysis of these two wells’ log data is shown in Figure 2 (well S-1) and Figure 3 (well X-1). 

Figure 2 shows gamma ray, resistivity and sonic log for well S-1 with an interesting zone 

within the blue lines just above 6,000 feet with a thickness of about 200 feet, which is 

interpreted as hydrocarbon-bearing sand. Figure 3 shows gamma ray, resistivity and sonic log 

for well X-1 with an interesting zone within the blue lines in the same depth of well S-1, which 

is interpreted as hydrocarbon-bearing sand. This oil reservoir is characterized by the number of 

log data, such as low gamma ray (left panel), high resistivity (middle panel), and low velocity 

or high sonic (right panel). 

 

 

Figure 1 The inline seismic data extracted from a 3D seismic cube with well locations (X-1 and S-1) 

superimposed. The net pay is placed between 1.5–2.0 s, which is indicated by strong amplitude 

responses 

 

Referring to these two wells’ log data, we only know the detailed subsurface information in the 

vertical direction. There is no detailed subsurface information in lateral distribution.  The lateral 

sand distribution can only be detected from sonic logs if there are laterally distributed wells 

with sonic logs covering the entire area of interest (Lindseth, 1979). This is usually not the case, 

therefore using seismic data to extrapolate the sonic velocity log away from available well data 

is required. The ANN approach would be used to generate a sonic log section that is consistent 

with the log information at the well locations and constrained by seismic data to enable us to 

predict the lateral distribution of the oil-bearing sand reservoir.  
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Figure 2 Well log data analysis of well S-1. The left panel is a gamma-ray log, the middle panel is 

resistivity log, and right panel is a sonic log 

 

 

Figure 3 The analysis of well X-1. The left panel is a gamma-ray log, the middle panel is resistivity log, 

and right panel is a sonic log 

 

The seismic attributes, which are a derivative function of seismic data, are then generated from 

the seismic data as inputs to the neural network algorithm. The generated seismic attributes 

include amplitude envelope, instantaneous phase, instantaneous frequency and acoustic 

impedance. Acoustic impedance trends from the two wells are used to provide the neural 

network with low-frequency information to train the network appropriately to get the best result 

of the lateral distribution. If this low-frequency trend is not provided to the neural network, it 

fails to predict the expected output. Figure 4 shows the predicted sonic log of well S-1 (left), 

well X-1 (right) and its cross-validation without low-frequency information in the training. The 

predicted sonic log from ANN is shown in red, while the real sonic log data is shown in blue.  

Acoustic impedance was generated using the band-limited algorithm as described in Ferguson 

and Margrave (1996). The attributes generated from the seismic data are trained on one of the 

wells (S-1) using Levenberg-Marquardt optimization algorithm, which iteratively adjusts 
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weights and biases to minimize mean-squared errors. Once the training was completed, the 

verification was then applied to the other well that was not used in the training process (X-1). 

This process is called cross-validation. 

 

 

Figure 4 Predicted sonic log of well S-1 (left), well X-1 (right), and its cross-validation without low-

frequency information in the training. The predicted sonic log from ANN is shown in red, while the real 

sonic log data is shown in blue 

 

 

Figure 5 Predicted sonic log of well S-1 (left), well X-1 (right), and its cross-validation with low-

frequency information in the training obtained from acoustic impedance (compared to Figure 4). The 

predicted sonic log from ANN is shown in red, while the real sonic log data is shown in blue 

 

Figure 5 shows the training result with the selected attributes for input to the neural network of 

well S-1 (left) and its cross-validation on well X-1 (right). The results show that the neural 

network has predicted the sonic log reasonably compared to real log data, which is indicated 

with a correlation coefficient of 0.98. 
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Figure 6 Sonic log section generated on the whole line using the result from ANN training on well 

location. Note the low-velocity distribution below 1.5s (circled area), which is consistent with the well 

log data 

 

The training results also have a good correlation to another well that is not used for the training 

with a correlation coefficient of 0.91. The prediction was then carried out to the entire seismic 

section, generating a laterally distributed sonic log prediction for the whole seismic line. Figure 

6 shows a sonic log section generated on the whole section using the result from ANN training 

on well location. The section shows the low-velocity distribution, which is consistent with the 

well log data, particularly under 1.5s indicated by a circled area. An interesting result is 

observed between 1.5 and 2.0s; here there is a low-velocity zone consistent with the zone of 

interest from the well log data. This low-velocity zone is interpreted as sand distributed within 

the area that has pay zone according to well interpretation. 

 

4. CONCLUSION 

The lateral sonic log properties were successfully generated from a series of seismic attributes 

by using artificial ANN. This work is related to a detailed investigation of reservoir properties 

that require complete data. The detailed lateral sonic log property that covers the whole seismic 

line provides useful information for reservoir characterization, which represents the lateral 

heterogeneity. The predicted sonic log properties are highly dependent on the input data used 

for network training. A set of input data that can generate optimum results should be used. 

Finally, the outputs have shown how selecting the optimum input data for training can increase 

the accuracy of the prediction significantly. An interesting result is observed between 1.5 and 

2.0 s; here there is a low-velocity zone consistent with the zone of interest from the well log 

data. This low-velocity zone is interpreted as sand distributed within the area that has pay zone 

according to well interpretation. 
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