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Abstract 

The popularity of the conjugation of two or more artificial intelligent (AI) models to design a single model for 

the exploration of hydrocarbon reservoirs has been increased in recent years. In this research, we have 

successfully predicted shear wave velocity (Vs) with a higher degree of accuracy through the integration of 

statistical and AI models using petrophysical data in a mixed carbonate–siliciclastic heterogeneous reservoir. 

In the designed code for the multi-model, first multivariate linear regression (MLR) is used to select the more 

relevant input variables from petrophysical data using weight coefficients of a suggested function. The most 

influential petrophysical data (Vp, NPHI, RHOB) are passed to ant colony optimization (ACOR) for training 

and establishing initial connection weights and biases of a back propagation (BP) algorithm. Afterward, the BP 

training algorithm is used for the final weights and the acceptable prediction of shear wave velocity. This novel 

methodology is illustrated by using a case study from the mixed carbonate–siliciclastic reservoir from one of 

Iran’s oilfields. The results show that the proposed integrated modeling can sufficiently improve the 

performance of the estimation of shear wave velocity and is a method applicable to mixed heterogeneous 

intervals with complicated diagenetic overprints. Furthermore, the predicted Vs from this model is well 

correlated with lithology, facies, and diagenesis variations in the formation. Meanwhile, the developed AI 

multi-model can serve as an effective approach to the estimation of rock elastic properties. More accurate 

prediction of rock elastic properties in a number of wells can reduce the uncertainty of exploration and save 

plenty of time and cost for oil industries. 

Keywords: Artificial Intelligent Multi-model, Asmari Formation, Elastic Properties, Reservoir Rock 
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1. Introduction 

Data on shear wave velocity (Vs) are one of the most important parameters for the evaluation of 

reservoir properties in the exploration of oil and gas fields. The combination of such data with 

compressional wave velocity (Vp) can be used in reservoir characterization studies such as identification 

of lithology, fluid type, ductile and brittle rock properties, and geophysical interpretations. This can also 

indicate the elastic parameters of reservoirs that play an important role in causes of reservoir fractures 

and other issues such as wellbore stability and hydraulic fracturing process in reservoirs (Dehghani et 

al. 2014; Aghli et al. 2016; Regnet et al. 2019, Yavari et al. 2018, Gharechelou et al. 2020). Vp can be 

obtained directly from well logging, but Vs is measured at the laboratory using core samples or by 

means of the dipole shear sonic imager (DSI) tool (Rezaee et al. 2007). The DSI is a tool that directly 

measures the shear wave velocity, but the data obtained from this tool are not available in all wells, 

especially in old wells. In addition, the measurements on core samples are time-consuming and 

expensive; therefore, it is not feasible to run them on many samples. In this context, the use of practical 

correlation has been reported to estimate Vs from rock physical parameters (Ameen et al. 2009) for a 

specific area with homogeneous lithology . 

Intelligent systems employ data that are cost-effective (log nature) and available as input parameters 

for the desired output estimation. The petrophysical data have features that appear to present continuous 

information with intensive vertical resolutions along the wellbores (Lim 2005). Therefore, recent 

studies have used petrophysical data for intelligent estimation of the Vs (Anemangely et al. 2019; Hu et 

al. 2020). Eskandari et al. (2003; 2004) presented multivariate regression and artificial neural networks 

techniques to predict Vs from the petrophysical data for a carbonate reservoir. Rezaee et al. (2007) and 

Rajabi et al. (2010) evaluated the fuzzy logic and neuro-fuzzy techniques for the successful estimation 

of the shear wave velocity using conventional well log data. Rezaee et al. (2007) used two wells from 

a sandstone formation of the Carnarvon Basin, northwest shelf of Australia and showed that intelligent 

models were successful for the prediction of shear wave velocity from conventional well log data in 

sandstone reservoirs. Moatazedian et al. (2011) compared the abilities of genetic algorithm and multiple 

regression analysis to predict data on Vs and Vp from petrophysical data. Their research indicated that 

the genetic algorithm outperforms the multiple regression analysis. Asoodeh and Bagheripour (2013) 

introduced a hybrid genetic algorithm–pattern search (GA–PS) technique for creating different forms 

of correlations for estimating Vs from petrophysical data. Akhundi et al. (2014) used hybrid multivariate 

regression and artificial neural network for the estimation of shear wave velocity in a carbonate oilfield. 

Maleki et al. (2014) and Bagheripour et al. (2015) assessed the abilities of two different data-driven 

methods, namely the support vector regression (SVR) and a back propagation algorithm (NN-BP). Their 

research demonstrated that the SVR model outperformed the NN-BP algorithm in the studied oilfields. 

Nourafkan and Kadkhodaie (2015) presented an application of the hybrid ant colony–fuzzy inference 

system (ACOFIS) for the estimation of Vs. The findings of their research proved the superiority of the 

ACOFIS hybrid model in comparison with four individual methods, namely ant colony optimization 

(ACOR), artificial neural networks (ANN), genetic algorithm (GA), and neuro-fuzzy. Mehrgini et al. 

(2017) proposed an Elman network that is more accurate and efficient than the other ANNs. Behnia et 

al. (2017) used adaptive neuro-fuzzy inference system (ANFIS) and gene expression programming 

(GEP) methods. The results of their study showed that ANFIS has the best prediction. Furthermore, 
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Anemangely et al. (2017) introduced an ANFIS–particle swarm optimization (PSO) algorithm for 

quickly predicting the shear wave velocity. Shiroodi et al. (2017) improved an intelligence-based model 

to estimate the shear wave velocity from seismic attributes. The seismic attributes were transformed 

into the shear wave velocity using fuzzy inference systems (FIS), and then a committee fuzzy machine 

(CFM) based on bat-inspired algorithm (BA) optimization was employed to combine previous 

predictions with and without lithofacies. Rashidi et al. (2020) used hybrid models combining the 

optimizers, imperialist competitive (ICA), and gravitation search (GSA) algorithms with the machine-

learning algorithms, distance-weighted K-nearest neighbor (DWKNN), and multi-layer perceptron 

(MLP) to achieve a high degree of prediction accuracy of shear modulus (Gs) from well logs. These 

models estimate the Gs with a high degree of accuracy achieving a coefficient of determination (R2) of 

larger than 0.96. The processes of the studies emphasize the different and combination types of AI 

models proposed for the quicker and more accurate estimation of the shear wave velocity in carbonate 

or sandstone reservoirs. 

In this study, we propose a novel multi-model approach which combines one statistical method with 

two AI methods, including MLR, ACOR, and BP algorithms in order to estimate the shear wave velocity 

in mixed heterogeneous carbonate–siliciclastic reservoir rocks. Furthermore, one of the main novelties 

of the research is the classification of facies based on their velocity (high-velocity facies, medium-

velocity facies, and low-velocity facies). The multi-modeling takes advantage of each of the three 

methods and enhances the weaknesses of these models. The methodology will be presented in a series 

of steps. The main purposes of this work are to present the application of an integrated multi-model 

developed using the conjugation of three models to predict rock elastic properties in mixed carbonate–

siliciclastic reservoirs and to classify the reservoir rocks based on the shear wave velocity. The 

application of the AI multi-model will be verified via a case study from Cheshmehkhosh oilfield in the 

southwest of Iran. The geological background is presented for better understanding of the performance 

of the AI multi-model and for responding to the question of whether this simulation can be used in other 

oilfields and mixed carbonate–siliciclastic reservoirs with wide various lithology. 

2. Geological setting 

The Dezful Embayment in southwest of Iran is one of the most significant oil provinces in the Middle 

East, where structural and stratigraphic features have been studied by many researchers (e.g. Wennberg 

et al. 2006). This zone is characterized by oil-rich sediments and the absence of pre-Tertiary outcrops. 

Most of oilfields in the Dezful Embayment are located within the simply folded belt zone of the Zagros 

Mountains, and the structures are asymmetric anticlines with a northwest–southeast trend (Abdollahie 

Fard et al. 2006). The Cheshmehkhosh oilfield is located in the southwest of Zagros in the northwest 

edge of the Dezful Embayment (Figure 1). The Cheshmehkhosh oilfield was discovered in 1965, and 

18 wells have been drilled in the NW–SE trending along this anticline for the oil production from the 

Asmari reservoir so far. 

The Asmari formation is the widespread, youngest, and most prolific reservoir horizon in the southwest 

of Iran. This formation has been deposited during the Early Oligocene (Rupelian) to the Early Miocene 

(Burdigalian) in a carbonate ramp. The Oligo–Miocene sedimentation was primarily controlled by the 

palaeo-topography of the previous Eocene Jahrum platform. The platform embraced a large basin that 

was open toward the NeoTethys and extended into northern Iraq, resulting in a major eustatic sea-level 

drop at the end of the Eocene (Sharland et al. 2001); shallow water sedimentation stepped down in this 

basin, during which the Asmari formation was developed (Van Buchem et al. 2010) . 
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Figure 1 

The location map of the study area and the distribution of some oil and gas fields in Dezful Embayment (after 

Bordenave 2008). 

3. Methodology 

The intelligent systems used in this study are well known in their own ways; the main point of this 

research is to combine these models together to introduce a new multi-model, intelligent, quick, and 

completely cost-effective technique for petrophysical studies. The current study consists of three major 

steps as illustrated in Figure 2. This integrated method can be considered as an efficient and useful way 

for predicting shear wave velocity and extracting the reservoir characterization of it from conventional 

well logs by a modern and intelligent multi-model. 

 

Figure 2   

Three major steps adopted in this study. 

Step 1  

In the simulation of the shear wave velocity, the petrophysical data extracted from two wells of 

Cheshmehkhosh oilfield are used for the construction of the intelligent multi-model. The multi-

modeling is designed to form a mathematical model in MATLAB software. The data catalog consists 

of 2090 training data of the first well, which is used for making the model, and 1100 data of a separate 

well set for the evaluation of the reliability of the model. The second well is divided into two parts, 

including test data (600 data) and validation data (500 data). The preparation of the data set is an 

absolutely essential quality control step and must not be omitted. Six initial parameters are selected 

from two key wells for the prediction of Vs in the studied oilfield. Some of these parameters (the 

compressional wave velocity and the density) have a direct relation with a shear wave velocity, and 
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some (neutron porosity, gamma, shallow resistivity, and deep resistivity) have a reverse relation with 

it. First, all the raw data should be plotted versus depth. the petrophysical data were compared to verify 

scales, data quality, and missing data. Afterward, all the raw data were matched to correct the depth 

points. Also, incorrect and meaningless raw data were completely removed. After this process, the 

normalization of the data helps intelligent models to better understand the relation between the input 

and output data and increases the accuracy of the estimation; thus, high-efficiency results will be gained 

during the testing and the validation stage. Therefore, it is applicable to the models in which the inputs 

are generally on widely different scales (Jayalakshmi and Santhakumaran 2011). Data normalization 

can also speed up the training by starting the training process of each characteristic on the same scale. 

For this purpose, among various normalization techniques, min–max normalization method introduced 

by Larose (2005) was considered since it is a very applicable method. In this study, the normalization 

is performed in the typical range of zero (L) and one (H) according to Equations (1)–(3): 

𝑋∗ = 𝑚𝑋𝑖 + 𝑏 (1) 

𝑚 =
𝐻 − 𝐿

𝑀𝑎𝑥 (𝑋) − 𝑀𝑖𝑛 (𝑋)
 (2) 

𝑏 =
𝑀𝑎𝑥 (𝑋)𝐿 + 𝑀𝑖𝑛 (𝑋)𝐻

𝑀𝑎𝑥 (𝑋) − 𝑀𝑖𝑛 (𝑋)
 (3) 

where 𝑋∗ is the normalized variable, and 𝑋𝑖 represents the main variable. 

Step 2 

This section presents an intelligent multi-model that is developed by the combination of three methods. 

Intelligent multi-model can reduce the speed of training a BP algorithm (Hosseini and Nakhaie 2015). 

The accuracy of the simulation, as well as the power of generalizability, can be increased by using 

intelligent multi-modeling. In fact, the multi-model designed in this study proposes a neural network 

that is not like a black box because it uses two statistical and AI models for the training stage. 

The selection of the input data plays arguably the most important role in the application of a neural 

network. It should be determined based on scientific knowledge so that the good performance of 

modeling will not be limited to a case study. Many researchers either applied scatter plots or simple 

regressions between the dependent variable (the single output) and the independent variable (the 

multiple inputs) or only decided on the experience from other case studies for the selection of the input 

data. In this research, the multivariate linear regression (MLR) from the correlation between the 

different petrophysical log data and the desired parameter was used for identifying the most relevant 

input data. Afterward, the petrophysical data with the highest correlation with Vs were selected as the 

input data. The benefits of the method compared to simple regression model are its higher degree of 

accuracy and competency to summarize more information. It should be mentioned that the parameters 

selected for the MLR should be independent of each other and do not have a high correlation (Hasanipak 

and Sharafodin 2000). Hence, the available data were initially processed by the MLR, and the 

appropriate data that are sensitive to the Vs were selected for the establishment of the intelligent model. 

The ACOR is one of the various kinds of ACO algorithms and was presented for its compatibility with 

the continuous search space without a substantial change in its main algorithm (Socha and Dorigo 

2008). In the intelligent multi-model, the primary adjustment of the weighting coefficients of neurons 

connections in a neural network is done by the ACOR, and then the final optimization is achieved by 

the BP algorithm. The ACOR is capable of solving multi-dimensional complex problems especially 

unsmooth, noncontinuous, undifferentiable objective functions to escape the local optima and acquire 

a global optima solution (Tabatabaei et al. 2015; Hosseini et al. 2016). Accordingly, the ACOR 
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improves the performance of the BP algorithm which is the standard of a gradient descent algorithm, is 

easily become stuck in a local minimum, and often needs a longer training time (Chau 2007). However, 

the ACOR has higher performance as described below. 

The ACOR algorithm holds k best solutions in matrix Tk × n known as the solution archive, where n is 

the dimension of the optimization problem. The main goal of the creation of this matrix is to explain a 

probability distribution over the search area . On the other hand, each solution shows the center of a 

different Gaussian probability density function (PDF). In the first stage performance of the algorithm, 

all the points in the search space have an equivalent probability of being selected by using a constant 

distribution probability (Socha and Dorigo 2008). For each dimension 𝑖 ∈  {1, … , 𝑛}, a Gaussian kernel 

as a weighted sum of several one-dimensional Gaussian functions (𝑔𝑙
𝑖) was defined as given in Equation 

(4): 

𝐺𝑖(𝑥) = ∑ 𝑤𝑙𝑔𝑙
𝑖(𝑥) = ∑ 𝑤𝑙

1

𝜎𝑙
𝑖√2𝜋

𝑒
−

(𝑥−𝑥𝑙
𝑖)

2

2𝜎𝑙
𝑖2

𝑘

𝑙=1

𝑘

𝑙=1

   (4) 

where 𝑙 ∈  {1, … , 𝑘} and 𝑖 ∈  {1, … , 𝑛}; n is the problem dimension, and k represents the number of the 

best solutions in the solution archive. 𝑥𝑙
𝑖 is the lth solution of the ith dimension in the solution archive. 

𝑤𝑙 denotes the weight determined for each solution based on its rank (from the best to the worst). 𝑤𝑙 is 

calculated according to Equation (5): 

𝑤𝑙 =
1

√2𝜋𝑞𝑘
𝑒

−(𝑟𝑙−1)2

𝑞2𝑘2     (5) 

The value of rl (rl = 1, 2, …, k) is the rank of the solutions in the solution archive. The lower and upper 

limits of 𝑤𝑙 change with parameter q. When q is small, the best-ranked solutions are strongly selected 

(Socha and Dorigo 2008). The elements of the weight vector x are calculated using Equation (6). 

Afterward, the sampling is completed in two phases. The first phase consists of selecting one of the 

Gaussian functions that constitutes the Gaussian kernel PDF. The probability 𝑝𝑙 of selecting the lth 

Gaussian function is given by: 

 =

=
k

r r

l
l

w

w
p

1  

(6) 

The second phase consists of sampling the selected Gaussian function. A random number generator is 

used to create random numbers according to a parameterized normal distribution. 

Sigma is the standard deviation of the normal distribution PDF and is calculated by Equation (7): 

𝜎𝑙
𝑖 = 𝑚𝑎𝑥 {

𝑚𝑎𝑥(𝑥1..𝑘
𝑖 ) − 𝑚𝑖𝑛(𝑥1..𝑘

𝑖 )

𝑢. 𝑤𝑙 . √𝑡
, 𝜀} (7) 

where t represents the iteration, and k is the number of the solution in the solution archive. Parameter u 

is used to adjust the speed of the convergence. The lower limit for the value of σ is considered by using 

ε.  



Z. Hosseini et al. / Shear Wave Velocity Estimation Utilizing Statistical and Multi-Intelligent … 21 

 

 

In each iteration, the ACOR algorithm refines and regenerates the solution archive by adding m new 

solutions (k → k + m) and then eliminates m worst solutions (k + m → k) in order to keep the size of the 

solution archive constant (negative and positive updates). As the results of the modification in the 

solutions are stored in the solution archive, after each iteration, the pheromone is increased in the 

optimized paths that do not have an improvement in the objective function. The ACOR algorithm is 

found the best way to overcome the problem. Then, the process is completed by applying a BP training 

algorithm to the initial connection weights and biases of the established ACOR. The BP algorithm 

calculates the error and then propagates backward through the net, and the weights and biases are 

adjusted during a number of iterations named epochs. The training stops when the calculated output 

values best approximate the favorite values (Bhatt and Helle 2002). Figure 3 shows the intelligent multi-

model designed in this study. 

 

Figure 3 

The flow chart of the multi-model illustrating the combination of three models. 

Step 3 

This step is related to the implementation of modeling, and the results are described in Results and 

Discussion section.  

High-resolution petrographic studies from 400 microscopic thin sections of the cores from the two 

studied wells accompanied with image analysis are used for sedimentological features, namely facies 

description and diagenesis. The sedimentary facies in carbonate and siliciclastic sediments are built by 

comparison with the standard microfacies defined in the literature (e.g. Dunham 1962; Flügel 2010; 

Miall 2016). 

In this study, in addition to the well logs, core data are used to determine the wave velocity of mixed 

carbonate–siliciclastic rock types. The wave velocity is obtained from laboratory measurements of the 

rock samples by using SonicViewer-SX equipped (Figure 4). A total of 22 core plugs from carbonate 

and clastic parts of the formation with a diameter of 54.5 mm and a length ranging from 80 to 120 mm 

were available. The main features of the core samples are listed in Table 1.  
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Figure 4  

Right: the core samples (carbonate and clastic facies) from the Asmari formation in the studied oilfield prepared 

for the measurement of the Vs and Vp; Left: equipment for ultrasonic measurement. 

Table 1 

Petrophysical and elastic properties of the core samples from the studied well. 

Sample 

ID 
Lithology 

Porosity 

(%) 

Permeability 

(mD) 

Grain Density 

(g/cc) 

Arrival 

Time P 

(µs) 

Vp (m/s) 
Arrival Time 

S (µs) 
Vs (m/s) Vp/Vs 

1-84 H Dolomudstone 6.172 0.37 2.874 10.4 3923 17.6 2318 1.69 

3-8 V Dolomudstone 0.625 0.007 2.699 6.8 5524 12 3130 1.76 

2-76 H Dolomudstone 7.654 0.06 2.742 9.6 4901 18.4 2557 1.92 

3-50 H Dolomudstone 3.927 0.035 2.861 11.2 3701 19.2 2159 1.71 

1-95 H Dolostone 4.129 0.222 2.813 7.2 4938 18.8 1891 2.61 

2-107 H Limestone 14.516 36.206 2.758 16.8 2659 28 1595 1.67 

3-9 Va Limestone 12.095 3.116 2.76 14.8 2904 22 1954 1.49 

3-18 Va Limestone 12.475 1.361 2.836 15.6 3588 24.4 2294 1.56 

3-71 H Limestone 17.954 249.66 2.848 12 3767 24.4 1852 2.03 

3-21 Vb Limestone 23.609 458.509 2.836 18.4 3141 33.2 1741 1.8 

3-81 H Limestone 14.61 0.295 2.837 14.4 3013 22.4 1937 1.56 

4-3 H Limestone 5.354 0.531 2.699 14.4 2883 24 1730 1.67 

4-11 Va Limestone 9.251 0.034 2.823 18.8 2907 28.8 1898 1.53 

1-31 H Limestone 14.592 12.41 2.717 10.8 3389 21.6 1694 2 

4-50 H Limestone 6.35 0.103 2.705 14 3369 22.4 2106 1.6 

2-45 H Limestone 11.137 0.034 2.682 10.4 4402 22.8 2008 2.19 

1-8 Va Lime-Anhydrite 10.172 0.577 2.877 11.6 3536 17.6 2331 1.52 

4-67 H Sandstone 25.758 1287.044 2.657 24 1904 46.4 985 1.93 

4-3 Va Sandstone 4.931 0.574 2.65 19.2 2194 34 1239 1.77 

2-9 H Sandstone 14.391 0.047 2.669 10.4 4452 22.4 2067 2.15 

2-11 H Sandstone 26.121 0.182 2.668 10 4108 20.4 2014 2.04 

2-1 H Sandstone 15.505 0.03 2.665 9.6 4508 21.2 2042 2.21 
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The wave velocity of 22 core samples was measured in the laboratory under dry conditions, at room 

temperature (25 °C) and at a pressure of 1 atm or 0.101 MPa. The wave velocity is measured by sending 

signals from the P- and S-wave transducer on one side of the core samples and recording the wave 

signal on the other side of the core samples by a transducer. The velocity is obtained by dividing the 

measured transit time of the recorded signals with the length of the core samples.  

4. Sedimentary features 
The microstructure of sedimentary rocks is important for understanding the pore heterogeneity. 

Depositional environments and the energy level of the environments are the most important controlling 

factor in rock texture (grainy/muddy texture). Most of the diagenetic features in the studied formation 

occurred in the early stage of diagenetic history (shallow diagenetic settings), which correlates with 

facies and texture changes. The elastic properties of sedimentary rocks are directly linked to the 

lithology, amount of porosity, pore type, and elastic moduli of pore fluids (Zhang and Bentley 2003). 

Moreover, facies types, texture, and diagenetic imprints generally affect the rock elastic behaviors 

(Fournier et al. 2011; Gharechelou et al. 2016a). In reservoir rock, porosity is the main petrophysical 

parameter that is strongly controlled by facies and diagenetic processes (Ahr 2008). Diagenetic features 

and sedimentary textures are reflected in the effect of porosity on the elastic parameters; therefore, these 

parameters are also affected by porosity (Fournier et al. 2011; Fournier et al. 2014). Figure 5 shows the 

effect of porosity and pore type on the velocity in one of the studied wells. 

 

Figure 5   

The cross plot showing the inverse relation between the porosity and the velocity; pore types can make this relation 

deviate. 

The Asmari formation in the studied field has a variety of facies and different pore types/sizes 

(Gharechelou et al. 2015; Gharechelou et al. 2018). It is generally composed of limestone, dolomite, 

anhydrite, sandstone, and argillaceous facies. Such a variation appears responsible for heterogeneity in 

reservoir quality and rock elastic properties. The Asmari formation in the studied oilfield has a mixed 
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carbonate–siliciclastic nature. The facies, diagenesis, and sequences of the formation are studied in 

previous researches (Daraei 2014; Gharechelou et al. 2016b). Petrographic studies led to the recognition 

of 12 carbonate microfacies (A to E) which are grouped into five facies associations and deposited in 

open marine to intertidal sub-environments. These facies associations include deep open marine (MF 

A), shallow open marine (MF B1 and B2), barrier/shoal (MF C1, C2, and C3), lagoon (MF D1, D2, and 

D3) and intertidal (MF E1, E2, and E3) (Figure 6). Also, in the clastic part of the formation five 

petrofacies from F to J, which include lower shoreface to offshore (F), incised valley filled sandstone 

(G), upper shoreface silty/sandy shale (H), barrier island fined-grained well-sorted sandstone (I), and 

intertidal sandstone along with shale interlayers (J) are recognized (Figure 6). In high energy 

environments such as shoal/barrier, fore/back-shoal and intertidal channel are the dominant grain-

supported texture. Nonetheless, in low energy environments as open marine, lagoon and tidal flat are 

the dominant mud-supported texture. Grainy or muddy textures strongly affect porosity, heterogeneity, 

fluid flow, and diagenetic processes. 

 

Figure 6 

Conceptual depositional model of carbonate (upper) and clastic (lower) intervals of the Asmari formation in the 

studied oilfield; the location of the microfacies in the facies belts is shown (Gharechelou et al. 2015) . 

Carbonate rocks are susceptible to diagenesis (complicated pore system), so the recognition of major 

diagenetic features is essential in reservoir rock elastic studies because different types of porosity can 

be inherited from the primary sedimentary fabric or created by the diagenetic overprints. The results of 

petrographic studies show that the marine phreatic, meteoric, and burial diagenetic environments have 

widely affected the reservoir facies. Dissolution, cementation, dolomitization, and mechanical, 

chemical compaction are the most important diagenetic features that extensively change the initial rock 

fabric and pore types in the studied formation. Meteoric (eogenetic) alteration, manifested by fabric-

selective dissolution, is marked by a high porosity value (Figure 7a), calcite cement with a rimmed 

fabric, drusy, and fibrous nature (Figure 7b), and fracture filling calcite cement (burial diagenesis) 

(Figure 7c). In the shoal environment, especially in fore shoal sub-environment, marine water is pumped 
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through the porous shoal causing extensive eogenetic and mesogenetic cementation and partial 

dissolution. The different types of cement such as blocky equant calcite and poikilotopic cement 

(Figures 7d, 7e, 8a, and 8b), anhydrite cement with poikilotopic fabric (Figure 7f), dolomite cement 

(Figure 7g), fabric selective dolomite replacement (Figure 7h), and micritization of grains and 

allochems (Figures 7i, 7j, and 8d) are the common diagenetic features in the fore- and back-shoal facies. 

Furthermore, the main diagenetic features in the mudstone facies are micritization, stylolite, and 

diagenetic clay development (Figures 7k, 8e, and 8e1). Based on the invasion of high Mg brines, the 

mudstone changed to dolomudstone. The SEM observations support the intense dolomitization in the 

micrite (Figures 8f and 8f1). Formation of anhydrite nodules and early matrix dolomite in subtidal 

carbonates (MF E1 and MF E2), together with micritization, bioturbation, and marine calcite 

cementation in the subtidal facies mostly occurred during early diagenesis (eodiagenesis). In some parts 

of the subtidal settings, lithologies with a muddy texture and clay/silt-sized micro dolomitization is the 

main diagenetic feature (dolomicrite) (Figure 7l). In addition, in the clastic part, main diagenetic 

modifications such as calcite and dolomite cementation, partial dissolution, and clay infiltrate are 

distinguished (Figures 7m, 7n, 7o, and 7p). 

 

Figure 7 

Main diagenetic processes: a) fabric selective dissolution; b) calcite rimed, drusy, and fibrous cement; c) fracture 

filling calcite cement; d) blocky equant calcite cement; e) poikilotopic cement; f) anhydrite poikilotopic cement; 

g) dolomite cement; h) fabric selective dolomite replacement; i) micritization of ooid grains; j) micritization of 
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allochems; k) stylolite; l) replacive dolomite (dolomicrite); m) calcite cementation; n) dolomite cementation; o) 

partial dissolution and microdolomite crystals; p) clay infiltration. 

 

Figure 8   

The SEM images of the samples: a) ooid grains surrounded by calcite cement; b) bioclast surrounded by calcite 

cement; c) partial dissolution; d) micritized bioclast in the fine-grained matrix; e) and e1) diagenetic clay in fine 

crystalline carbonate matrix; f) and f1) microdolomite crystals in the matrix; abbreviations: G: grain; MP: 

microporosity; M: matrix; C: clay; BG: bioclast grain; CC: carbonate cement; D: dolomite; Dis: dissolution. 

5. Results and discussion 

In the training stage, the proposed multi-model employs the MLR to find the correct input data between 

most parameters which have been considered as the input in previous studies. Hence, according to 

Equation (8), the impact of six petrophysical data, including compressional wave velocity (Vp), gamma 

ray (GR), neutron porosity (NPHI), density (RHOB), shallow resistivity (LLS), and deep resistivity 
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(LLD) was investigated. For this purpose, the root mean square error (RMSE) as the criterion for the 

multi-model performance is calculated in all the stages according to Equation (9). 

𝑉𝑠 =  𝑐1𝑉𝑝 +  𝑐2𝐺𝑅 + 𝑐3𝑁𝑃𝐻𝐼 +  𝑐4𝑅𝐻𝑂𝐵 + 𝑐5𝐿𝐿𝑆 + 𝑐6𝐿𝐿𝐷 (8) 

where c1, c2, …, c6 are the unknown weight coefficients of the petrophysical data that should be 

determined by the MLR. 

𝑅𝑀𝑆𝐸 = √∑ 1
𝑁⁄

𝑁

𝑖=1
(𝑉𝑠𝑟𝑒𝑎𝑙 − 𝑉𝑠𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)

2
 (9) 

In the intelligent multi-model, the MLR scheme can automatically check different modes of the input 

data. Afterward, the MLR based on results of its early simulation selects the best input structure for 

modeling. After all the variables (Vp, GR, NPHI, RHOB, LLS, and LLD) were included in the model, 

Equation (10) with an R2 and RMSE of 91% and 0.075 is respectively obtained. 

𝑉𝑠 = 0.4209𝑉𝑝 − 0.0135𝐺𝑅 + 0.2073𝑅𝐻𝑂𝐵 − 0.1916𝑁𝑃𝐻𝐼 − 0.0011𝐿𝐿𝑆 − 0.0011𝐿𝐿𝐷 (10) 

Positive and negative signs in this equation respectively show the direct and inverse relation of the 

petrophysical data with the shear wave velocity. In this stage, Figure 9 shows the level of sensitivity 

(weight) of each input data on the Vs. This figure shows that the MLR has tried effective data with 

higher participation to achieve the best simulation. Then, the MLR validates the simulation to remove 

ineffective data. The validation results of the simulation by the MLR show when three desired 

parameters, namely LLD, LLS, and GR, are eliminated, the model capability improves. In this stage, 

Vs is estimated only based on the highly effective parameters (Vp, NPHI, and RHOB), and RMSE and 

R2 are calculated at 0.067 and 93.4% respectively. Therefore, it is approved that the prediction ability 

of the intelligent systems heavily depends on the selection of the input set which should ideally contain 

only high-value variables with explanatory potential. 

 

Figure 9   

The impact of various petrophysical data on the Vs . 
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Effective training data in addition to the stratigraphical chart are shown in Figure 10. The shear wave 

velocity strongly depends on the density of sedimentary rocks; in this study, Vs has a decreasing trend 

in the lower part of the formation because of highly porous and low cemented sandstone. Furthermore, 

in the upper part of the Asmari formation, diagenetic processes such as cementation, compaction, and 

dolomitization are the causers of the increase in the Vs. Since the Asmari formation is very heterogenous 

in diagenetic features and lithology, the designed multi-model should be able to discriminate the 

sedimentological changes of the formation by the input data. 

 

Figure 10   

Logging interpretation plot of the training well . 

Table 2 presents the main properties of the intelligent multi-model. For an accurate multi-model 

simulation, three selected inputs by the MRL are forwarded to the next two algorithms, that is, the 

ACOR and the BP. At first, the ACOR algorithm is run; then, in the first iteration of the algorithm, the 

results in all the aspect of the issue are randomly selected, and the best results in the solution archive 

matrix are saved. After the second iteration, the algorithm finds an optimum solution. This trend is 

repeated five times until a criterion for the algorithm stop based on the number of iterations is fulfilled. 

Afterward, a neural network with the back propagation algorithm is run. In this study, the optimum 

construction of the neural network is determined using a process of trial and error. This structure has 

three layers with eight neurons in the hidden layer (3:8:1). The start of the BP algorithm is with the 
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biases and weights discovered by the ACO algorithm. After 100 epochs of the BP algorithm, the most 

optimum weights and biases around the first results are extracted; to this end, the accurate estimation 

of Vs is found.  

Table 2  

Parameters used in the construction of the multi-model. 

For the calculation of the real error in each data set, after running the multi-modeling, all the data were 

changed from a normalized mode to a denormalized one. The results show that the intelligent multi-

model is trained with a correlation coefficient of 0.989 and a root mean square error of 0.032. According 

to this successful training, the intelligent multi-model can provide the best simulation of Vs with a high 

correlation coefficient and low error rates (Figure 11). The correlation between the measured Vs and 

the estimated Vs in the test and validation data from this model are shown in Figures 12 and 13 along 

with the errors. Moreover, the Vs predicted by the multi-model has good correlation with the Vs trend 

obtained from the core data (Figure 14). 

Properties Multi-model properties 

Linear model Type of multivariate regression 

MLR 6 Number of initial input data 

3 Number of selected influential data   

200 (m): Number of ants 

ACOR 

Gaussian Normal probability distribution function 

Roulette wheel Probability algorithm 

10 (k): Number of best solutions in solution archive   

10 (u): Parameter for adjusting the speed of convergence 

0.5 (q): Probability distribution parameter 

0.0005 (𝜀): Lower limit of distribution properties 

50 Maximum iterations in ACOR 

BP-FF Type of ANN 

ANN 

LM Training algorithm 

8 Number of neurons in the hidden layer 

TANSIG Transfer function from layers 1 to 2 

PURELIN Transfer function from layers 2 to 3 

100 Maximum epochs in ANN 
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Figure 11   

The coefficient of the correlation between the measured and predicted Vs for the test and validation data. 
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Figure 12   

The comparison between the measured and predicted Vs using the multi-model in the test data. 

 

Figure 13   

The comparison between the measured and predicted Vs using the multi-model in the validation data . 

Sedimentary rock elastic properties are strongly dependent on facies and diagenetic changes 

(Gharechelou et al. 2016a) because these sedimentological parameters control the petrophysical 

parameters (porosity and density). The shear wave predicted in the other well clearly demonstrates that 
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it has a good correlation with geologic attributes such as rock texture, facies characteristics, diagenetic 

features, and pore types (Figure 14). In this research, the shear wave velocity is divided into three 

groups, including low velocity facies, medium velocity facies, and high velocity facies. These groups 

can be correlated with the sedimentological features (see Table 3). 

Table 3 

The main sedimentological properties of velocity facies in the carbonate and clastic intervals of the Asmari 

formation. 

Asmari 

formation 

Velocity 

facies 

Average 

porosity 
Texture Pore type Diagenesis 

Sedimentary 

environment 

C
a

rb
o

n
a

te
 p

a
rt

 

I 18% Ooid grainstone Interparticle Dissolution 
Shoal, barrier 

island 

II 9% 
Wackestone, 

mudstone 
Microporosity 

Compaction, 

stylolite, 

micritization 

Lagoon, deep 

marine and rarely 

intertidal 

III 7% 

Intraclast/bioclast 

grainstone and 

packstone 

Moldic and vug 

Cementation, 

dissolution, 

dolomitization 

Shoal and back-

shoal 

C
la

st
ic

 P
a

rt
 

I 30% 

Semi-rounded 

coarse to 

medium-grained 

quartz arenite 

Coarse 

intergranular 
_ 

Barrier island and 

incised valley 

filled 

II 15% 

Medium to fine 

quartz wacke and 

sandy mudstone 

Medium 

intergranular 

Partially 

cementation, clay 

infiltrated and 

compaction 

Shoreface to 

offshore, upper 

shoreface and 

intertidal 

III 3% 
Medium to fine 

quartz arenite 
Microporosity 

Dolomite/calcite 

cements, clay 

infiltration 

Upper shoreface 

and intertidal 

The first one with a very low shear wave velocity (Figure 14a) is the porous well sorted ooid/bioclast 

grainstone facies of high energy shoal and barrier island environments. They are marked by well-

preserved interconnected and sorted interparticle pore types and non-diagenetic overprints. The second 

one with low energy facies is mudstone to wackestone/packstone in the lagoon and deep marine 

environments (low energy sedimentary environments) and rarely in the supratidal flat. Micropores are 

the main pore types in these facies. Common diagenetic features in the facies are clay minerals, stylolite 

generation, bioclast grain micritization, and partial dissolution (Figure 8). The shear wave velocity in 

the facies has a medium velocity (Figure 14b). Medium-velocity facies comprise most of the carbonate 

intervals of the formation. High-velocity facies pore types include moldic, vug, and intercrystalline ones 

in the moderate to high energy intraclast and bioclast grainstone and packstone facies in shoal and back-

shoal environments (Figure 14c). Cementation is a common diagenetic process in these facies (Figure 

8a). Furthermore, in some intervals, high-velocity facies and low-velocity facies have similar 

depositional textures (grainstone and packstone), pore type (interparticle/intercrystalline), and shoal and 

back-shoal environments, but they differ in cement content and porosity sorting. In some intervals, 



Z. Hosseini et al. / Shear Wave Velocity Estimation Utilizing Statistical and Multi-Intelligent … 33 

 

 

dolomitization is the main diagenetic feature in the high-velocity facies and plugs all pore spaces with 

micro dolomites crystals (Figures 14d, 8f, and 8f1).  

 

Figure 14   

Correlation between the predicted shear wave velocity and facies changes: A) Low-velocity facies: the ooid 

grainstone facies of high-energy shoal and barrier island environments without any diagenetic overprints; B) 

Medium-velocity facies: wackestone and mudstone in lagoon and deep marine environments and rarely in 

supratidal/intertidal with compaction, stylolite generation, and micritization; C) High-velocity facies: dissolution 

and cementation moderate-to-high energy intraclast and bioclast grainstone and packstone facies in shoal and 

back-shoal environments; D) High-velocity facies: strongly cemented and dolomitized grainstone to packstone 

shoal and back-shoal environments; E) Low-velocity facies: coarse to medium grained quartz arenite in the high 

energy barrier island and incised valley filled; F) Medium-velocity facies: medium-to-fine quartz wacke and sandy 

mudstone in the medium to low energy shoreface to offshore, upper shoreface, and intertidal; G) High-velocity 

facies: quartz arenites completely cemented by dolomite and rarely clay infiltrated . 
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In clastic part of the formation, low-velocity facies are a semi-rounded course to medium-grained quartz 

arenite distributed in high-energy barrier island and incised valley filled (Figure 14e). Most of the sand 

grains in this rock type are well-sorted which create connected intergranular pore type with non-

diagenetic overprints. The amount of porosity in these facies is about 30% to 35%. Medium-velocity 

facies comprise medium-to-fine quartz wacke and sandy mudstone in the medium-to-low energy 

shoreface to offshore, upper shoreface, and intertidal (Figure 14f). Semi-rounded sand grains are sorted 

in some intervals but poorly sorted in the other ones. Partially cementation, clay infiltrated, and 

compaction cause macropores to change to mesopores and micropores in these facies. High-velocity 

facies in sandstone part of the formation are strongly affected by diagenetic processes that change the 

pore system and reservoir quality. These facies are completely cemented by dolomite and calcite, and 

in some intervals, the pore space is filled by clay minerals (Figure 14g). 

By distinguishing facies, diagenesis features, and velocity variation in the Asmari formation, velocity 

facies can be mapped in the Asmari ramp. Porous ooid grainstone of the central shoal shows a low 

velocity, and the mudstone of supratidal, mudstone to packstone of the lagoon, mudstone to wackestone 

of the open marine have a medium velocity. Furthermore, the high-velocity facies comprise the 

dolomudstone of intertidal to subtidal zones and the cemented grainstone of fore- and back-shoal. 

6. Conclusions 

This paper addresses an intelligent multi-model to estimate the shear wave velocity by using 

petrophysical data in a mixed carbonate–siliciclastic reservoir. According to the results, the following 

major points are concluded : 

• The results of the estimation of the shear wave velocity by the multi-model show an 

RMSE and R2 value of 0.065 and 0973 for the test data respectively and 0.62 and 0.977 

for the validation data respectively. Correlating the shear wave velocity obtained from 

the test data with the real Vs can confirm the certainty of the estimated data (Figures 11 

and 12).  

• Because of complex reservoir characteristics in mixed formations, numerous empirical 

relationships and all artificial intelligent models alone do not predict the reservoir 

parameters very well. Thus, most of the previous studies on Vs estimation were focused 

on sandstone or carbonate reservoirs. Since the studied formation is a mixed carbonate–

siliciclastic reservoir with various lithological and sedimentological changes, the 

performance of the model is really high. Therefore, it can be concluded that the 

intelligent multi-model strategy presented in this study is a more powerful method for 

complex, mixed, and heterogeneous reservoirs, where due to the heterogeneity of 

formation, the system parameters may abruptly change with lithology, porosity, and 

other petrophysical variation.  

• The presented multi-model is not only used to predict the shear wave velocity; in fact, 

it is a comprehensive simulation and can be applied to each novel data set of other 

petrophysical data and even different engineering problems because this modeling 

selects the best set of input variables automatically, tries to escape the local optima, 

prevents the dispersion of results, and improves individual prediction by statistical and 

AI models.  

• The estimation of the shear wave velocity by the statistical and intelligent multi-model 

can be correlated with the variation in the facies and the diagenetic changes. Cemented 
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and compacted mud-dominated or dense facies show high Vs values (high-velocity 

facies), but porous, well-preserved interconnected, and sorted interparticle and 

intercrystalline pore types with non-diagenetic overprints in the grain-dominated facies 

demonstrate low Vs values (low-velocity facies). Most intervals of the formation are 

composed of reference pores (micropores and mesopores) with a 

(grain/particle)/(mud/cement) of equal to or smaller than one and moderate- to low-

energy environments as lagoon to intertidal; these facies show medium shear wave 

velocity. The correlation between the changes in the facies and the changes in the 

predicted shear wave velocity proves that the developed multi-model is efficient in 

heterogeneous reservoirs. The model can be employed for the prediction of the shear 

wave velocity in mixed carbonate–siliciclastic reservoir rocks in future works. 
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