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Abstract 

Heterogeneity refers to a not uniform distribution of reservoir properties. To overcome the 

problem of heterogeneity, most reservoir studies split the reservoir into different zones. In 

general, this disparity affects all log tools. Sonic shear wave time (SSW) is a critical metric in 

geomechanical modeling that is strongly influenced by reservoir heterogeneity and the kind of 

porous fluid composition. To detect the effect of reservoir heterogeneity on SSW prediction, an 

artificial neural network (ANN) was applied as an intelligent technique. One Iraqi vertical well 

that penetrated the Asmari reservoir was selected for this study. It contains 2462 SSW measured 

points as well as the following seven log parameters: Gamma Ray, Caliper, Density, Neutron, 

Compressional sonic, and True resistivity log over measured depth. Based on formation 

assessment and available well data, the Asmari reservoir was classified into six zones (with 

different lithology and different fluid content): A, B1, B2, B3, B4, and C. To investigate the 

effect of lithology on SSW, two runs of ANN had been conducted in this study. 

Initially, we developed a single ANN for all 2462 measured points, while in the second, six 

ANNs were built, one for each zone. The optimum structure for all the developed ANNs was 

obtained with one hidden layer of 12 neurons (7-12-1). The statistical parameters used for 

comparison are average percent error (APE), absolute average percent error (AAPE), standard 

deviation (SD), mean square error (MSE), and correlation coefficient (R2). It was observed that 

these parameters are approximately close to each other for the developed seven ANNs. The R2 

values of the seven ANNs are 0.98 for all zones, and 0.99, 0.99, 0.99, 0.99, 0.99 and 0.96 for 

each zone respectively. The insignificant differences of results can be explained by the fact that 

the log readings (i.e. inputs variables) are already reflected the effect of lithology. Therefore, we 
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recommended using the ANN based on 2462 for predicting SSW to any lithology zone. A 

mathematical model for representing the suggested ANN to simplify the calculation. 

Keywords: Reservoir heterogeneity, Zonation, Sonic shear wave, Artificial neural network, 

Empirical correlations. 

 

1. Introduction 

     Heterogeneity of oil and gas reservoirs is defined as special distribution of rocks properties in 

nonlinear and non-uniform way [1]. Many authors stated that heterogeneity is related to change 

of properties at any place in three dimensions of reservoir system [2, 3] while others add time as 

a four-dimension causing heterogeneity due to changing of properties with it [4] so any reservoir 

property i.e., porosity is changing with place from point to another, reservoir will be 

heterogeneous with respect to porosity and if it constant with location, it is called homogenous 

reservoir.  A reservoir is known as isotropic to any property if this property doesn’t change with 

direction while it is called anisotropic if a property changes with direction. A common example 

of reservoir isotropic and anisotropic is permeability changing with direction. Horizontal 

permeability is almost greater than vertical permeability due to the thin shale layers' effect on 

last. If permeability is the same in all direction so porous media will be isotropic and if not, it 

will be anisotropic [5]. Figure (1) is showing reservoir states of heterogeneity, homogeneity, 

isotropic and anisotropic [6]. All log measurements are highly sensitive to borehole and its 

environment according to effects of hole size and drilling fluids, radial changes in environment 

around wellbore due to mud invasion, and vertical heterogeneity caused by different layers 

thickness. In addition, log tools have limited range of investigation radius as in Figure (2), so 

they will give different responses in heterogeneous formations where their measurements are 

characterized by vertical resolution and radius of investigation [7].  
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Fig. (1): Illustration of reservoir lithology state [6].   Fig. (2): Radius of investigation of log tools [7] 

     Compressional and shear sonic wave times (CSW and SSW) are important parameters in 

calculating elastic rocks properties that represent a key for geomechanics modeling to study 

wellbore instability and sand production prediction [8] as well as gas bearing zones 

identification and gas saturations estimation [9]. Four ways are existing for SSW determination, 

logging method and laboratory core measurements, and are predicted by theoretical and 

statistical approaches [10] but in some reservoir intervals SSW is not running due to high 

measurements cost [11]. Since the sixties of the last century, many empirical correlations were 

developed to determine SSW for different rock types formation [9, 12, 13, 14, 15, 16, 17, 18]. 

All developed empirical correlations are calculated shear sonic velocity (SSV) based on 

compressional sonic velocity (CSV) in velocity unit (km/sec) where: 

𝑆𝑆𝑉 =
1

𝑆𝑆𝑊
                                                                                                                                                  (1) 

𝐶𝑆𝑉 =
1

𝐶𝑆𝑊
                                                                                                                                                 (2)  

     Three Global empirical correlations from mentioned above are suitable for all reservoir types, 

     An empirical correlation introduced by Carroll for SSV predicting. He studied effects of rock 

types and hydrostatical loads on SSV estimating by trained 62 tested dry cores and measured 

logs data from different intervals from the volcanic region of Nevada. His correlation had the 

following formula [13]: 

𝑆𝑆𝑉 = 0.75609. 𝐶𝑆𝑉0.81846                                                                                                                      (3) 

     An empirical correlation developed by Freund appropriate for all reservoir types to predict 
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SSV by using tests of 57, 25 and 5 samples of sandstone, siltstones and claystone respectively 

for well penetrated Rotliegendes reservoir in Germany. The developed correlation is [16]: 

𝑆𝑆𝑉 = 0.763. 𝐶𝑆𝑉 − 0.603                                                                                                                       (4) 

     Another empirical correlation established by Brocher to estimate SSV based on different CSV 

and SSV with tested cores collected from different fields in California. Established correlation 

can be using for any reservoir [17]:  

𝑆𝑆𝑉 = 0.7858 − 0.1244. 𝐶𝑆𝑉 + 0.7949. 𝐶𝑆𝑉2 − 0.21238. 𝐶𝑆𝑉3 + 0.006. 𝐶𝑆𝑉4                                (5) 

     A novel empirical correlation provided to quantify SSW in terms of CSW utilizing 1922 

observed data from one Iraqi directional well. It is good for all reservoir types and is especially 

appropriate for reservoirs in southern Iraq, as seen below [19]: 

𝑆𝑆𝑊 = −0.0143. 𝐶𝑆𝑊2 + 3.1521. 𝐶𝑆𝑊 − 29.73                                                                                   (6) 

     Different in properties of reservoir layers that have different fluid types distributed in pores is 

one of influencing parameters on SSW measurements and prediction where sonic waves velocity 

reduces if shale existing in reservoir layers and liquid wet porous [20]. To consider as much 

possible as large number of influencing parameters on SSW prediction, authors worked on using 

different approaches of artificial intelligent (AI) such as artificial neural network (ANN), fuzzy 

logic, and neuro-fuzzy system with participation more than datasets such as CSW, gamma ray 

(GR), caliper (CAL), deep resistivity log (DRL), density log (DL), neutron log (NL) and 

measured depth (MD) to represent different in rocks types, hole size effects, fluid types, porosity 

and lithology, and overburden pressure respectively [11, 21, 22, 23]. Applications of ANN in oil 

and gas industry begun since 1990 [23].  

     This paper aimed to investigate the effect of reservoir heterogeneity on SSW prediction by 

ANN using logs data of one Iraqi vertical X well. 

1.1. Area of Study and Reservoir Lithology 

     Y- oil field exists in Missan governorate at south of Iraq. It is a way 175 km north of Basrah 

city and 50 km to north–east of Ammara city as shown in Figure (3). From the east, this field 

extend along the Iraq - Iran borders near Iraqi Buzrgan oil field. It has two domes with north-

west, south-east anticline in north and south respectively. Field length is about 23 km and width is 

about 7 km. It is producing from two main formations Mishrif and Asmari. The first well drilled 
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in this field at 1973 reached to depth 4683 m and was produced from both mentioned reservoirs. 

Asmari is an Iranian name but Iraqi reservoir studies are classified it into three reservoirs Jeribe 

Euphrates, Upper Kirkuk and Middle-Lower Kirkuk as described in stratigraphic column of Y 

field at Figure (4). Mostly this formation classified as a semi heterogenous because it consisted 

from many rock types as shale, carbonate and sandstone with a number of fractures. Previous 

studies classified Asmari reservoir into four zones A, B, C, and D but modern studies divided it 

into main three zones A, B and C where D merges with C entitled C according to submerging in 

water. A has three subzones A1, A2, and A3 while B has four subzones B1, B2, B3, and B4 

according to fluid content kinds and rock typing as shown in Table (1) [24, 25].  

 

Fig. (3): Location of Iraqi Y oil field Iraq map [26]. 

 

Table (1) Summary of geological description of Asmari formation / Y oil field [25]. 

 

Formation Average 

Thickness 

(m) 

Zones Subzones Lithology 

Jeribe 

Euphrates 

40 A A1, A2, and A3 Little anhydrate and shale 

intercalated with dolomite 

Upper 

Kirkuk 

Formation 

120 B B1, B2, B3, 

and B4 
Shale intercalated with sandstone, 

limestone, and dolomite. 

Middle-

Lower 

Kirkuk 

Formation 

200 C - Argillaceous limestone intercalated 

with sandstone, argillaceous 

siltstone and calcareous shale. 
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Fig. (4): Stratigraphic column of Y oil field [25]. 
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2. Materials and Methods 

     Reservoir heterogeneity is an uneven change in internal properties and its spatial 

distribution caused by effects of sedimentary environment, diagenesis, and tectonic processes 

during the formation process [27] where Table (1) showed that Asmari reservoir consisted 

from different lithologies, so, to overcome this challenge, formation is re-evaluated based on a 

number of wells data due to different in lithology and its fluid content. It is classified to six 

zones: A, B1, B2, B3, B4 and C.  

     In present study measured logs of one vertical X well penetrated Asmari six zones in Y oil 

field used as database for SSW prediction by ANN. The vertical well dataset comprised 2462 

measured points related to all zones of SSW beside others logs of GR, CSW, CAL, NL, DL, 

DRL with MD as present in Figure (5). 

    Two runs of ANN were performed in this study to investigate the effect of lithology on 

SSW. In the first, we proposed ANN for all 2462 measured points, but in the second, we 

constructed six ANNs, one for each zone. Table (2) displays vertical well tops and bottoms at 

Asmari reservoir zones, together with the number of measured points for each zone. 

Table (2) Utilized vertical well top, bottom and number of measured points at each zone. 

 

 

 

 

 

     ANN had been utilized due to its ability to learn from examples, low cost, efficiency and 

ease of understanding where it is used in many studies to predict parameters that mostly 

cannot estimate by common ways [28]. For two runs, ANNs are designed using MATLAB 

R2012b in term of multiple layer perceptron (MPL) with one hidden layer. MPL is a 

commonly used of ANN types where data processing accomplishes in one direction without 

any loops [29]. It is consisting of three layers, an input layer for input parameters, an output 

layer for output results and a single or multi hidden layer as a connection between input and 

output layers. Each layer has number of neurons connected with others in sequent layer with 

parameter called weight (Wi) while some of freedom degree to neurons is added by a 

parameter called bais (bi) [30]. 

Zone Top Bottom No. of measured points 

A 3003 3051 472 

B1 3051 3088 370 

B2 3088 3105 170 

B3 3105 3123 180 

B4 3123 3177 540 

C 3177 3250 730 
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Fig. (5): Vertical X well log tracks. 

     ANN is processed by three subsequent processes training, validation and testing and 

mostly, datasets classified according to these processes as 70%, 15% and 15% respectively. 

The following equation is representing of effecting of hidden or output neurons in term of 
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participating and enhancing of each inputted neuron of previous layers as cross summation 

[31]: 

𝑆𝑗 = ∑ 𝑋𝑖  𝑊1𝑗𝑖 +  𝑏1𝑗
𝑛
𝑖=1                                                                                                                       (7) 

     Hyperbolic tangent function is adopted as an activation function for the hidden layer while 

the liner function is used for output layer activation as shown in following Eq.8 and Eq.9 

respectively where output resulted in term (-1, 1) [32]: 

𝑓(𝑆𝑗) =
2

1+𝑒
−2 𝑆𝑗

− 1                                                                                                                              (8) 

𝑇𝑃 = ∑ 𝑊2𝑗
𝑘
𝑗=1  𝑓(𝑆𝑗) + 𝑏2𝑗                                                                                                                 (9) 

     Where W1ji is a connection weight between the input vector Xi and hidden layer neurons j, 

S is a summation of weights between biases, b1j and inputs, n represent the neurons number of 

input layer. Tp is the predicted (SSW) result value, W2j is the output hidden layer weight, b2j is 

the bias of output layer, while k is the hidden layer neurons. 

     Adopting seven log parameters of GR, CSW, CAL, NL, DL, DRL with MD for SSW 

prediction was based on the impact of these paraments on SSW proven by different literatures 

[19, 24, 33, 34, 35, 36] where MD, DRL and DL had a negative impact on SSW, CSW and NL 

had a positive effect while GR and CAL had a dual impacting on it.  

2.1. Single ANN for All Reservoir Zones 

     One ANN with single hidden layer is constructed for SSW prediction by using all 2462 

measured points. The seven mentioned log parameters used as neurons of the input layer of 

ANN while SSW as the output layer neuron. Table (3) shows a summary of utilized datasets.  

Table (3) Summary of all zones data. 

 

 

 

 

 

 

 

Parameter Minimum Maximum Mean 

SSW (us/ft) 89 156.2 123.1 

MD (m) 3003.9 3250 3126.95 

CSW (us/ft) 47.4 89.448 68.77 

GR (GAPI) 14.285 126.914 52.34 

CAL (in) 7.948 14.436 8.58 

NL (%) 0.331 39.033 16.19 

DRL (ohm.m) 0.285 94.216 6.35 

DL (gm/cc) 1.969 2.947 2.51 
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2.2. ANN for Each Zone 

     Single hidden layer ANN is made for each zone to reflect the effect of lithology and fluid 

contents, using the datasets listed in Table (2) (column 4). Six ANNs were constructed by 

using datasets that summarized in Tables (4) and (5). 

Table (4) Dataset summary of A, B1 and B2 zones 

 

Table (5) Dataset summary of B3, B4 and C zones. 

     Fortunately, the optimum structure for all the seven developed ANNs is one hidden layer 

with 12 neurons, as shown in Figure (6). 

 

Parameter 

A zone B1 zone B2 zone 

Min Max Mean Min Max Mean Min Max Mean 

SSW (us/ft) 91.86 119.61 100.5 89 144.2 117.97 91.48 145.8 109.44 

MD (m) 3003.9 3051 3027.45 3051.1 3088 3069.55 3088.1 3105 3096.55 

CSW (us/ft) 47.4 71 54.22 51 89.448 69.32 50.33 85 60.52 

GR (GAPI) 14.285 95.736 37.02 14.957 107.65 52.19 20.12 96.56 41.001 

CAL (in) 8.394 11.553 8.56 8.357 12.768 9.01 7.948 14.44 8.82 

NL (%) 0.33 20.35 9.89 3.589 35.624 16.14 6.704 39.03 13.68 

DRL (ohm.m) 3.17 94.22 18.15 1.264 37.148 7.25 1.739 24.99 8.38 

DL (gm/cc) 2.106 2.947 2.72 2.008 2.923 2.49 1.969 2.774 2.589 

 

Parameter 

B3 zone B4 Zone C Zone 

Min Max Mean Min Max Mean Min Max Mean 

SSW (us/ft) 89 155.8 116.65 95.09 149.8 120.05 135.8 156.2 147.33 

MD (m) 3105.1 3123 3114.05 3123.1 3177 3150.05 3177.1 3250 3213.55 

CSW (us/ft) 53.8 86.6 72.025 50.57 86.6 65.343 63.16 86.61 81.56 

GR (GAPI) 23.9 126.9 64.56 24.89 121.9 51.48 19.27 121.74 62.59 

CAL (in) 8.39 9.27 8.53 8.336 10.1 8.48 8.314 9.068 8.41 

NL (%) 7.18 24.9 15.5 3.605 34.67 17.31 12.48 27.062 20.23 

DRL (ohm.m) 0.77 8.82 3.26 0.599 22.94 3.36 0.285 4.934 0.76 

DL (gm/cc) 2.27 2.74 2.49 2.184 2.843 2.52 2.219 2.698 2.37 
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Fig. (6): Structure of all constructed ANNs. 

 

3. Results and Discussion  

     The results of the developed ANNs are analyzed based on statistical values of average 

percent error (APE), absolute average percent error (AAPP), standard deviation (SD), mean 

square error (MSE), and correlation coefficient R-Square (R2) as demonstrated in the 

following equations: 

𝐴𝑃𝐸 =
1

𝑛
∑ (

𝑇𝑚𝑖−𝑇𝑝𝑖

𝑇𝑚𝑖
 )

𝑛

𝑖=1
                                                                                                                     (10) 

𝐴𝐴𝑃𝐸 =  
1

𝑛
 ∑ |𝑇𝑚𝑖 − 𝑇𝑝𝑖|𝑛

𝑖=1                                                                                                                 (11) 

𝑆𝐷 = ( 
∑ (𝑇𝑝,𝑖−𝑇𝑝𝑎𝑣𝑔)

2𝑛
𝑖=1

𝑛
)

0.5

                                                                                                                   (12) 

𝑀𝑆𝐸 =  
1

𝑛
 ∑ (𝑇𝑚,𝑖 − 𝑇𝑃,𝑖)

2𝑛
𝑖=1                                                                                                                 (13)                                                                                                                                 

𝑅2 = 1 −
∑ (𝑇𝑚,𝑖−𝑇𝑃𝑖)

2𝑛
𝑖=1

∑ (𝑇𝑚,𝑖−𝑇𝑝𝑎𝑣𝑔)
2𝑛

𝑖=1

                                                                                                                     (14) 

Where Tmi, Tpi and Tpavg are measured, predicted and averaged predicted SSW. 

    Table (6) shows that the results of ANN for each zone have insignificant differences from 

the results of ANN for all zones, with R2 values increasing in a small percent while APE, 

AAPE, MSE, and SD decreasing in particular values. Zone C deviated from this behavior as 
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expected due to existing of 100% water saturation and a high percentage of shale. Despite the 

fact that DRL existed at the input layer of SSW prediction ANNs, it represented an indicator 

for fluid type rather than water saturation, where existing high-water saturation in porosity 

reduces SSW by a large percentage. Existing high shale content in the C zone raises SSW 

where it is represented on ANN by GR and CAL. 

Table (6) Summary of Statistical parameters of both ANNs parts. 

Zone APE AAPE MSE SD R2 

All Zones -0.078 2.06 3.3 2.81 0.98 

Zone A -0.007 1.07 1.9 1.36 0.99 

Zone B1 0.022 1.40 2.3 1.50 0.99 

Zone B2 -0.025 1.10 1.2 1.20 0.99 

Zone B3 0.019 0.98 1.63 1.12 0.99 

Zone B4 -0.021 0.99 1.45 1.18 0.99 

Zone C 0.045 1.80 2.8 2.51 0.96 

 

     Figures (7) and (8) have measured SSW against predicted SSW by ANNs on Y-axis with MD 

on X-axis. Figure (7) is containing SSW estimated form ANN of all zones while Figure (8) is 

including SSW from ANNs for each zone. As shown above, small enhancing percent of SSW 

estimated values from ANNs of each zone than results of all zones, except C zone due to 

explained reasons. Results demonstrated that differences in reservoir lithology and its fluid 

content are already considered by employing seven input parameters, so no need to make ANN 

for each zone and ANN model of all zones is recommended for SSW prediction for vertical 

wells penetrating different lithologies. 

 

Fig. (7): Measured and Predicted SSW by ANN for all zones with MD. 
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Fig. (8): Measured and Predicted SSW by ANN for each zone with MD. 

     The following mathematical model was obtained for representing the suggested ANN to 

simplify SSW calculation: 

𝑆𝑆𝑊 = ∑ 𝑊2𝑗
12
𝑗=1 (

2

1+𝑒
−2(𝑊1𝑗,1 𝑀𝐷+𝑊1𝑗,2 𝐶𝑆𝑊+ 𝑊1𝑗.3  𝐺𝑅+ 𝑊1𝑗,4 𝐶𝐴𝐿+ 𝑊1𝑗.5 𝑁𝐿 + 𝑊1𝑗,6 𝐷𝑅𝐿+  𝑊1𝑗,7 𝐷𝐿+ 𝑏1𝑗)

 
− 1) +

𝑏2     (15) 

4. Conclusions  
 

     Reservoir heterogeneity is very influential on log tool measurements as well as SSW. At 

present, ANN is utilized to investigate the effect of reservoir heterogeneity on SSW prediction. 

The Iraqi vertical X well penetrated the Asmari reservoir with 2462 measured log points 

selected for this study. Based on formation assessment and available good data, the Asmari 

reservoir was classified into six zones (with different lithology and different fluid content): A, 

B1, B2, B3, B4, and C. Two runs of ANN were performed in this study to investigate the effect 

of lithology on SSW. Initially the team created a single ANN for all 2462 measured points, but 

in the second, we created six ANNs, one for each zone. SSW was an output of ANNs while GR, 

CAL, CSW, NL, DL, MD, and DRL were input parameters for the ANNs input layer. The dataset 

is classified into 30%, 15%, and 15% for training, testing, and validation respectively. Results 

demonstrated that two study ways of ANNs for all or for each zone had insignificant difference. 
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Reservoir heterogeneity is already considered by utilized seven log parameters, so there is no 

need to classify reservoirs into multi-zones when predicting SSW. ANN model for all zones is 

recommended to calculate SSW. A mathematical model for all zones ANN was obtained to 

simplify SSW calculation for vertical wells penetrated reservoirs with different lithologies. 

Nomenclatures 

AAPE = Absolute average percent error 

AI = Artificial Intelligent 

ANN = Artificial neural network 

APE = Average percent error 

b1j = Input - hidden layers biases 

CAL = Caliper log (in) 

CSV = Compressional sonic velocity (ft/us) or (km/sec) 

CSW = Compressional sonic wave time (us/ft) 

DL = Density log (gm/cc) 

DRL = Deep resistivity log (ohm.m) 

GR = Gamma ray log (GAPI) 

j = Hidden layer neurons 

MD = Measured depth (length unit) 

MSE = Mean square error 

n = Neurons number of input layer 

NL = Neutron log (%) 

R2 = Correlation coefficient 

SD = Standard deviation 

Sj = Summation of input weights and biases 

SSV = Shear sonic velocity (ft/us) or (km/sec) 

SSW = Sonic shear wave time (us/ft) 

W1ji = Input – hidden layer neurons connection weights 

W2j = Output - hidden layer connection weights 

Xi = Input vector 

Tmi = Measured shear sonic wave time (us/ft) 

Tp = Predicted sonic shear wave time (us/ft) 

Tpavg = Average predicted sonic shear wave time (us/ft) 
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