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ABSTRACT  
Finding applicable reservoir characterization 

methods to reduce exploration costs and to save time 

and energy could be mentioned as one of the main 

goals in any petroleum investigations. The velocity-

deviation log, which is calculated by combining the 

sonic and porosity logs, is a useful tool to obtain 

information about some important reservoir 

parameters such as predominant pore types, presence 

of fractures, free gas zones and permeability trends in 

sedimentary formations. In this paper regard to vast 

coverage and continuity of seismic data, a novel 

application of multiattribute analyses is proposed to 

convert seismic data into velocity deviations. Since 

the Asmari Formation is one of the main reservoirs in 

the study area (Northwestern part of the Persian 

Gulf) available data of the 5 boreholes intersecting a 

2-D seismic line were used to evaluate usefulness of 

the proposed methodology. A combination of 

multiple linear regression (MLR) and Probabilistic 

neural network (PNN) techniques were used to 

convert seismic data into velocity deviations. 

Consecutively, Positive, negative and zero deviation 

zones were determined on the generated velocity 

deviation seismic section and tried to be interpreted 

using available auxiliary data. The results show that 

predominate pore types in the studied reservoir along 

the seismic data is intercrystalline porosity which 

related to the diagenetically formed dolomite 

rhombohedra. Also free gas zones could be detected 

easily by tracing predicted negative velocity 

deviations along seismic line. In conclusion, it would 

be of great use to be able to evaluate velocity 

deviations along seismic data and relate them to the 

important reservoir parameters.  
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INTRODUCTION  
The petroleum industry searches for new techniques 

permanently, to increase exploration success rates 

besides reducing costs on the one hand and 

successful development of existing fields while 

saving time and energy on the other hand. For this 

reason numerous authors have been tried to predict 

reservoir parameters such as porosity, fluid content, 

shear wave velocity, water saturation and other 

important reservoir parameters from seismic data 

[2], [5], [7], [10] and [11].  

 

In the year 1999, Anselmetti and Eberli, introduced 

the velocity deviation log (VDL) as an empirical 

tool to predict pore types and permeability trends in 

carbonate rocks [3] which hitherto several case 

studies confirmed the usefulness of this log in 

reservoir characterizations [1], [4], [8] and [9]. 

 

Since seismic data can provide continues record 

over the study area, in this paper a new methodology 

is presented to predict velocity deviations from www.SID.ir
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seismic attributes. For this reason at first synthetic 

sonic log generated by converting porosity values to 

velocity using the time-average equation. Then 

Model-based seismic inversion algorithm was used to 

generate acoustic impedance volume, which is one of 

the main seismic attributes in multiattribute analyses. 

 

Next available 2-D seismic line was converted to the 

true (V real) and synthetic (V syn) sonic logs using 

multiple linear regression and artificial neural 

network techniques. Finally, by subtracting these two 

velocity sections, velocity deviations were obtained 

as positive, zero and negative zones and interpreted 

using available data.  

 

MATERIALS AND METHODS 

 
Database: The main objective of this study is to 

demonstrate applicability of the proposed 

methodology for predicting velocity deviations from 

seismic attributes. For this purpose, an interpreted 2D 

seismic line and petrophysical data from 5 wells of 

an Iranian offshore oilfield were used. Also drill stem 

test (DST) data were available for the studied wells. 

With regard to importance of Ghar and Asmari 

reservoirs in the studied region, these formations 

were selected as target intervals. 

 

Predicting Acoustic Velocity deviations from 

seismic attributes: Laboratory measurements on 

carbonate samples revealed that sonic velocity is a 

function not only of the total porosity, but also of the 

predominant pore type [3]. 

 

In general, there is an inverse porosity-velocity 

correlation, but significant deviations occur from this 

relationship for certain pore types.  

 

Based on these results the velocity deviation log was 

introduced by Anselmetti and Eberli in 1999 as an 

effective tool to detect pore types in carbonates and 

also to determine the distribution of diagenetic 

processes and identify trends in permeability. 

 

In this method after converting porosity logs to 

synthetic velocity log using Wyllie equation [12], the 

difference between the real velocity calculated from 

sonic log and synthetic velocity calculated from 

porosity log, is defined as a velocity- deviation log. 

Consequently using the deviation of this log to 

negative or positive values, the pore types are 

distinguished [3].   

 

Positive velocity deviations mark zones where 

velocity is higher than expected from the porosity 

values, such as zones where frame-forming pore 

types dominate. Zones with small deviations (±500 

m/s or less) represent sections that follow the 

predictions by the time-average equation. These 

zones are dominated by interparticle, 

intercrystalline, or high microporosities. While 

Negative deviations mark zones in which sonic log 

velocities are unusually low, caused, for instance, by 

a cavernous bore-hole wall, fracturing, or possibly 

by a high content of free gas [3]. 

 

Computing synthetic sonic log: Velocity data are 

obtained from the sonic log that measures transit 

times through a short vertical interval of rock [3]. In 

order to generate synthetic velocity log, neutron 

porosity values were converted to velocity by 

applying Wyllie’s time-average equation (1956):  

 

1 1

Vp Vma Vf

 
 

 

Where Vp, Vf, and Vma are the rock, fluid and 

matrix compressional velocities, respectively and φ 

is the porosity. Since the studied reservoirs were 

mainly composed of sand and dolomite, time –

average values for these lithologies were used.   

 

Well to seismic tie and Wavelet extraction: To 

perform well to seismic tie, generation of synthetic 

seismograms is a crucial step. It is well known that 

the measured seismic trace is modeled as a 

convolution of the source wavelet with reflectivity 

series [10]. 

 

In this section, after converting depth of the well 

logs to corresponding times by applying check-shot 

data available for one of the wells, P-wave velocities 

from the sonic logs were multiplied by the bulk 

density values from density logs, to compute 

acoustic impedance logs. Then, this impedance was 

converted to reflectivity and convoluted with 

wavelet at the well location to generate synthetic 

seismogram.  

 

An important part of well to seismic correlation is 

the extraction of a stable seismic wavelet to be used 

in the inversion process. For this reason at first a 

wavelet was extracted at each of all five locations 
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and then average wavelet was calculated using all 

wells.  

 

A sample of a well-to-seismic tie using the average 

wavelet is shown in Figure 1. 

 

 
 

Figure 1 

An example of well to Seismic tie at the HD-4 well 

using the average wavelet.  

 

This figure demonstrates that the main reflectors 

correlate reasonably well and the correlation between 

synthetic seismogram (blue) and composite trace 

(red), at the well location, is satisfying (0.82). 

 

Seismic Inversion: After correlating wells to the 

seismic data, an initial impedance model generated 

from seismic picks and well logs. In order to guide 

the interpolation between wells in building the initial 

model, top and base of the target interval were picked 

through the 2D seismic line. Then the seismic line 

has been processed through a model-based inversion 

algorithm to produce an acoustic impedance section 

which has been used as external seismic attribute. 

 

Selection of optimal seismic attributes: A seismic 

attribute generally could be defined as any 

mathematical transform of the seismic trace data [5]. 

Since no single attribute is always a reliable 

predictor [2] it is more beneficial to use multiple 

attributes.  

 

Multiattribute analyses employ statistical and 

Intelligence techniques to predict the rock properties 

by finding linear and non-linear relationships 

between input and output data. The main idea is to 

find and quantify the relationship between the log 

and seismic data at the well location and use this 

relationship to predict the log property at all 

locations of the seismic line. 

 

In this study Step-wise regression method was used 

to find groups of attributes which are the best 

predictors of the target logs. In this method 

attributes are arranged from lowest prediction 

error/highest correlation with the log parameter to 

highest error/lowest correlation based on the trend 

obtained from regression analyses.  

 

Since adding more attributes may lead to 

overpredicting, i.e. predicting the noise in the sonic 

logs, cross-validation method was used to determine 

statistically active attributes. 

 

 In this method validation error is calculated by 

averaging the result of “hiding” a well and 

predicting its value using the rest. The optimal 

number of attributes determines when validation 

error reaches a minimum and then increases [5]. 

 

 

Table 1 

Multi-attribute list for predicting real P-wave. 

 

Seven point operator length 

Att. No. Target Final attribute Training Error Validation Error 

1 Sqrt (P-wave) Sqrt (Inversion Result) 0.51242 0.52879 

2 Sqrt (P-wave) Filter 5/10-15/20 0.34877 0.40346 

3 Sqrt (P-wave) Amplitude weighted cosine phase 0.31004 0.37390 

4 Sqrt (P-wave) Apparent Polarity 0.28418 0.37241 

5 Sqrt (P-wave) Time 0.26725 0.34663 

6 Sqrt (P-wave) Amplitude weighted frequency 0.25674 0.36192 
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Table 2 

Multi-attribute list for predicting synthetic P-wave. 

 

Two point operator length 

Att. No. Target Final attribute Training Error Validation Error 

1 1/ (Synthetic P-wave) Sqrt (Inversion Result) 0.31741 0.32423 

2 1/ (Synthetic P-wave) Filter 5/10-15/20 0.27174 0.28056 

3 1/ (Synthetic P-wave) Integrate 0.24648 0.26063 

4 1/ (Synthetic P-wave) Derivative instantaneous amplitude 0.23582 0.25008 

5 1/ (Synthetic P-wave) Time 0.22857 0.25231 

6 1/ (Synthetic P-wave) Second Derivative instantaneous 

amplitude 

0.22303 0.26058 

 

Commonly in multiattribute analyses in order to 

resolve frequency differences between well logs 

(higher frequencies) and seismic data (lower 

frequencies), convolutional operators are used which 

by using these operators the number of effective 

attributes is increased based on the operator length 

[5]. 

 

In this study different operator lengths were applied 

that the final specified operator lengths are written at 

the top of related multi attribute tables (Tables 1 & 

2).  

 

The results of multi-regression analyses, for 

predicting real and synthetic p-waves, are shown in 

Tables1 & 2, respectively. According to Table1, the 

first five attributes of Inversion Result, Filter 5/10-

15/20, Amplitude weighted cosine phase, Apparent 

Polarity and Time could be considered as the optimal 

inputs for predicting real acoustic velocities.  

 

Similar analysis was performed to determine optimal 

attributes in prediction of synthetic acoustic 

velocities. These attributes include: Inversion Result, 

Filter 5/10-15/20, integrate and Derivative 

instantaneous amplitude which are presented in 

Table 2. 

 

Creating PNN prediction models: The probabilistic 

neural network (PNN) is actually a mathematical 

interpolation scheme which happens to use a neural 

network architecture for its implementation and is 

one of the most effective neural networks in 

multiattribute analyses. 

 

 In PNNs, the weights are calculated using the 

concept of “distance” in attribute space from a 

known point to an unknown point. 

 

 

The basic idea behind PNNs is to use a set of one or 

more measured values (independent variables) to 

predict the value of a single dependent variable by 

extracting non-linear relationships between them 

[5].  

 

 

 
 

 
   

Figure 2 

Validation of the trained PNNs in prediction of real 

sonic log (a) and synthetic sonic log (b). 

a 

b 
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The PNN was trained using the same sets of 

attributes defined in the multiattribute step. Figure 2 

shows the validation results of the generated PNN 

models. The predicted sonic logs have the correct 

events and amplitude with respect to the original 

sonic logs. It should be mentioned that the results are 

valuable inside the analysis window.  

 

The final validated neural networks were applied to 

the 2-D seismic line and transformed the interval 

including the Ghar and Asmari reservoirs into real 

and synthetic velocity sections. 

 

Generating Velocity Deviation Section: In the method 

presented by the Anselmetti and Eberli (1999) The 

velocity deviations were obtained by subtracting the 

velocity values of the synthetic sonic log from the 

velocity values calculated from the true sonic log 

(velocity deviation = sonic log velocity – velocity 

calculated from neutron-porosity or density log) and 

were plotted in regard to the zero-deviation line [3].  

 

 In this study at first computed velocity sections 

were transformed from Segy to ASCII format using 

Vista seismic software and then were subtracted to 

generate velocity deviations along seismic line. 

 

RESULTS AND DISCUSSION 
The proposed methodology was applied on the Ghar 

and Asmari reservoirs, which are two of basic 

producing intervals in the Persian Gulf. Figure 3 

shows generalized lithology column of these 

reservoirs, some of important well logs and 

generated Velocity Deviation Log (VDL). 

  

Ghar reservoir which is a member of the Asmari 

formation, mainly consists of sandstone with 

interbeds of shale and in some parts dolomite. This 

reservoir has been petrophysically divided into 3 

zones which each zone is separated at the base by a 

thin shaly layer.  
 

 

 

 

 

Figure 3 

Generalized stratigraphic column and log display of the Ghar and Asmari reservoirs at the HD-1 well (Bars 

next to the VDL track indicate DST intervals). 
 

As mentioned before one of the reasons of Negative 

deviations could be a high content of free gas. Free 

gas would have a strong negative effect on the 

deviation log because gas drastically reduces Vp and 

due to the lower content of hydrogen in the fluid 

phase results in a reduced neutron porosity reading, 

which both of these effects theoretically cause a 

strong negative signal in the deviation log [3]. 

According to Figure 3 a strong negative velocity 

deviation zone can be detected in the upper part of 

the Ghar reservoir. To explain these negative 

deviations DST data were used (bars next to the 
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VDL track on Figure 3 show DST intervals). DST 

results have indicated that this interval at the depth of 

2300 to 2330 has produced gas. Based on these 

results the Ghar reservoir has been introduced as the 

only horizon having saturated oil with an initial gas 

cap [6]. 

 

Asmari reservoir which is overlain by the Ghar 

clastic sediments mainly is composed of Dolomite 

with shale and limestone interbeds. This reservoir is 

divided into two zones, namely Asmari A and B, 

which the Asmari B is divided into three zones. 

Since intense dolomitization has been occurred in 

this carbonate reservoir [6], zero deviations which 

were observed at the base of Ghar and also Asmari 

A reservoirs (Figure 3) could be related to sucrosic 

dolomite, which is characterized by intercrystalline 

porosity between the diagenetically formed dolomite 

rhombohedra [3]. 

 

 

 
 

Figure 4 

Generated velocity deviation section of the Ghar and Asmari reservoirs. 
 

 

 
 

Figure 5 

Classified Velocity deviation data into three positive, zero and negative zones, along seismic section for the 

Ghar and Asmari reservoirs. 
 

Asmari formation is a well-known fractured reservoir 

in the Zagros Basin especially in Dezful Embayment 

area, nevertheless no show of negative deviations 

which could be related to fractures were seen in the 

studied wells.  Unfortunately, there isn’t any image 

log for the studied wells which were drilled before 

introduction of these new technologies. To 

overcome this deficiency, the Radius of Curvature 

was used as an indirect geometrical method to 

determine fractured zones. Results indicated that the 

studied field is a gentle anticline (maximum 2.5 
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degree), hence the strain is low and the fractures are 

not well developed in this structure [6]. 

 

As it is shown in Figure 3 dominant velocity 

deviation type of the Asmari-B reservoir (at the well 

location) is positive and is caused mainly by porosity 

that is integrated in a framelike fabric of the rock, 

such as in intrafossil or moldic porosity. 

 

The generated velocity deviations of the studied 

reservoirs along seismic line and also classified data 

into three positive, zero and negative zones, are 

shown in Figures 4 and 5, respectively. As it can be 

seen a negative deviation zone is easily detected at 

the upper part of the Ghar reservoir which with 

regard to minority of fractures, could be related to 

free gas existence. 

 

The results also show that predominate pore types in 

the studied reservoir along the seismic data is 

intercrystalline porosity which could be related to the 

diagenetically formed dolomite rhombohedra. There 

is no doubt which using additional data such as 

image logs, petrographical thin sections and cores 

will improve and verify the results, noticeably. 

 

CONCLUSIONS 
In this study a practical methodology has been 

proposed, that uses multiattribute analysis, to predict 

velocity deviations and secondary porosities from 

seismic attributes. The results revealed that the 

application of artificial neural network analysis with 

the aid of multiple regression in both real and 

synthetic sonic velocity predictions was quite 

successful. In the generated Velocity Deviation 

section, negative zones were observed at the upper 

part of the Ghar reservoir, which were related to the 

free gas based on available data. Using this method, 

predominant pore types and consequently 

permeability trends could be determined along 

continues seismic data, which could lead to more 

successful well trajectories for new drillings. In 

addition zones with high secondary porosities 

(positive velocity deviations) could be subjected to 

enhanced oil recovery methods such as hydraulic 

fracturing in places with enough rigidity.  
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