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REAL-TIME RISK PREDICTION DURING DRILLING OPERATIONS 

CROSS-REFERENCE TO RELATED APPLICATIONS 

[0001] Not applicable. 

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH 

[0002] Not applicable. 

FIELD OF THE DISCLOSURE 

[0003] 	The present disclosure generally relates to systems and methods for real-time 

risk prediction during drilling operations. More particularly, the present disclosure relates to real-

time risk prediction during drilling operations using real-time data from an uncompleted well, a 

trained coarse layer model and a trained fine layer model for each respective layer of the trained 

coarse layer model. 

BACKGROUND 

[0004] Conventional techniques for risk prediction during oil and gas drilling operations 

typically only consider a single model or a single approach to risk prediction. One disadvantage 

of such techniques includes losing precision in time-based prediction results due to training with 

large data sets. In addition, such techniques train their models by partitioning the historical data 

into three different time segments: i) when all drilling conditions are normal; ii) when risk 

realization is imminent; and iii) when the risk is actually realized such as, for example, stuck 

pipe. In most cases, the historical data for time segment (iii) reveals drastic changes compared to 

the other time segments. The historical data that comes from time segment (iii) thus, overwhelms 

the historical data for the other two time segments, which decreases the accuracy of predicting 

when risk realization is imminent in time segment (ii). Some conventional techniques also may 

only use a historical data from a single well for training, which may not be enough data to 

1 



WO 2015/060864 
	

PCT/US2013/066850 

accurately describe the attributes of existing wells or new wells with the same geography. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0005] The present disclosure is described below with references to the accompanying 

drawings in which like elements are referenced with like reference numerals, and in which: 

[0006] FIG. 1 is a flow diagram illustrating one embodiment of a method for 

implementing the present disclosure. 

[0007] FIG. 2 is a display illustrating an exemplary format for multiple attributes of the 

historical data input in step 104 of FIG. 1. 

[0008] FIG. 3 is a display illustrating an exemplary format for the historical data 

segmented in step 106 of FIG. 1. 

[0009] FIG. 4 is a display illustrating exemplary techniques for extracting one or more 

features representative of each respective historical data segment in step 110 of FIG. 1. 

[0010] FIG. 5 is a display illustrating an exemplary coarse layer model and fine layer 

model defined in step 112 of FIG. 1. 

[0011] FIG. 6 is a display illustrating an exemplary graphical user interface for 

monitoring the risk predicted in step 120 of FIG. 1 and managing the drilling operations for each 

uncompleted well. 

[0012] FIG. 7 is a block diagram illustrating one embodiment of a computer system for 

implementing the present disclosure. 

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS 

[0013] The present disclosure therefore, overcomes one or more deficiencies in the prior 

art by providing systems and methods for real-time risk prediction during drilling operations 

using real-time data from an uncompleted well, a trained coarse layer model and a trained fine 

2 



WO 2015/060864 
	

PCT/US2013/066850 

layer model for each respective layer of the trained coarse layer model. 

[00141 In one embodiment, the present disclosure includes a method for predicting a risk 

during drilling operations of a well, which comprises: i) defining a course layer model and a fine 

layer model for each layer of the course layer model based on a model type for the well; ii) 

training the coarse layer model and each fine layer model using a computer processor, the model 

type and at least one of segmented historical data and one or more extracted features representing 

each respective historical data segment; iii) repeating steps a) — b) with another model type until 

the course layer model and each fine layer model are acceptable; and iv) predicting the 

predetermined risk for the well using an acceptable course layer model, each acceptable fine 

layer model and real-time data for the well. 

[00151 In another embodiment, the present disclosure includes a non-transitory program 

carrier device tangibly carrying computer executable instructions for predicting a risk during 

drilling operations of a well, which comprises: i) defining a course layer model and a fine layer 

model for each layer of the course layer model based on a model type for the well; ii) training the 

coarse layer model and each fine layer model using the model type and at least one of segmented 

historical data and one or more extracted features representing each respective historical data 

segment; iii) repeating steps a) — b) with another model type until the course layer model and 

each fine layer model are acceptable; and iv) predicting the predetermined risk for the well using 

an acceptable course layer model, each acceptable fine layer model and real-time data for the 

well. 

[00161 In yet another embodiment, the present disclosure includes a non-transitory 

program carrier device tangibly carrying computer executable instructions for predicting a risk 

during drilling operations of a well, which comprises: i) defining a course layer model and a fine 
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layer model for each layer of the course layer model based on a model type for the well; ii) 

training the coarse layer model and each fine layer model using a computer processor, the model 

type and at least one of segmented historical data and one or more extracted features representing 

each respective historical data segment; iii) repeating steps a) — b) with another model type until 

the course layer model and each fine layer model are acceptable; and iv) predicting the 

predetermined risk for the well using an acceptable course layer model each acceptable fine layer 

model and real-time data for the well. 

[0017] 	The subject matter of the present disclosure is described with specificity, 

however, the description itself is not intended to limit the scope of the disclosure. 	The subject 

matter thus, might also be embodied in other ways, to include different steps or combinations of 

steps similar to the ones described herein, in conjunction with other present or future 

technologies. 	Moreover, although the term "step" may be used herein to describe different 

elements of methods employed, the term should not be interpreted as implying any particular 

order among or between various steps herein disclosed unless otherwise expressly limited by the 

description to a particular order. While the present disclosure may be applied in the oil and gas 

industry, it is not limited thereto and may also be applied in other industries to achieve similar 

results. 

Method Description 

[0018] Referring now to FIG. 1, a flow diagram of one embodiment of a method 100 

for implementing the present disclosure is illustrated. The method 100 presents a dual model 

approach for real-time risk prediction during drilling operations using real-time data from an 

uncompleted well, a trained coarse layer model and a trained fine layer model for each respective 

layer of the trained coarse layer model. 
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[0019] In step 102, a risk, one or more risk attributes, one or more completed wells, one 

or more uncompleted wells, a model type, and model parameters are manually selected using the 

client interface and/or the video interface described further in reference to FIG. 7. Alternatively, 

the risk, the one or more risk attributes, the one or more completed wells, the one or more 

uncompleted wells, the model type, and/or the model parameters may be automatically selected. 

Risk, for example, may include any risk associated with drilling a well such as, for example, 

stuck pipe. Risk attributes may include any and all attributes associate with the risk such as, for 

example, hook load, weight on bit and motor rpm for stuck pipe. The model parameters are used 

to define a coarse layer model and a fine layer model for each layer of the coarse layer model as 

described further in reference to step 112.The model type is used to train the coarse layer model 

and each fine layer model as described further in reference to step 114. For exemplary purposes, 

the risk and risk attributes are selected for stuck pipe in the following description. 

[0020] In step 104, data comprising real-time data from the one or more uncompleted 

wells and historical data from the one or more completed wells is manually input using the client 

interface and/or the video interface described further in reference to FIG. 7. Alternatively, the 

real-time data and historical data may be input automatically. Real-time data and historical data 

may include: i) surface data logging such as rate of penetration (ROP), rotation per minute 

(RPM), weight on bit (WOB), hole depth and bit depth; ii) survey data such as inclination and 

azimuth; and iii) data measuring formation parameters such as resistivity, porosity, sonic velocity 

and gamma ray. Real-time data and historical data can be recorded in time-based and/or depth-

based increments. Historical data also includes data related to the selected risk and risk 

attribute(s) from all available completed wells in the same geographic region. Each selected risk 

that is realized (e.g. a stuck pipe event) in the historical data is automatically or manually labeled 
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with at least one of a time stamp and a depth stamp, and each selected risk attribute (e.g. weight 

on bit) in the historical data is automatically or manually labeled with at least one of a time 

stamp and a depth stamp as safe, potential risk or the realized risk. The risk attributes in the 

historical data are listed in columns, which form log curves. For each attribute, new historical 

data is formatted every ten (10) seconds as illustrated in FIG. 2, 	Alternatively, new historical 

data may be formatted in different time and/or depth increments depending on the available 

historical data. 

[0021] In step 106, the historical data is segmented according to time using techniques 

well known in the art. As illustrated in FIG. 3, the historical data may be segmented according to 

time and/or depth using a sliding window or a disjoint window for grouping the successive and 

consistent data segments. 

[0022] In step 108, the method 100 determines whether to extract one or more features 

representative of each respective historical data segment based on input form the client interface 

and/or the video interface described further in reference to FIG. 7. If features should not be 

extracted, then the method 100 proceeds to step 112. If features should be extracted, then the 

method 100 proceeds to step 110. By extracting features representative of each respective 

historical data segment, the method 100 may be used to render more accurate real-time risk 

prediction results. 

[0023] In step 110, one or more features representative of each respective historical data 

segment may be extracted using techniques well known in the art such as, for example, statistical 

feature extraction, linear predictive filter coefficients, a covariant matrix and/or L-moments. 

Although these techniques are exemplary, one or more may be used in this step. In FIG. 4, each 

exemplary feature extraction technique is illustrated. Each technique results in a respective 
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feature vector (F_DSi.,,N).The feature vector (F DS 1  ...N) consists of N number of feature vectors. 

The statistical feature extraction technique results in basic order statistics of the segmented 

historical data such as, for example, the minimum value, maximum value, mean and variance of 

a segmented historical data. The statistical feature extraction technique thus, translates the basic 

order statistics of each data segment (DS) into a separate number N of feature vectors. The linear 

predictive filter coefficients technique results in linear filter coefficients and the L-moments 

technique results in L-moment values, each for a segmented historical data. The covariance 

matrix technique results may be achieved in the following manner. A typical historical data 

segment (DS,) consists of a matrix of attributes: 

DS,— [Ail A21 . • • ANI] = 

a 	aNi  

 l. 

 1 	...  

aiN 	••• 	aNN 
 (1)  

Before extracting the covariance feature(s) of DS,, DS, is filtered to find its horizontal and 

vertical, first and second, derivatives in the form of a matrix: 

HDI 	DS; : First Horizontal Derivative with respect to rows of DS1  

VD,_ DSi : First Vertical Derivative with respect to columns of DS, 

HD2  DS; : Second Horizontal Derivative with respect to rows of DS; 

VD2  DS, : Second Vertical Derivative with respect to columns of DS; 

The original and derivative values of all values listed in DS; are organized in the following 

matrix (M DS,): 

all 	IIDlaii  VD1aii  HD2a11 	VD2„111 

M_DS, = [ 	i (2)  

aNN 	HD 1 aivN  VD1aNN  HD2,INN 	VD2aNN 
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The first row of the matrix M DS; consists of the values in the first (upper-left) position of all 

five matrices (DS, HD; 	DS, Vpi_ DS1, HD2_ DS;, VD2_ DS;). A total of N2  x 5 values are 

DS; inserted in the matrix M DS,. The covariance matrix of matrix M DS;  is calculated using the _ 	 M_ 

equation: 

COV_DS;= E[ (M DS,— E[M DS;])T  (M DS,— E[M DS;])] 	 (3) 

where (E) is the expectation of a matrix. Because the matrix calculated using equation (3) is 

symmetric, the values in the upper or lower triangle of the matrix are only used as covariance 

features. 	This technique thus, reduces the N2  sized data to start with to a total of 15 values in 

order to identify DS; as a feature vector. 

[0024] In step 112, a coarse layer model and a fine layer model for each layer of the 

coarse layer model are defined based on the selected model type. The selected model type may 

be static mapping or fuzzy mapping. In static mapping, the duration and number of risk zones are 

predefined, however, in fuzzy mapping the duration and number of risk zones are not predefined 

as explained further herein. Fuzzy mapping includes a fuzzy inference system model and rules 

base defined by a domain expert, which are well known techniques that have not been used for 

defining a coarse layer model and a fine layer model for each layer of the coarse layer model. 

The fuzzy inference system and rules base automatically calculate, using the segmented 

historical data or the extracted feature(s) representing each respective historical data segment, the 

best number of i) layers for the coarse layer model representing different risk zones with the best 

incremental time (e.g. in minutes); and ii) layers for each fine layer model representing different 

classification levels with the best incremental time (e.g. in minutes) within a respective risk zone 

totaling the best incremental time of the respective risk zone. The best incremental time for each 
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risk zone and classification level thus, may be different. In static mapping, the selected model 

parameters are used to define the coarse layer model and a fine layer model for each layer of the 

coarse layer model. The model parameters may include, for example, a forecasting horizon (e.g. 

in minutes), a coarse layer model segment number (i.e. layers of coarse layer model representing 

different risk zones with the same incremental time (e.g. in minutes) totaling the forecasting 

horizon), a fine layer model segment number (i.e. layers of each fine layer model representing 

different classification levels with the same incremental time (e.g. in minutes) within a respective 

risk zone totaling the incremental time of the respective risk zone) and a warning interval (e.g. in 

minutes). The forecasting horizon is the maximum amount of time the risk may be predicted in 

step 120 before the risk is realized (e.g. stuck pipe event) in the historical data. In FIG. 5, as a 

static mapping example, the coarse layer model and a fine layer model are illustrated for the risk 

of stuck pipe over a forecasting horizon of 120 minutes. The coarse layer model segment number 

is four (4), which divides the coarse layer model into 4 layers representing 4 different risk zones 

with the same incremental time (30 minutes) totaling the forecasting horizon (120 minutes) and a 

safe zone. The different risk zones represent different levels of potential stuck pipe depending on 

the forecasting horizon and the safe zone represents normal drilling conditions. The fine layer 

model segment number is six (6), which divides each fine layer model into 6 layers representing 

6 different classification levels with the same incremental time (5 minutes) within a respective 

risk zone (e.g. risk zone 4) totaling the incremental time of the respective risk zone (30 minutes). 

Each classification level represents a different level of risk within the respective risk zone. Each 

layer of the coarse layer model representing a different risk zone therefore, includes a fine layer 

model with the same number of layers representing different classification levels. By using a 

coarse layer model and a fine layer model for each layer of the coarse layer model (e.g. a double 
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layer approach), the number of layers may be reduced to enable machine-learning algorithms to 

work with higher accuracy and to forecast precisely how much time remains until a risk may be 

realized. The warning interval defines how often the results of step 120 are displayed and how 

much new historical data is used to display each result. If, for example, a 1 minute warning 

interval is selected, then 6 rows of new historical data are used (according to step 104 (1 row for 

every 10 seconds)) to display the result of step 120 every minute. 

[0025] In step 114, the coarse layer model and each fine layer model are trained using the 

selected model type and at least one of the segmented historical data and the extracted feature(s) 

representing each respective historical data segment. The model type for the coarse layer model 

may be selected from static mapping or fuzzy mapping depending on which model type was used 

to define the coarse layer model and a fine layer model for each layer of the coarse layer model 

in step 112. In other words, the model type used in step 112 should also be used to train the 

coarse layer model and each fine layer model. Static mapping includes three different model 

types, which are well known in the art: fuzzy classification models, hidden Markov models and 

classification models. The model type for each fine layer model may also be selected from the 

same three different static mapping model types. Only one model type is selected for the coarse 

layer model and each fine layer model, which may be the same or different. Fuzzy mapping 

includes the fuzzy inference system model and rules base. The fuzzy inference system model 

includes four (4) components: fuzzification, inference, rules base and defuzzification, which are 

well known in the art. The rules base contains the rules defined by a drilling domain expert to 

identify indicators of certain drilling risks - such as stuck pipe. The inference unit performs the 

inference operation on the fuzzy rules defined in the rules base. Fuzzification transforms the 

crisp inputs into fuzzy linguistic values and defuzzification transforms the linguistic values into 

10 



WO 2015/060864 
	

PCT/US2013/066850 

crisp values by using membership functions. The selected model type is used to train the coarse 

layer model and each fine layer model by mapping the at least one of the segmented historical 

data and the extracted feature(s) representing each respective historical data segment to i) the 

most appropriate layer of the coarse layer model representing a risk zone just prior to the realized 

risk or the safe zone; and ii) the most appropriate layer of the fine layer model representing a 

classification level within the respective risk zone of the coarse layer model. Because each 

selected risk that is realized (e.g. a stuck pipe event) in the segmented historical data and in the 

extracted feature(s) representing each respective historical data segment is labeled with at least 

one of a time stamp and a depth stamp, and because each selected risk attribute (e.g. weight on 

bit) in the segmented historical data and in the extracted feature(s) representing each respective 

historical data segment is labeled with at least one of a time stamp and a depth stamp as safe, 

potential risk or the realized risk, the segmented historical data and the extracted feature(s) 

representing each respective historical data segment may be easily mapped to i) the most 

appropriate layer of the coarse layer model representing a risk zone just prior to the realized risk 

or the safe zone; and ii) the most appropriate layer of the fine layer model representing a 

classification level within the respective risk zone of the coarse layer model as illustrated in FIG. 

S. 

[0026] In step 116, the method 100 determines if the coarse layer model and each fine 

layer model are acceptable based on the results of step 114. If the coarse layer model and each 

fine layer model are acceptable, then the method 100 proceeds to step 120. If the coarse layer 

model and each fine layer model are not acceptable, then the method 100 proceeds to step 118. 

The acceptability of the coarse layer model and each fine layer model depends on each model's 

accuracy of risk prediction using n-fold cross-validation, which is a technique well known in the 
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art. If the accuracy result is below a predetermined value, then the coarse layer model or the 

respective fine layer model is unacceptable and fails to describe the segmented historical data or 

the extracted feature(s) representing each respective historical data segment mapped to their 

respective zones. 

[0027] In step 118, another model type may be selected in the manner described in 

reference to step 102. Once another model type is selected, the method 100 reiterates through 

steps 112, 114 and 116 until the coarse layer model and each fine layer model are acceptable. In 

this manner, different model types may be selected and tested to determine an acceptable coarse 

layer model and each fine layer model. 

[0028] In step 120, the risk for each uncompleted well is predicted (forecasted) using the 

last (i.e. acceptable) trained coarse layer model, each last (i.e. acceptable) trained fine layer 

model and the real-time data for each respective uncompleted well. The real-time data for each 

respective uncompleted well is compared to the last trained coarse layer model and each last 

trained fine layer model in order to classify the real-time data in either i) a safe zone (i.e. normal 

drilling conditions); or ii) a risk zone and a classification level within the respective risk zone. 

Because each risk zone and each classification level within the respective risk zone define the 

amount of time (e.g. in minutes) until the risk is realized (e.g. stuck pipe event), the classification 

of the real-time data in this manner as it is received during drilling operations can predict risk in 

real-time during the drilling operations of multiple conventional or unconventional uncompleted 

wells being monitored. The predicted risk results for each uncompleted well may be used to 

manage the drilling operations, in real-time, as necessary to reduce the level of risk for each 

respective uncompleted well. 

[0029] Referring now to FIG. 6, a display 600 of a graphical user interface for 
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monitoring the predicted risk results from step 120 and managing the drilling operations for each 

uncompleted well is illustrated. The top bar 602 in the display 600 includes tabs for selecting the 

risk attributes associated with the selected risk, the uncompleted wellbore(s) to be monitored, the 

model parameters, and the model type for training the coarse layer model and each fine layer 

model. The selected risk attributes include hook load, standpipe pressure and weight on bit 

associated with the risk of stuck pipe. The selected uncompleted wellbore is Well 1. The selected 

model parameters include the forecasting horizon (120 minutes), the coarse layer model segment 

number (4), the fine layer model segment number (6) and the warning interval (1 minute). And, 

the selected model type is a classification model. As a result of selecting the real-time forecasting 

and monitoring tab in the top bar 602, the results of step 120 are displayed in a risk zone window 

604. In this example, the coarse layer model is divided into 4 layers representing 4 different risk 

zones because the forecasting horizon (120 minutes) is divided into an equal number of risk 

zones by the coarse layer model segment number (4). Thus, each risk zone includes the same 

incremental time (30 minutes) totaling the forecasting horizon (120 minutes). Each fine layer 

model is divided into 6 layers representing 6 different classification levels with the same 

incremental time (5 minutes) within a respective risk zone totaling the incremental time of the 

respective risk zone (30 minutes). Each classification level represents a different level of risk 

within the respective risk zone. Risk zone 1 represents the lowest risk level at 90-120 minutes 

from the risk of a stuck pipe event and risk zone 4 represents the highest risk level at 0-30 

minutes from the risk of a stuck pipe event. As the real-time data is received from Well 1 during 

drilling operations, it is classified in the manner described in reference to step 120 in FIG. 1 to 

predict the level of risk of stuck pipe for Well 1. The predicted level of risk of stuck pipe for 

Well 1 is thus, represented by a line 606 in the risk zone window 604. Line 606 is created in real- 
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time and each data point 608 on line 606 represents the results of step 120. Each data point 608 

on line 606 is separated from another data point 608 by the selected warning interval (1 minute). 

Although each classification level of each fine layer model is not visible in the risk zone window 

604, each classification level represents a different level of risk within the respective risk zone 

and is used to classify the data points 608 within risk zone 1 and risk zone 2. In addition to the 

risk zone window 604, the display 600 includes risk attribute windows 610 for monitoring the 

selected risk attributes (e.g. hook load, standpipe pressure, weight on bit) and a risk percentage 

window 612 for monitoring the predicted risk of stuck pipe as a percentage. 

[0030] As line 606 is formed and monitored in the risk zone window 604, various 

suggestions may appear in a drilling operations window 614. The suggestions relate to changes 

that may be made to the current drilling operations, which are based on the last trained coarse 

layer model and each last trained fine layer model, in order to lower the level of risk in real-time. 

The suggestions are predetermined by a domain expert according to the last trained coarse layer 

model and each last trained fine layer model. In this manner, a drilling operations suggestion 

may be predetermined for each classification level of risk and displayed in the drilling operations 

window 614 when a data point 608, representing the real-time data, is classified within a 

respective classification level. The drilling operations suggestion in the drilling operations 

window 614 suggests an increase in torque during drilling operations to reduce the level of risk 

from risk zone 2 to risk zone 1. If there is no display of line 606, then it is presumed that the 

drilling operations are in a safe zone. 

[0031] In addition to using the results of step 120 for real-time risk prediction, the results 

may also be stored and used later as historical data: i) to monitor other uncompleted wells 

according to the method 100; and ii) to perform a statistical analysis of the duration of each risk 
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level for the monitored well. In the latter use, the statistical analysis may include, for example: i) 

a probability distribution of the duration of a particular risk level; ii) a probability distribution of 

the total duration of consecutive risk levels; iii) a probability distribution of the duration of 

consecutive predicted events at the same risk level (e.g. risk zone 5); and iv) a probability 

distribution of the duration and sequence of risk levels predicting an event pattern. As an 

example, a statistical analysis of the exemplary probability distributions may be used to 

determine the wells with a loss of circulation problem while drilling. The analysis of one or more 

probability distributions may reveal that the loss of circulation primarily occurred in wells in 

which the duration of a particular risk level (e.g. level 3) followed a Gaussian distribution. As a 

result, there is a correlation between the loss of circulation and the duration of risk level 3 during 

drilling operations. Once this correlation is validated (e.g. experienced at multiple wells), it may 

be used for real-time analysis by calculating the probability distribution of the duration of the 

various risk levels during drilling operations. If the duration of a particular risk level (e.g. level 

3) follows a Gaussian distribution, then a notification may be sent as an alert that there is an 

imminent loss of circulation. A statistical analysis of the exemplary probability distributions may 

also be used to determine: i) the wells with more invisible time or non-productive time while 

drilling (the duration of a particular risk level (e.g. level 4) follows a Lognormal distribution); 

and ii) the wells with stuck pipe (the risk levels followed a pattern of short duration at risk level 

4, then a long duration at risk level 3 then a stuck pipe event). 

[0032] The method 100 in FIG. 1 and the graphical user interface in FIG. 6 therefore, 

enable drilling operators, engineers and managers to monitor certain risks, in real-time, during 

drilling operations of uncompleted wells and to make informed decisions regarding when and 

how to manage or modify the drilling operations to reduce the level of risk in advance. As such, 
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the cost of drilling operations may be reduced and productivity increased. 	Compared to 

conventional risk prediction techniques, the method 100 considers only the historical data for the 

well during drilling conditions just prior to the time a particular risk is realized (i.e. during 

drilling conditions before the risk is realized but not drilling conditions during the realized risk). 

Because the historical data during the realized risk is not considered, the risk prediction accuracy 

is improved. And, because the historical data from all available completed wells in the same 

geographic region is used to train the models, the method 100 becomes more accurate in 

predicting risk while drilling a new well with the same geography. 

System Description 

[0033] 	The present disclosure may be implemented through a computer-executable 

program of instructions, such as program modules, generally referred to as software applications 

or application programs executed by a computer. 	The software may include, for example, 

routines, programs, objects, components and data structures that perform particular tasks or 

implement particular abstract data types. The software forms an interface to allow a computer to 

react according to a source of input. Zeta AnalyticsTM, which is a commercial software 

application marketed by Landmark Graphics Corporation, may be used as an interface 

application to implement the present disclosure. 	The software may also cooperate with other 

code segments to initiate a variety of tasks in response to data received in conjunction with the 

source of the received data. The software may be stored and/or carried on any variety of memory 

such as CD-ROM, magnetic disk, bubble memory and semiconductor memory (e.g. various 

types of RAM or ROM). Furthermore, the software and its results may be transmitted over a 

variety of carrier media such as optical fiber, metallic wire and/or through any of a variety of 

networks, such as the Internet. 
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[0034] 	Moreover, those skilled in the art will appreciate that the disclosure may be 

practiced with a variety of computer-system configurations, including hand-held devices, 

multiprocessor 	systems, 	microprocessor-based 	or 	programmable-consumer 	electronics, 

minicomputers, mainframe computers, and the like. 	Any number of computer-systems and 

computer networks are acceptable for use with the present disclosure. 	The disclosure may be 

practiced in distributed-computing environments where tasks are performed by remote- 

processing devices that are linked through a communications network. 	In a distributed- 

computing environment, program modules may be located in both local and remote computer-

storage media including memory storage devices. The present disclosure may therefore, be 

implemented in connection with various hardware, software or a combination thereof, in a 

computer system or other processing system. 

[0035] 	Referring now to FIG. 7, a block diagram illustrates one embodiment of a 

system for implementing the present disclosure on a computer. 	The system includes a 

computing unit, sometimes referred to as a computing system, which contains memory, 

application programs, a client interface, a video interface, and a processing unit. The computing 

unit is only one example of a suitable computing environment and is not intended to suggest any 

limitation as to the scope of use or functionality of the disclosure. 

[0036] 	The memory primarily stores the application programs, which may also be 

described as program modules containing computer-executable instructions, executed by the 

computing unit for implementing the present disclosure described herein and illustrated in FIGS. 

1-6. 	The memory therefore, includes a real-time risk prediction module, which may integrate 

functionality from the remaining application programs illustrated in FIG. 7. In particular, Zeta 

AnalyticsTM may be used as an interface application to provide the model types in step 102, to 
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provide the historical data in step 104 and to display and monitor the results of step 120 using a 

graphical user interface. The real-time risk prediction module enables the performance of the rest 

of steps 102-120 described in reference to FIG. 1. Although Zeta AnalyticsTM may be used as 

interface application, other interface applications may be used, instead, or the real-time risk 

prediction module may be used as a stand-alone application. 

[0037] 	Although the computing unit is shown as having a generalized memory, the 

computing unit typically includes a variety of computer readable media. 	By way of example, 

and not limitation, computer readable media may comprise computer storage media and 

communication media. The computing system memory may include computer storage media in 

the form of volatile and/or nonvolatile memory such as a read only memory (ROM) and random 

access memory (RAM). A basic input/output system (BIOS), containing the basic routines that 

help to transfer information between elements within the computing unit, such as during start-up, 

is typically stored in ROM. The RAM typically contains data and/or program modules that are 

immediately accessible to, and/or presently being operated on, the processing unit. By way of 

example, and not limitation, the computing unit includes an operating system, application 

programs, other program modules, and program data. 

[00381 	The components shown in the memory may also be included in other 

removable/nonremovable, 	volatile/nonvolatile 	computer 	storage 	media 	or they may 	be 

implemented in the computing unit through an application program interface ("API") or cloud 

computing, which may reside on a separate computing unit connected through a computer 

system or network. 	For example only, a hard disk drive may read from or write to 

nonremovable, nonvolatile magnetic media, a magnetic disk drive may read from or write to a 

removable, nonvolatile magnetic disk, and an optical disk drive may read from or write to a 
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removable, nonvolatile optical disk such as a CD ROM or other optical media. 	Other 

removable/nonremovable, volatile/nonvolatile computer storage media that can be used in the 

exemplary operating environment may include, but are not limited to, magnetic tape cassettes, 

flash memory cards, digital versatile disks, digital video tape, solid state RAM, solid state ROM, 

and the like. The drives and their associated computer storage media discussed above provide 

storage of computer readable instructions, data structures, program modules and other data for 

the computing unit. 

[0039] 	A client may enter commands and information into the computing unit through 

the client interface, which may be input devices such as a keyboard and pointing device, 

commonly referred to as a mouse, trackball or touch pad. 	Input devices may include a 

microphone, joystick, satellite dish, scanner, or the like. These and other input devices are often 

connected to the processing unit through the client interface that is coupled to a system bus, but 

may be connected by other interface and bus structures, such as a parallel port or a universal 

serial bus (USB). 

[0040] 	A monitor or other type of display device may be connected to the system bus 

via an interface, such as a video interface. A graphical user interface ("GUI") may also be used 

with the video interface to receive instructions from the client interface and transmit instructions 

to the processing unit. 	In addition to the monitor, computers may also include other peripheral 

output devices such as speakers and printer, which may be connected through an output 

peripheral interface. 

[0041] 	Although many other internal components of the computing unit are not shown, 

those of ordinary skill in the art will appreciate that such components and their interconnection 

are well known. 
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[00421 	While the present disclosure has been described in connection with presently 

preferred embodiments, it will be understood by those skilled in the art that it is not intended to 

limit the disclosure to those embodiments. It is therefore, contemplated that various alternative 

embodiments and modifications may be made to the disclosed embodiments without departing 

from the spirit and scope of the disclosure defined by the appended claims and equivalents 

thereof. 
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CLAIMS 

1, A method for predicting a risk during drilling operations of a well, which 

comprises: 

a) 	defining a course layer model and a fine layer model for each layer of the 

course layer model based on a model type for the well; 

b) training the coarse layer model and each fine layer model using a computer 

processor, the model type and at least one of segmented historical data and 

one or more extracted features representing each respective historical data 

segment; 

c) repeating steps a) - b) with another model type until the course layer model 

and each fine layer model are acceptable; and 

d) predicting the predetermined risk for the well using an acceptable course layer 

model, each acceptable fine layer model and real-time data for the well. 

2.  The method of claim 1, wherein the model type is fuzzy mapping or static 

mapping. 

3.  The method of claim 2, wherein the fuzzy mapping includes a fuzzy inference 

system model and a rules base, which calculate, using the at least one of the segmented 

historical data and the one or more extracted features representing each respective 

historical data segment, a best number of layers for the course layer model representing 

different risk zones with a best respective incremental time and a best number of layers 

for each fine layer model representing different classification levels with a best respective 

incremental time within a respective risk zone totaling the best incremental time of the 

respective risk zone. 
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4.  The method of claim 2, wherein the static mapping uses multiple model 

parameters, which include a forecasting horizon, a coarse layer model segment number, a 

fine layer model segment number and a warning interval. 

5.  The method of claim 4, wherein the coarse layer model segment number 

represents a number of layers for the coarse layer model, which represent different risk 

zones with the same incremental time totaling the forecasting horizon and the fine layer 

model segment number represents a number of layers for each fine layer model, which 

represent different classification levels with the same incremental time within a 

respective risk zone totaling the incremental time of the respective risk zone. 

6.  The method of claim 2, wherein a realization of the predetermined risk is labeled 

with at least one of a time stamp and a depth stamp in the at least one of the segmented 

historical data and the one or more extracted features representing each respective 

historical data segment. 

7.  The method of claim 6, wherein one or more risk attributes are labeled with at 

least one of a time stamp and a depth stamp as safe, potential risk or the realized 

predetermined risk in the at least one of the segmented historical data and the one or more 

extracted features representing each respective historical data segment. 

8.  The method of claim 7, wherein the at least one of the segmented historical data 

and the one or more extracted features representing each respective historical data 

segment are mapped to a most appropriate layer of the coarse layer model representing a 

risk zone or a safe zone and a most appropriate layer of the fine layer model representing 

a classification level within the respective risk zone of the coarse layer model using the 

labeled realized predetermined risk and the one or more labeled risk attributes. 
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9. The method of claim 8, wherein predicting the predetermined risk for the real- 

time data for the well comprises: comparing to the real-time data for the well to the 

acceptable coarse layer model and each acceptable fine layer model, which classifies he 

real-time data in a safe zone, or a risk zone and a classification level within the respective 

risk zone; repeating step d) in claim 1 as the real-time data for the well is received during 

the drilling operations; and displaying the predicted predetermined risk for the well 

during the drilling operations at a predetermined warning interval. 

10. A non-transitory program carrier device tangibly carrying computer executable 

instructions for predicting a risk during drilling operations of a well, the instructions 

being executable to implement: 

a) defining a course layer model and a fine layer model for each layer of the 

course layer model based on a model type for the well; 

b) training the coarse layer model and each fine layer model using the model 

type and at least one of segmented historical data and one or more extracted 

features representing each respective historical data segment; 

c) repeating steps a) — b) with another model type until the course layer model 

and each fine layer model are acceptable; and 

d) predicting the predetermined risk for the well using an acceptable course layer 

model, each acceptable fine layer model and real-time data for the well. 

11. The program device of claim 10, wherein the model type is fuzzy mapping or 

static mapping. 

12. The program device of claim 11, wherein the fuzzy mapping includes a fuzzy 

inference system model and a rules base, which calculate, using the at least one of the 
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segmented historical data and the one or more extracted features representing each 

respective historical data segment, a best number of layers for the course layer model 

representing different risk zones with a best respective incremental 	time and a best 

number of layers for each fine layer model representing different classification levels 

with a best respective incremental time within a respective risk zone totaling the best 

incremental time of the respective risk zone. 

13.  The program device of claim 11, wherein the static mapping uses multiple model 

parameters, which include a forecasting horizon, a coarse layer model segment number, a 

fine layer model segment number and a warning interval. 

14.  The program device of claim 13, wherein the coarse layer model segment number 

represents a number of layers for the coarse layer model, which represent different risk 

zones with the same incremental time totaling the forecasting horizon and the fine layer 

model segment number represents a number of layers for each fine layer model, which 

represent different classification levels with the same incremental time within a 

respective risk zone totaling the incremental time of the respective risk zone. 

15.  The program device of claim 11, wherein a realization of the predetermined risk is 

labeled with at least one of a time stamp and a depth stamp in the at least one of the 

segmented historical data and the one or more extracted features representing each 

respective historical data segment. 

16.  The program device of claim 15, wherein one or more risk attributes are labeled 

with at least one of a time stamp and a depth stamp as safe, potential risk or the realized 

predetermined risk in the at least one of the segmented historical data and the one or more 

extracted features representing each respective historical data segment. 

24 



WO 2015/060864 	 PCT/US2013/066850 

17.  The program device of claim 16, 	wherein the at least one of the segmented 

historical data and the one or more extracted features representing each respective 

historical data segment are mapped to a most appropriate layer of the coarse layer model 

representing a risk zone or a safe zone and a most appropriate layer of the fine layer 

model representing a classification level within the respective risk zone of the coarse 

layer model using the labeled realized predetermined risk and the one or more labeled 

risk attributes. 

18.  The program device of claim 17, wherein predicting the predetermined risk for 

the real-time data for the well comprises: comparing to the real-time data for the well to 

the acceptable coarse layer model and each acceptable fine layer model, which classifies 

he real-time data in a safe zone, or a risk zone and a classification level within the 

respective risk zone; repeating step d) in claim 1 as the real-time data for the well is 

received during the drilling operations; and displaying the predicted predetermined risk 

for the well during the drilling operations at a predetermined warning interval. 

19.  A non transitory program carrier device tangibly carrying computer executable 

instructions for predicting a risk during drilling operations of a well, the instructions 

being executable to implement: 

defining a course layer model and a fine layer model for each layer of the 

course layer model based on a model type for the well; 

training the coarse layer model and each fine layer model using the model 

type and at least one of segmented historical data and one or more extracted 

features representing each respective historical data segment; and 

predicting the predetermined risk for the well using the course layer 
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model, each fine layer model and real-time data for the well. 

20. 

static 

The program device of claim 19, wherein the 

mapping. 

model type is fuzzy mapping or 
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