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Abstract 
Shear wave has a unique character of splitting into two 

orthogonal waves when it encounters a discontinuity in the 

media. Based on this phenomenon, the shear wave transit time 

(DTS) could be utilized to identify lost-circulation zones along 

the wellbore. Therefore, the objective of this study is to develop 

a method to identify potential mud loss zones by improving the 

accuracy of DTS prediction using machine learning models 

based on conventional well logs. 

Drilling reports of two adjacent offshore wells in the Volve 

field indicate mud loss events in the Ty formation in one well 

(11A) but not in the other well (1A). Three machine learning 

algorithms, Linear Regression (LR), Artificial Neural Network 

(ANN), and Decision Tree (DT), are trained from both wells. 

To identify fractured layers of possible mud loss events, we 

evaluated the discrepancy between the DTS predictions from 

the two models trained from 11A and 1A. Shear splitting 

signatures, larger DTS discrepancy, are identified at the depth 

of Ty formation from the DT and ANN models, which agrees 

with the drilling reports, while the LR model has shown less 

accuracy. The developed predictive models from this study can 

help detect formations of potential mud loss incidents and 

accurately estimate the mechanical properties of subsurface 

formations, which are critical inputs for drilling simulators. 

 
Introduction  

Lost circulation is a major problem in oil and gas well 

drilling, especially in highly permeable, naturally fractured, or 

cavernous formations (Rabia, 2002). This may lead to severe 

issues in drilling operations, such as drill string sticking, 

wellbore instability, bit wear, or blowout depending on the mud 

loss percentage, consequently leading to an increase in the 

drilling downtime (Ameen, 2014). The most accurate way to 

detect lost circulation is to monitor the mud return level and 

compare it to the mud tank level (Rabia, 2002). Recently, 

several studies incorporated artificial intelligence to predict 

mud loss volume by developing supervised machine learning 

(ML) models based on the drilling parameters, such as weight 

on bit, torque, yield point, pump pressure, and flow rate. These 

studies include the cases of the Dammam formation in Iraq (Al-

Hameedi et al., 2017) and the Asmari formation in Iran using 

Artificial Neural Network (ANN) models (Moazzeni et al., 

2010; Toreifi et al., 2014). In addition, some studies suggested 

that incorporating the geomechanical data along with the 

drilling parameters helps in improving the ANN prediction 

accuracy for mud losses (Jahanbakhshi et al., 2014; 

Jahanbakhshi and Keshavarzi, 2015). Also, Ahmed et al. (2020) 

developed ANN and functional network models to predict the 

mud loss volume based on drilling data from High-Pressure 

High Temperature (HPHT) wells.  

Shear wave transit time (DTS) has been utilized in many 

subsurface engineering applications to identify fractures, 

formation layering, in-situ stress changes, and faults in 

subsurface formations (Will et al., 2005). This is because of the 

unique nature of the shear wave, splitting into two polarized 

orthogonal waves of different velocities when it travels through 

an anisotropic medium so that the faster wave propagates along 

the fracture plane, and the slower wave propagates 

perpendicular to it (Tillotson et al., 2012). The  velocity 

difference between the two split waves can be utilized to 

quantify the degree of anisotropy in a medium (Tillotson et al. 

2012; Katsuki et al., 2019).  

Several empirical equations have been developed to predict 

the shear wave velocity (Vs), i.e., the inverse of DTS, from the 

compressional wave velocity (Vp) for homogeneous rocks due 

to the strong correlation between the two properties. Castagna 

et al. (1985) developed a linear correlation for mud rocks 

(Equation 1), while Brocher (2005) suggested a polynomial 

correlation for a wide variety of lithologies (Equation 2) as 

shown below: 

 

𝑉𝑠 =
𝑉𝑝 − 1.36

1.16
 (1) 

 

𝑉𝑠 = 0.7858 − 1.2344𝑉𝑝 + 0.7949𝑉𝑝
2 − 0.1238𝑉𝑝

3

+ 0.006𝑉𝑝
4 

(2) 
 

 

The compressional transit time (DTC) and DTS, in µs/ft, are 

equal to 304.8/Vp and 304.8/Vs, respectively., and Vp and Vs are 

in Km/s. 

Several studies tried to indirectly correlate mud loss volume 

to the filtration rate. Jeirani and Mohebbi (2006) utilized 

statistics to develop empirical equations for filtration rate and 

mud cake permeability as functions of static filtration data, e.g., 

time, pressure drop, H2O wt%, and NaCl wt%. Recent  studies 
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proposed ML models to predict DTS from either drilling 

parameters or conventional well logs. Wood (2020) developed 

a Transparent Open Box (TOB) model to predict DTS of the 

Bakken shale formation in the Williston basin from 

conventional well logs. Gowida and Elkatatny (2020) 

developed an ANN model to predict DTS of carbonate rocks 

from drilling parameters, while Muqtadir et al. (2019) focused 

on tight sandstones using an ANN model. Similarly, Roy et al. 

(2022) and Rajabi et al. (2022) compared the prediction 

accuracy of several hybrid ML models that predict DTS from 

well logs. However, these studies did not consider the 

possibility of utilizing DTS to identify the loss of circulation 

zones.  

Therefore, the objective of our study is developing a new 

method to identify zones of possible mud loss events based on 

DTS measurements and predictions. This is achieved by 

developing supervised ML models including Linear Regression 

(LR), ANN, and Decision Tree (DT) that predict DTS from 

conventional well logs. These models were developed 

separately for two adjacent wells in the Volve offshore oilfield 

located in the Norwegian North Sea. The first well suffered 

from severe mud losses across the Ty formation, while the same 

formation in the second well had no mud losses. Afterward, the 

difference between the predicted DTS from the mud loss and 

the no mud loss models was utilized to identify potential lost 

circulation zone(s) for several test cases. 

 

Review on Volve Field and Available Data 
Volve field is an offshore oilfield located in the southern 

Norwegian North Sea, where the water depth is approximately 

300 ft. The main producing zone is the Hugin formation, a 

heavily faulted structure formed of sandstone with layers of 

claystone. The cap rock above the Hugin formation is the 

Draupne formation, which is claystone. In this field, the wells 

are drilled from a jack-up rig, which is made of 15 surface slots. 

From each slot, a vertical hole is drilled to a depth of 

approximately 2,500 ft, then a set of multi-laterals are deployed 

and landed at Hugin formation to maximize the drainage area 

of the reservoir as shown in Figure 1a. In this study, the drilling 

reports of wells 11A, 1A, and 1B in the Volve field have been 

evaluated to locate lost circulation zones. The report of well 

11A indicated that the Ty formation, predominantly sandstone 

with layers of limestone and claystone, is the lost circulation 

zone. While the reports of the other two wells did not show any 

mud loss for the same formation, where the Ty formation top in 

well 1A is horizontally 2,330 ft apart from the Ty formation top 

in well 11A as shown in Figure 1b. 

 The conventional well logs of these three wells have been 

collected including true vertical depth (TVD), gamma ray (GR), 

bulk density (RHOB), neutron porosity (PHIN), DTC, and DTS 

as shown in Figure 2. The acoustic logs (i.e., DTC and DTS) 

were measured using a quadrupole acoustic logging while 

drilling (LWD) tool, which is made of several quadrupole 

transmitters that are capable of reducing the waves interference 

during drilling and strengthening the shear waveform (Chen, 

1989). The Ty formation in well 11A indicates that the DTS 

values are approximately 150 µs/ft higher than the values in 

well 1A. This relative slowness across Ty formation in well 

11A is possibly due to the presence of natural fractures. 

To verify the presence of fractured zones, both the DTC and 

DTS data were plotted versus each other for each well 

separately. Then, they were compared to Castagna et al. (1985) 

and (Brocher, 2005) models that were developed for isotropic 

porous media as discussed earlier in Equations 1 and 2. Figure 

3 shows this comparison, and it can be clearly seen that there is 

a distinct feature, a range of data below the curves of the 

isotropic models,  in well 11A (Figure 3b) compared to wells 

1A (Figure 3a) and 1B (Figure 3c). The data set that fall out of 

the isotropic model, highlighted by a blue circle in Figure 3b, 

are mostly across the Ty formation (marked by red crosses)  in 

well 11A. The values in this highlighted zone are generally 

higher, by approximately 100 µs/ft, than the estimated values 

by the isotropic models and the measured values from the same 

formation in the other two wells.  

 
ML Models Development 

Three ML models were considered in this study including 

LR, ANN, and DT models. The ML models were trained by 

well logging data of well 1A and 11A, while well logs of well 

1B were used for validation. The development for each of these 

models follows the steps: (1) Well logs pre-processing, (2) 

Features selection, and (3) ML models Architecture. 

Well logs pre-processing 
In this step, all the outliers are excluded from each of the 

conventional well logs including the nulls and negative values. 

Also, the GR log was bounded by an upper limit of 150 to 

eliminate the spikes of high uranium content (Koizumi 1988; 

Rodolfo et al. 2010), which improved the correlation evaluation 

between the GR and the DTS as will be discussed in features 

selection step. After pre-processing, the total number of data 

points is 10,199 for well 1A, 11,084 for well 11A., and 2,813 

for well 1B. 

Features Selection 
The correlation between the DTS and each of the 

conventional well logs was evaluated to select the well logs that 

have strong correlation with DTS. The selected well logs 

represent the inputs (i.e., features) for the ML models. 

Pearson’s correlation coefficient, r, was utilized for this 

evaluation as,  

 

𝑟 =
∑ (𝑋𝑖 − 𝑋)(DTS𝑖 − DTS)𝑚

𝑖=1

√∑ (𝑋𝑖 − 𝑋)
2𝑚

𝑖=1 ∑ (DTS𝑖 − DTS)
2

𝑚
𝑖=1

 
(3) 

 

where m is the number of data points, X is the evaluated feature, 

𝑋̅ is the mean of the evaluated feature, and 𝐷𝑇𝑆̅̅ ̅̅ ̅̅  is the mean of 

DTS values. A strong correlation is an r value that is greater 

than or equal to 0.5 or a value of less than or equal to –0.5. 
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Figure 1: (a) Surface well slots from which all the wells in the Volve field are originated. (b) Well profiles for wells 11A, 1A, and 1B. The Ty 
formation top in well 11A is 2,330 ft apart from the top of the same formation in wells 1A and 1B.  

 

 

 

   
Figure 2: Conventional well logs for wells (a) 1A, (b) 11A, and (c) 1B. 
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Figure 4 summarizes the correlation between DTS and each 

of the conventional well logs for well 1A. DTC has the strongest 

direct correlation with DTS with an r value of 0.93. PHIN and 

GR have strong direct correlations with DTS with r values of 

0.86 and 0.6, respectively. On the other hand, RHOB and TVD 

have inverse correlations with DTS with r values of –0.68 and 

–0.25, respectively. Finally, the resistivity (Rt) has the weakest 

correlation with DTS with r value of 0.016. Therefore, DTC, 

PHIN, GR, RHOB, and TVD were selected as inputs, while Rt 

was excluded. The r value for TVD is greater than –0.5, but it 

was selected as an input to incorporate the confining stress 

effect along with the RHOB to the developed models as was 

discussed in Kholy and Lee (2022). 

Similarly, the correlation coefficients were assessed for well 

11A as shown in Figure 5. The neuron porosity showed the 

strongest correlation with DTS, unlike well 1A where DTC has 

the strongest correlation. This could be related to the relatively 

high permeability of Ty formation in well 11A, compared to 

well 1A, due to the possible existence of natural fractures 

(Kozeny 1927; Carman 1937; Panda and Lake 1994; Costa 

2006). The same inputs were selected for the ML models 

development as in well 1A since they showed strong correlation 

with DTS with r values of 0.85, 0.83, –0.66, 0.54, –0.44 for 

PHIN, DTC, RHOB, GR, and TVD, respectively.  

ML Models Architecture 
The next step is to architect the ML models: LR, ANN, and 

DT. Generally, the architecture for each model is selected to 

achieve minimum difference between the actual DTS and the 

predicted DTS from the model. This difference can be 

evaluated using the Root Mean Square Error (RMSE) as: 

 

𝑅𝑀𝑆𝐸 = √
1

2𝑚
∑(DTS𝑖 − DTSℎ𝑖

)
2

𝑚

𝑖=1

 (4) 

where DTSh is the predicted DTS from the hypothesis function.  

The Linear Regression (LR) Model 
The LR model is the simplest model in terms of the number 

of the parameters (θ) in the hypothesis function. In this study, 

we have five inputs, and hence we should have six parameters 

in the LR’s hypothesis function as in Equation 5: 

 

DTSℎ = 𝜃0 + 𝜃1𝑇𝑉𝐷 + 𝜃2𝐺𝑅 
                              +𝜃3𝑅𝐻𝑂𝐵 + 𝜃4𝑃𝐻𝐼𝑁 + 𝜃5𝐷𝑇𝐶 

(5) 

 

 The parameters in the hypothesis function were solved 

analytically using Equation 6 (Bishop, 2006): 

 

𝜃 = (𝑋𝑇𝑋)−1𝑋𝑇𝐷𝑇𝑆 (6) 

 

where X is a matrix that is made of six columns (i.e., each input 

is defined in a column and the sixth column is the bias column 

which is made of ones), the superscript “T” represents the 

transpose of the matrix, while the superscript “–1” represents 

the matrix inverse. 

For well 1A, the hypothesis parameters θ0, θ1, θ2, θ3, θ4, and 

θ5 were estimated to be 58.677, -0.0087, 0.0824, 11.723, 0.1667, 

1.683, respectively. These parameters yield an RMSE value of 

4.75 µs/ft for this model. Similarly, the LR model was 

developed for well 11A with an RMSE value of 13.19 µs/ft with 

hypothesis parameters of 270.9, –0.02846, 0.17202, 5.7625, 

1.9024, and 1.088. 

 

   
Figure 3: The acoustic data of each of the wells were compared to isotropic models to identify any troublesome zones. (a)Well 1A 
comparison. (b)Well 11A comparison shows that Ty formation, which suffered from mud loss, has significantly higher DTS values than 
the normal trend models. (c)Well 1B comparison. 
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Figure 4: The correlation between DTS and each of the conventional well logs for well 1A from the strongest to the weakest. The green 
label means the well log was selected for model development, while the red means the well log was not selected. (a)DTC. (b)PHIN. 
(c)RHOB. (d)GR. (e)TVD. (f)Rt. 
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Figure 5: The correlation between DTS and each of the conventional well logs for well 11A from the strongest to the weakest. The green 
label means the well log was selected for model development, while the red means the well log was not selected. (a)PHIN. (b)DTC. 
(c)RHOB. (d)GR. (e)TVD. (f)Rt. 
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The Artificial Neural Network (ANN) Model 
The ANN model has been utilized to predict and to solve 

several oil and gas challenges over the last decade. In this study, 

we used ANN model to predict the DTS by finding the optimum 

weights that connect the neurons in the hidden layers together 

to achieve the lowest difference between the actual and the 

predicted DTS. The first step is to normalize both the input and 

the output variables to aid the model converges to the optimum 

weights with,  

 

𝑋𝑛 =
𝑋 − 𝜇

𝜎
 (7) 

 

where µ represents the mean of the variable, and σ is its standard 

deviation. Also, the subscript “n” means it is a normalized 

variable.  

After that, the dataset was divided into training data 

representing 70%, and the other 30% of the dataset for 

validation. Next step was to select the hyperparameters of the 

model including neurons and hidden layers. Two hidden layers 

were selected, and the number of neurons per hidden layer was 

optimized to avoid model overfitting. 12 neurons per hidden 

layer yields the lowest validation RMSE of 5.94 µs/ft as shown 

in Figure 6.  Figure 7 shows the optimum architecture of the 

ANN model, which is made of 1 input layer, 2 hidden layers 

with 12 neurons each, and 1 output layer. 

 

 
Figure 6: ANN Model Optimization  

The feedforward back propagation method estimates the 

cost function, which should be minimized to attain the values 

of the optimum weights of the ANN model as described by 

(Bishop, 2006),  

 

 
Figure 7: ANN Optimum Architecture 

𝐽(𝜃) =
−1

𝑚
[∑ DTS𝑖 log DTSℎ𝑖

𝑚

𝑖=1

+ (1 − DTS𝑖) log(1 − DTSℎ𝑖
)]

+
𝜆

2𝑚
[∑ ∑ ∑ (𝜃𝑗𝑖𝑙

)
2

𝑆𝑙+1

𝑗=1

𝑆𝑙

𝑖=1

𝐿−1

𝑙=1

] 

(8) 

 

where L is the total number of layers, Sl is the number of 

neurons in the layer “l”, θji is a weighting term corresponding 

to the neuron “s” in the layer “l”, and λ represents the 

regularization term, which is equal to 10. 

The ANN model training results yield RMSE values of 2.19 

µs/ft and 5.27 µs/ft for wells 1A and 11A, respectively.  

The Decision Tree (DT) Regression Model 
The DT regression is a commonly utilized supervised ML 

model. Figure 8 represents a simple diagram of the DT model 

showing the main terms of the model. The root node represents 

the start point of the tree, and it contains the whole training 

dataset. The branched nodes from the decision node are called 

the child nodes to that of the parent decision node. The tree is 

built by splitting the training datasets into subsets by generating 

several splitting conditions at each of the root nodes and the 

decision nodes based on the values of the input variables. 

 

 
Figure 8: A Typical Diagram of a DT Model 
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The best splitting condition at each root or decision node 

represents the one that yields the lowest variance at that node. 

This is achieved by calculating the variance at each child node 

as (Bishop, 2006),  

 

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
∑ (𝑋𝑖 − 𝜇)2𝑁

𝑖=1

𝑁
 (9) 

 

where N is the number of datapoints at a child node. Then, the 

weighted average variance of the child nodes is calculated.  

The splitting of the tree stops at the leaf node, when the 

minimum leaf size is achieved, where the leaf size represents 

the number of data points at a node. First, the dataset is divided 

into two: 70% for training and 30% for validation. The 

validation dataset was utilized to optimize the minimum leaf 

size, so that a minimum leaf size of 4 yields the lowest 

validation RMSE value of 4.89 µs/ft as shown in Figure 9. 

 

 
Figure 9: DT Model Optimization 

The DT model training results yield RMSE values of 0.69 

µs/ft and 1.82 µs/ft for wells 1A and 11A, respectively.  

Figure 11 shows a comparison between the actual DTS and 

the predicted DTS from the 3 trained models for wells 1A and 

11A. The models can be ranked in terms of prediction accuracy 

as the DT model, then the ANN model, and finally the LR 

model.  

Validation and Discussion 
After training the 3 ML models, the validation was 

conducted on wells 1A, 1B, and 11A to evaluate the accuracy 

of each model in identifying potential lost circulation zones, 

thief zones. This was done by subtracting the predicted DTS 

from the mud loss model (trained by well 11A dataset) out of 

the predicted DTS from the no mud loss model (trained by well 

1A dataset). If this difference is zero then the formation is likely 

unfractured with no mud loss, while a high positive difference 

likely indicates a fractured zone. In this study, since the average 

of the actual DTS difference in Ty formation, DTS in well 11A 

minus the DTS in well 1A, was 130 µs/ft, we assumed it is a 

fractured zone if the predicted DTS difference is above this 

value. Other positive or negative DTS differences below 130 

µs/ft might be related to other lithological features including the 

heterogeneity of reservoir compaction/stiffness in the same 

formation (Gutierrez 2017). Also, the prediction inaccuracy of 

the ML models could be another source of uncertainty in the 

small variances of DTS differences.  

For well 1A that had no mud loss, Figure 10a shows the 

predicted DTS difference from the 3 ML models. The LR model 

showed DTS difference of almost zero for all depths except for 

the Draupne formation (from 9,872 TVD ft to 10,040 TVD ft), 

where the LR model predicted a positive DTS difference of 

approximately 50 µs/ft, opposite trend compared to the other 

two models. The ANN model predicted zero DTS difference for 

most of the formations. However, it showed negative DTS 

difference values for the Draupne and the Ekofisk formations 

of –75 µs/ft and –95 µs/ft, respectively, which could 

presumably due to the over-compaction as discussed above 

since the formation is dominantly claystone. The DT model also  

predicted a negative DTS difference of –50 µs/ft across the 

Draupne formation. However, the DT model indicated positive 

DTS difference in the Ekofisk and lower Ty formations 

suggesting further investigation is necessary for these zones.  

Figure 10b shows the predicted DTS difference from the 3 

ML models for well 11A, which had severe mud loss across the 

Ty formation (from 8,047 TVD ft to 8,513 TVD ft) based on 

the drilling reports. However, the LR model did not predict any 

possible mud loss zones across the Ty formation with a DTS 

difference of almost zero, while the ANN and the DT models 

successfully predicted four fractured zones by showing a DTS 

difference of close to or greater than 130 µs/ft. The ANN and 

the LR models also predicted high DTS differences in the 

Draupne formation. On the other hand, the DT model did not 

show the same trend, which suggests that the DT model may 

have greater uncertainties and the ANN model is more accurate 

in detecting possible lost circulations zones. Future 

investigation with more lithology information is required to 

validate this finding. 

For a further validation, we estimated the DTS differences 

of well 1B, a subset well of 1A, that did not experience any mud 

loss in the deeper layers. The DTS difference values are nearly 

zero for all formations from the LR model. For the ANN and 

DT model, there are some negative DTS difference values in 

the Draupne formation (ANN) and positive values in the Asgard 

formation (DT). However, there is no clear formation that both 

models show high positive DTS differences (i.e., above 130 

µs/ft) in these deeper layers to suggest highly fractured layers. 
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Figure 11: Comparison between the actual DTS and the predicted DTS from the training results of the three ML models for: (a)Well 1A. 
(b)Well 11A. 

   
 

Figure 10: ML models validation based on the difference between the mud loss model (i.e., trained by well 11A dataset) and the no mud 
loss model (i.e., trained by well 1A dataset). The grey thick vertical lines represent zero difference. (a)Well 1A validation. (b)Well 11A 
validation. (c)Well 1B validation. 
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Conclusions 
In this study, we developed 3 ML models (i.e., LR, ANN, 

and DT models) to detect fractured layers, possible mud loss 

zones, by predicting DTS from conventional well logs of two 

wells: a well with mud loss (11A) and a well with no mud loss 

events (1A). A positive DTS difference, DTS from the mud loss 

model minus the DTS from the no mud loss model, across a 

specific zone suggests the possible existence of natural 

fractures based on the shear wave splitting phenomenon. 

The feature selection for the developed models showed that 

the neutron porosity has the strongest correlation with the DTS 

for the mud loss models, which might be explained by the 

strong dependency on the fracture porosity in the Ty formation 

of well 11A. On the other hand, the DTC showed the strongest 

correlation with DTS for the no mud loss models.  

For wells with no evidence of mud loss, wells 1A and 1B, 

the LR, ANN, and DT models predicted a DTS difference of 

almost zero or with minimal variance across most formations. 

However, for well 11A, a well with mud loss events across the 

Ty formation, both the DT and the ANN models detected layers 

of high DTS difference of approximately 130 µs/ft, possible 

fractured zones, across the Ty formation, while the LR model 

indicated DTS difference of almost zero. 

The presented technique and results can be utilized to 

identify fractured zones to mitigate lost circulation incidents, 

which would help in better designing and optimizing the 

drilling operations. 
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