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Abstract 

 

The research in this thesis explores three aspects of Steam-Assisted Gravity Drainage (SAGD) oil 

recovery using public information, with the aim of uncovering new insights about field 

performance that cannot be deduced from reservoir physics alone. Topics are chosen by the amount 

and type of public data available, and each analysis spans multiple SAGD fields. 

A literature review is presented to understand how machine-learning algorithms have been used in 

SAGD research. Machine learning does not guarantee physically consistent results, therefore 

particular attention is paid to how analysis results are validated. A description of an ideal SAGD 

machine learning study is compiled and used to rate all the studies reviewed. 

The first thesis study uses temperature profiles from observation wells near 13 SAGD well pairs 

to estimate the volume of gas accumulated at the top of a steam chamber. Together with known or 

estimated volumes of gas co-injected, produced, and mobilized within the reservoir, a gas material 

balance is calculated to estimate the unknown volume of gas generated in situ. Heat transfer is also 

examined in relation to the presence of gas. 

The second thesis study develops a new Bayesian biclustering method to find and differentiate 

groups within 328 SAGD well pairs based on their oil production response to steam injection over 

time. Clusters are described with probability distributions that capture the likelihood of 

transitioning between discrete steam-to-oil ratio states. Behaviour differences are then described 

and explained. 

The third thesis study specifies performance of 1,520 well pairs as a ratio of energy produced to 

energy injected (EPEI), noting that EPEI ratios become almost constant within the first year of 
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and parallel to the injection well [8]. The injector and producer wells in SAGD are collectively 

known as a well pair. 

 

Figure 1-1: Vertical cross section of SAGD process [9]. 

 

While the process is relatively easy to describe, the performance of SAGD varies considerably 

across the industry. For example, one well recovered 284,000 m3 of oil in 43 months, whereas a 

second well recovered 132,000 m3 of oil in 92 months from drainage areas of comparable size and 

capacity. This may be the result of variability in the underlying reservoir characteristics, problems 

with well infrastructure, or the way in which each well is operated. All these factors are physically 

impossible to measure and reproduce exactly. Hence, the SAGD process has been widely studied 

with physics-based mathematical models, experimental testing, numerical simulation, and lately, 

with data-driven modeling techniques.  

Here in Alberta, oil companies are required to submit annual reports on in-situ performance, 

well log data, core reports, and monthly injection and production volumes. This data is publicly 

available from the Alberta Energy Regulator (AER) website [10], and from data service providers 

[11]. While this diverse resource is used to greater or lesser extent by almost every SAGD research 
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study discussed in Chapter 2, it is time-consuming to find, compile and pre-process the data, and 

so most studies work with small subsets of this vast public data source. 

In this thesis the primary motivation is to use this public resource to explore what can be learnt 

from examining SAGD wells across the industry together. Each research study objective is chosen 

by the amount and type of data available. Artificial intelligence and data mining techniques 

(collectively called machine learning), and statistical techniques are used. Three aspects of SAGD 

are explored, with careful consideration given to how each research study is structured.  

 

1.2 Problem Statements 

The four problem statements listed below correspond to the research objectives described in the 

next section.  

1) How has machine-learning been used in SAGD research? In SAGD, direct observation of how 

wells respond to steam injection is not possible. Hence the complex interaction of thermal, 

chemical, physical, geological and geo-mechanical forces in this recovery process is not yet 

fully understood. Research has typically focused on data generated in a controlled environment 

(experimental research) or derived from reservoir physics (mathematical and numerical 

simulation research). However, machine learning is a modeling approach that bypasses 

restrictive data assumptions and the need for an explicit model [12]. This means that machine 

learning could be used with SAGD data of questionable reliability, and in analysis approaches 

that are highly unstructured from the perspective of reservoir physics. There is much to be 

learnt from how published research studies that have chosen to use machine learning, 

incorporate these algorithms and validate analysis results found. 
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2) The role of solution and injected gas within SAGD steam chambers. Gas that accumulates at 

the top of a steam chamber is believed to insulate the chamber from heat loss to the overburden, 

and therefore improve thermal efficiency [13]. However, such gas accumulation has also been 

shown to impede chamber growth by reducing heat transfer efficiency [14]. Still other studies 

suggest that in-situ gas does not stay in a reservoir for long periods of time [15]. With much 

uncertainty still surrounding the subject, there is room to explore what can be learnt about the 

effect of in-situ gas on heat transfer from a SAGD field data point of view. 

3) Oil production response to steam injection. The response of a SAGD well to steam injection 

has been studied in a controlled way through experimental, mathematical and numerical 

simulation research. Such studies return an approximate representation of field performance. 

Other studies predict well performance with machine-learning models built directly from field 

data. Results may be accurate but do little to describe the performance variation that exists 

between wells. It is not yet clear how many different steam-oil relationships exist across the 

SAGD industry, whether such relationships are specific to individual SAGD fields or found 

across multiple fields, whether they change over time, or how to even describe any relationship 

differences that do exist. 

4) Causes of different well performance. If the SAGD recovery process is a complex interaction 

of multiple forces as previously mentioned, it seems like an impossible task to narrow down 

causes of well performance differentiation. This is indeed a very difficult task in any controlled 

modeling scenario, because the model parameter value choices influence the causal 

relationships found. On the other hand, the constraints of field well operation (start-up method, 

type of lift used, etc.) are not chosen by the researcher, and therefore become a justifiable 

framework to work within. The very lack of restrictive assumptions associated with machine-
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1.3 Research Objectives 

Four research objectives are chosen: 

1) A literature review of machine learning in SAGD research. A brief history of SAGD is 

compiled, along with summaries of the different kinds of modeling approaches that have been 

used to study the SAGD recovery process. This includes studies that work only with machine-

learning algorithms, and those that combine such algorithms with numerical simulation. A 

description of an ideal SAGD machine learning study emerges and is used to rate all the studies 

reviewed. 

2) Quantification of in-situ gas and its effects on heat transfer at the top of a steam chamber. The 

approach chosen here uses temperature profiles from observation wells near SAGD well pairs, 

fitting a one-dimensional heat loss decline curve to the top of each profile. This delineates 

where a steam chamber ends and conduction into the overburden begins. The volume of gas 

accumulated between these two points is then estimated, and along with known produced gas 

volumes and co-injected gas volumes, a gas material balance can be calculated. Heat transfer 

properties can also be estimated from the decline curves. Once assembled, the relationships 

An insight is a previously unknown understanding of field performance that is consistent 
with, but not intuitive from reservoir physics. 

An inferred outcome is a quantified data relationship about field performance, necessarily 
consistent with reservoir physics, and found from analysis results. 

A finding is information about field performance found from analysis results. 
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between these parameters are explored in the context of what is already known about the effect 

of in-situ gas. 

3) Characterization of well behaviour from oil production response to steam injection over time. 

The relationship between steam injection and oil production is unique in every well pair 

because of factors like the heterogeneity of the underlying reservoir and steam allocation. We 

can expect that some well pairs will behave similarly, while others may be quite different. This 

analysis is designed to find relationships between well pairs, and explore how these 

relationships change over time, while also considering the contribution of underlying reservoir 

heterogeneities. Each cluster is described with a matrix of probability distributions which 

serves two purposes: a) It allows some degree of overlap between cluster descriptions, which 

is necessary because well behaviour is not mutually exclusive; and b) it lends a rich description 

of each cluster that is very helpful in subsequent results interpretation. 

4) An exploration of possible causes for well performance differences. The goal of all SAGD 

operators is to minimize the steam-to-oil ratio (SOR). Another way to look at this relationship 

is as a ratio of cumulative energy produced (as chemical energy in the produced oil) to 

cumulative energy injected (as enthalpy in the injected steam). Thus, the goal of any SAGD 

operation would be to maximize the energy produced to energy injected (EPEI) ratio. While 

Objective 3 searched for unknown well pair groupings, this objective imposes intuitive 

groupings upon the well pairs. Labeling well pairs in this way makes it possible to compare 

performance of adjacent wells on a single well pad, and search for plausible reasons that might 

explain (or cannot explain) performance differences. An initial set of 26 independent 

parameters is compiled, each with the potential to influence well performance. One-by-one 
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these parameters are eliminated until only a few remain. The interactive effects of the 

remaining parameters are then examined with sensitivity analysis. 

 

1.4 Contributions 

The contributions of this research are summarized as follows: 

1) Developed a new method to calculate the amount of gas accumulated at the top of a steam 

chamber from monthly temperature profiles at a nearby observation well. This was done for 

temperature profiles from observation wells around 13 SAGD wells. 

2) Developed a new gas material balance using the accumulated gas volume calculated, along 

with estimates of gas exsolved from mobilized oil, and produced and co-injected gas volumes 

from public data.  

3) Compiled a set of analytical equations modified to work with real data, for the first time, to 

estimate steam injection and oil production volumes for 328 SAGD wells. This analytically 

calculated data set was used as prior information in Chapter 4. 

4) Developed and thoroughly tested a new Bayesian biclustering algorithm specifically to 

accommodate the constraints of the problem addressed in Chapter 4. This algorithm was then 

used to cluster 328 SAGD wells from nine SAGD operations in Alberta and is the basis for 

subsequent inference and insight into characteristic well behaviour. 

5) For the first time, using observed steam-oil relationships in 1,520 wells, and five real SAGD 

well pads as case studies, deductive reasoning is used to show that 17 parameters potentially 

able to influence SAGD performance, cannot in fact explain performance differences seen on 

the given well pads. A further six parameters were deemed causally related to performance and 

their effects were quantified with a sensitivity analysis study. 
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6) Analysis results from the three studies undertaken in this thesis yielded 19 new, quantified 

inferences about field performance, leading to 11 insights that could not have been deduced 

from reservoir physics alone. Some of these insights, obtained with entirely different 

approaches, and datasets of different size, corroborate each other (see Figure 6-1). This kind 

of corroboration represents the most robust way found to validate analysis results. 

 

1.5 Thesis Outline 

This thesis consists of six chapters organized as follows: 

Chapter 1 presents a general introduction to SAGD, along with the thesis motivation, problem 

statement, research objectives, thesis contributions and outline. 

Chapter 2 presents a brief history of SAGD and a literature review of the kind of modeling that 

has been conducted using O&G data, with special emphasis on studies that apply machine learning 

techniques to SAGD data. 

Chapter 3 presents the first SAGD study undertaken to quantify in-situ gas and its relationship 

to heat transfer at the top of a steam chamber.  

Chapter 4 presents the second SAGD study undertaken to characterize well behaviour from oil 

production response to steam injection over time. 

Chapter 5 presents the third SAGD study undertaken to explore possible causes for SAGD well 

performance differences. 

Chapter 6 presents the conclusions of this thesis, along with limitations and recommendations 

for future work. 
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[27]. In-situ combustion has also been initiated with air injection into a SAGD well pair (SAGD + 

AI) after thermal communication has been established with steam [28]. 

Thermal recovery methods that use electro-magnetic (EM) heating typically work in reservoirs 

unattractive for steam injection such as thin, fractured, shallow or tight reservoirs [1]. Electro-

Thermal Dynamic Stripping Process (ET-DSP) converts electromagnetic energy into heat in-situ 

using a system of electrodes that flow current through the formation. Water injected into the ends 

of the electrodes, where the power density is most intense, carries heat into the reservoir [29]. 

Enhanced Solvent Extraction Incorporating Electromagnetic Heating (ESEIEH) has a well pair 

configuration like that in SAGD, but electromagnetic heating and solvent are used instead of steam 

[30]. Thermally assisted gravity drainage (TAGD) is a method for producing bitumen from 

carbonate reservoirs where conductive heating reduces bitumen viscosity, and evolved gases or 

evaporated water form a gas chamber which replaces the fluids produced by gravity drainage [31]. 

Some of the processes discussed have been field-tested; these tend to be the processes 

implemented within companies that have field wells. Others have only been numerically simulated 

or experimentally tested in a laboratory. Figure 2-1 shows all the thermal recovery processes 

discussed by the approximate timeframe in which each field test began.  

 

 

Figure 2-1: Thermal recovery processes timeline. 

(Processes in grey have not yet been field-tested.) 
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techniques can help to reduce the computational load and complexity of history matching by 

reducing the number of realizations that need to be examined, reducing the number of 

parameters in each realization, or optimizing the parameter values for faster convergence to an 

objective function minimum. 

Reducing the number of realizations. To obtain a good history match, several flow 

simulation runs are typically performed. Given that one full flow simulation can take up to an 

hour to run, several thousand simulations will easily take days to complete. Therefore, much 

effort has gone into intelligently reducing the number of realizations that need to be examined. 

Artificial Neural Networks (ANNs) have been used to predict reservoir properties that would 

lead to a good history match, for use as inputs into a reservoir simulation model [84]. ANNs 

have also been used as complete substitutes for flow simulation [85], or in comparison to flow 

simulation to identify areas where the objective function fits poorly and needs additional 

targeted realizations [86]. In a different approach, feature vectors [87] and polar coordinates 

[88, 89] have been used to represent shale barriers in geologic realizations. These extracted 

features are then clustered and only the realizations closest to the cluster centres are subjected 

to full flow simulation. This idea of clustering realizations by eigenvector, importance, or 

Euclidean distance, has also been investigated to find the best ensemble for use with EnKF 

[55].  

Reducing the number of parameters. Another way to improve the computational efficiency 

of the history matching process is to reduce the number of parameters in each geologic 

realization, upscaling aggregate reservoir grid block properties so that fewer blocks are used. 

Fuzzy upscaling allows partial membership of multiple rock types in one grid block, providing 

a more accurate representation of flow characteristics [90]. Discrete Cosine Transform (DCT) 
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use of machine learning or statistical algorithms in automated control focuses on integration 

with instrumentation for real-time visualization in sub-cool monitoring [70] or optimization 

of steam trap control and oil rate [105]. Visualization aids in understanding data, especially 

when the data set is large. It is also a major component of web-based tools designed for oil 

and gas data visualization and analysis [79, 81, 106]. Inference is a modeling process that 

allows us to learn about data relationships, linkages and categories [101]. In this thesis, 

inferred relationships must also be quantified. Examples include a quantified relationship 

between reservoir quality and cSOR [75], quantified association rules predicting production 

rate [79, 80, 106, 107], the oil price range for economically viable SAGD [108], and the 

critical timeframe for achieving minimal cSOR [54, 83]. Some studies articulate useful 

questions for which answer could be inferred from analysis results but stop short of 

quantifying those answers [98]. Of all the reviewed studies that have demonstrated inference, 

only one has inferred the performance of specific wells and proved it too [103]. 

Parameter choice. Some studies work with parameters that represent real field properties 

associated with oil recovery such as porosity, permeability, pay thickness, producer height 

above reservoir base, number of injectors, injection pressure, and injection rate. A few of these 

studies are concerned with proxy modeling of outputs such as production rate from simulated 

data [109] and SOR from field data [75]. More often, performance prediction is secondary to 

the goal of understanding the effectiveness of machine-learning approaches such as genetic 

algorithms in comparison to particle swarm optimization [102], or simulated annealing [110], 

or mathematical approaches like polynomial chaos expansion in comparison to ANNs [72]. 

Other studies work with transformed parameters created for a specific purpose, such as size 

and position identifiers for synthetic shale barrier configurations [67, 69, 71, 73, 74, 111, 112], 
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and synthetic well pair location, length and orientation angle in a simulated field [113]. The 

values of these parameters are randomly selected within given constraints, so that production 

outputs can be simulated from multiple scenarios. For example, in [69] ANN models are used 

to predict production profiles from shale scenarios, while [113] optimizes the number and 

configuration of well pairs in simulated SAGD and VAPEX recovery processes. Time series 

parameters such as production rate have also been transformed into principal components [65], 

inflection points [112], piecewise linear components [64], or discrete wavelet coefficients [66]. 

The ease of these transformations means that parameters that were normally considered 

outputs can now become inputs. For example, a series of studies have been done to predict 

locations and configurations of shale barriers from well production profiles [64, 65, 66, 68]. 

Type of data. As mentioned earlier, most of these studies either generate simulated datasets 

for subsequent use in machine learning analysis [66, 68, 113], or validate production profiles 

predicted by machine learning algorithms against those obtained through numerical 

simulation [64, 72, 114], or both [87, 88]. Simulations are often designed to match reservoir 

properties of known fields [55, 94, 96, 100, 103, 115, 116]. Studies that use field data tend to 

work with small data sets, which reflects the difficulty in collecting this data. The aim of these 

studies is either prediction of production outputs using ANNs [73, 74, 75], inference from in 

situ gas behaviour [53] or well behaviour [54], or both inference and prediction as 

demonstrated for gas wells in [117]. One study assumes probability distributions for a 

comprehensive set of field parameters and performs Monte Carlo simulation to estimate the 

sensitivity of NPV to these inputs [108].  

Algorithm combinations. While a wide variety of machine learning and statistical 

algorithms have been used in oil and gas research, the purpose for their use in any given study 
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Condition C5 is what makes a study immediately useful to oil and gas companies, regardless 

of whether any of the other four conditions are met. Although it does not qualify as a machine-

learning study, the underground test facility (UTF) demonstration of SAGD [3] conducted in 1987 

is an excellent example of an outcome that led to immediate action, as evident from the subsequent 

rise of commercial SAGD. 

The studies examined in this review are summarized in Table 2-3. Studies indicated in red 

relate to the SAGD oil recovery process. Table 2-4 lists the machine learning or statistical 

techniques these studies use. Most of these studies are based on generic reservoir simulated data, 

and therefore only satisfy condition C1. Several more describe the use of simulation data created 

with real field properties (C1 and C2). Condition C3 filters out studies that use the properties of a 

real reservoir to build a numerical simulation model for the purpose of creating simulated data, but 

then do not return to show how the subsequent analysis results relate specifically to wells in that 

Description of an ideal machine learning study in oil and gas: 

C1) Machine learning and/or statistical techniques must be used (with or without 

assistance from numerical simulation). 

C2) The study must work with data from a specific oil and gas field. 

C3) The study demonstrates how quantified data relationships found through inference, 

apply to a set of existing field wells. 

C4) Analysis results uncover insights about field performance. (Previously unknown 

understanding of field performance that is consistent with, but not intuitive from 

reservoir physics.) 

C5) If possible, one of the following analysis outcomes should be demonstrated. 

a) A business question is answered. 

b) Field performance of one or more wells is enhanced. 
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analysis of the data; this implies intuitive results. The remaining six studies do satisfy condition 

C4. Demonstrating that gas accumulated at the top of a steam chamber has no significant effect on 

thermal conductivity into the overburden [53] is consistent with but not intuitive from reservoir 

physics. Finding that SAGD well performance is set in the first three to six months and is difficult 

to change thereafter, is also new and non-intuitive information [83]; as is finding a group of SAGD 

wells that could have achieved higher recovery if they had received higher steam injection rates 

[54]. Being able to demonstrate the potential location and size of 3D shale barriers configurations 

that might cause field well production profiles is also non-intuitive and insightful [112, 118]. 

Shape-based predictions on whether a given well will hit a production target, and how many 

months it will take to get there, is also non-intuitive from reservoir physics [82]. 

From the point-of-view of actionable results, condition C5 is what really matters; only two 

studies take the last step needed to achieve this standard. Working with data from 35 SAGD fields, 

[108] presents and demonstrates a comprehensive workflow to calculate NPV. This analysis uses 

a statistical approach to quantify and compare the economic performance of commercial SAGD 

operations, while answering the business question: What is the range of oil prices within which 

SAGD is profitable? Working with both numerical simulation and machine learning algorithms, 

[103] demonstrates the value of Surrogate Reservoir Modeling (SRM) in predicting the water cut 

of specific (light oil) wells as a result of relaxing production rate restrictions, while water is being 

injected into the reservoir as part of a pressure maintenance program. Upon completion of the 

study, rate restriction relaxation was recommended and implemented in 20 wells and two years 

later, model predictions were proven accurate. This study is an excellent example of how the 

approaches to both numerical simulation and machine learning are simultaneously focused and 

simplified to accommodate the constraints of a real-world problem. 
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Table 2-3: Research studies using hybrid models - purpose of study vs. conditions satisfied. 

(Studies in red relate specifically to SAGD.) 

 Conditions satisfied     
Purpose of study C1 C1, C2 C1, C2, C3 C1, C2, C3, C4 C1, C2, C3, C5 

reduce realizations 50, 86, 87, 88, 89, 119 55, 69, 84, 115    

reduce parameters per realization 56, 57, 59, 62, 63, 90, 91, 92  121   

optimize parameter values 60, 61, 97, 113 95, 96, 102 93, 94, 99, 100   

inference    53, 54, 83  

prediction + inference   75, 117 82, 112, 118 103 
prediction 52, 67, 85, 104, 109, 110, 111, 114, 122 66, 72, 76, 77, 78 80   

prediction + uncertainty analysis  73, 74, 98   108 
prediction + workflow 64 65, 68, 71    

prediction + visualization 122  79, 106, 107   

visualization  81    

automated control 70, 120     
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Table 2-4: Machine learning and statistical techniques used in hybrid modeling. 

(See Appendix A for abbreviation descriptions.) 

 Conditions satisfied     

Purpose of study C1 C1, C2 C1, C2, C3 C1, C2, C3, C4 
C1, C2, 
C3, C5 

reduce realizations DFT, PCA, SOM, ANN, FPR, 
DACE, k-means 

EnKF, ANN, PCA, k-
means, MDS       

reduce parameters per realization PCA, DCT, SPSA, EnKF   ANN, FPR     

optimize parameter values GA, PSO, SS, TS, DE, NA, 
ACO 

HMC, PSO, NA, GA, 
ICA 

SAM, GA, ACO, 
DOE, TS, clustering     

inference       correlation, Bayesian 
statistics, SPM, ANN   

prediction + inference     ANN, PCA, PCR ANN, GA, RSM, 
SAX, symbolic tree 

ANN, 
FPR 

prediction 
ANN, PCA, RBNN, GA, 
SAM, DE, k-means, FPR, 
DOE, MLR, RSM, correlation 

SVM, ANN, PCA, DWT, 
RBNN, GRNN, PNN, 
CNN, DA, MLP, PCE, 
PCM, KLE 

ARM, k-means, FPR, 
SOM 

   

prediction + uncertainty analysis GA, NA, Bayesian statistics PCA, PSO, GA, ANN, 
MC, bootstrapping     MC, 

MLR 

prediction + workflow DWT, ANN, cubic spline, 
PLA DWT, PCA, ANN       

prediction + visualization POD, clustering, graph theory   ARM, k-means, 
SOM, symbolic tree     

visualization   crossplots       

automated control crossplots, SOM, RSM         
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Table 2-5: Research studies using hybrid models - validation approach used. 
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reduce realizations 9       1     
reduce parameters per realization 7 2           

optimize parameter values 10 1           
inference       2   1   

prediction + inference 2 3 1         
prediction 

10 9 3       1 prediction + uncertainty analysis 
prediction + workflow 

prediction + visualization 1           3 
visualization             1 

automated control 2             
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Chapter Three: Insights on Heat Transfer at the Top of Steam Chambers in 

SAGD1 

3.1 Abstract 

Steam-assisted gravity drainage (SAGD) is the method of choice for producing oil from oil sands 

reservoirs. In this method, steam is injected into the formation and the oil, upon heating, is 

mobilized and driven under gravity to a production well. The accumulation of steam within the 

reservoir is referred to as the steam chamber. One of the critical issues confronting SAGD 

operators is the thermal efficiency, measured by the steam-to-oil ratio, of their operations since it 

directly ties to process costs. Using thermocouple profiles from observation wells on three SAGD 

fields in Alberta, we use error function fits to estimate the thermal conductivity of the shale above 

the oil formation (found to be from 0.33 to 3.81 W/m°C), heat flux at the top of the steam chamber, 

vertical height of the steam/gas zone above the steam chamber, and accumulated gas volume 

present. A gas material balance is then derived to estimate the volume of gas that might be 

generated through in situ chemical processes. The results of the heat transfer analysis performed 

on the thermocouple data reveal that the gas co-injection during SAGD operations studied did not 

directly affect the heat transfer rate at the top of the steam chamber since the gas volume added 

was small. The results also show that a sufficiently large accumulation of gas at the top of the 

chamber lowers the heat flux at the edge of the chamber. 

 
 

 

1  A version of this chapter has been published as: Pinto, H., Wang, X., Gates, I. D. (2017). Insights on 
Heat Transfer at the Top of Steam Chambers in SAGD. Journal of Heat Transfer, 139(4). Copyright © 
ASME 2017. https://doi.org/10.1115/1.4035322 
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3.3.1 The Dynamics of Gas Within SAGD Chambers.  

In SAGD, steam from the injection well convects outward to the chamber edge. After releasing its 

latent heat to oil sands at the chamber edge, steam condensate, and mobilized bitumen flow under 

gravity to the chamber bottom. At the chamber edge, heat transfer occurs mainly through 

conduction into cooler oil sand beyond [5]. Heated oil sand releases solution gas (mainly methane) 

that exsolves from bitumen. Due to continuous outward flow of steam to the chamber edge and 

collapse of steam from vapor to liquid phase at the edge, there is a slight depression of pressure 

there, which retains exsolved solution gas near the edge of the chamber. Since the chamber starts 

within productive oil sand, solution gas exsolved from bitumen accumulates at both top and sides 

of the chamber. If NCG is co-injected with steam into the reservoir, then it too flows outward to 

the chamber edge and accumulates there. 

As gas accumulates at the chamber top, it replaces steam. This causes a drop of the partial 

pressure of steam and consequently, a drop of its temperature. Thus, the temperature at the top of 

the expanding depletion chamber may appear to be lower than that of the injected steam, giving 

the impression that the steam chamber edge is descending vertically. This is not true, but rather it 

is the result of the reduction of the partial pressure of the steam at the chamber edge. Note that 

even though the temperature has dropped below that of the injected steam, it is still high enough 

to mobilize the bitumen so oil drainage and solution gas exsolution continues and the chamber still 

expands. The build-up of gas at chamber edge, with its lower thermal diffusivity than that of steam, 

should insulate the steam chamber from the oil sands beyond. This was the original steam-and-gas 

push (SAGP) concept reported by Butler [10]. However, if the temperature gradient through the 

gas zone increased, then this might not be the case and thermal efficiency may remain unchanged. 

 



  

39 
 

3.4  Methodology 

The data used in this study consist of temperature measurements, fluid volumes, and well logs 

from 16 observation wells in three SAGD operations in AB, Canada. Each of these observation 

wells is situated adjacent to a SAGD well pair. The temperature readings come from Alberta 

Energy Regulator In-Situ Performance Presentations [24], whereas monthly injected and produced 

fluid volumes, and well logs are obtained from Divestco EnerGISite [25]. In total, the data set 

consists of 35,099 temperature readings from 1039 sensors recorded over 389 months. Table 3-1 

lists the details of the observation wells analyzed here including location, start date, and number 

of thermocouple profiles used. 

 

Table 3-1: Observation wells used to obtain thermocouple data. 

UWI Field Well name Start date 
Number of 

sensors / well 
Profiles 24 

months 
Profiles 48 

months 
Number of 

profiles used 

103151408307W400 Surmont 101-03-OBC 01-03-2011 30 9 9 9 

102161408307W400 Surmont 101-04-OBB 01-02-2011 30 11 11 11 

100051607606W400 Christina Lake A12mid 01-05-2002 24 2 10 32 

104051607606W400 Christina Lake A13heel 01-06-2002 27 3 11 20 

103121607606W400 Christina Lake A13mid 01-06-2002 29 3 8 37 

1AB121607606W400 Christina Lake A14mid 01-08-2003 30 5 11 33 

103061607606W400 Christina Lake A15toe 01-08-2004 27 2 10 14 

102061507606W400 Christina Lake B13heel 01-05-2008 36 11 22 30 

100161107606W400 Christina Lake B33toe 01-09-2011 29 6 6 6 

102151107606W400 Christina Lake B53mid 01-12-2011 34 8 8 8 

102061207606W400 Christina Lake B64mid 01-10-2012 27 8 8 8 

100061307606W400 Christina Lake B76toe 01-05-2012 28 8 8 8 

102080109506W400 Firebag OB3 01-10-2003 332*   44 

102010109506W400 Firebag OB4 01-10-2003 164*   44 

100153609406W400 Firebag OB5 01-10-2003 166*   35 

102151209506W400 Firebag OB12 01-12-2005 23 7 19 50 

a Fiber-optic. 
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Figure 3-3: Error function fit without and with gas accumulation at top of SAGD depletion 

chamber. 

 

3.4.3 Gas Material Balance.  

To define a gas material balance, the following conditions are needed: 

(1) Gas phase is created in reservoir by three ways: it is exsolved from mobilized oil (A), generated 

from in-situ chemical reactions (B), or introduced through gas co-injection (C). 

(2) Assuming that there are no thief zones to escape to, gas leaves the reservoir through the 

producing well (D). 

















  

53 
 

 

Figure 3-6: Example of profiles of temperature, gas fraction, and heat flux derived from 

sequenced thermocouple profiles with superimposed error function fits. 
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conductivity rises to its peak value in the first quarter of 2007 and then declines beyond. During 

2007 and beyond the heat flux declines, which suggests that the accumulation of gas does provide 

an insulative effect. In this well, no gas was co-injected with steam, and thus, the accumulated gas 

is mainly due to gas generation by in situ reactions. The link between the accumulated gas and 

heat flux is not as strong for Wells 103121607606W400 and Well 103151408307W400; the latter 

shows that as the accumulated gas builds in August 2012, the heat flux rises during this time period. 

For Well 102080109506W400, the accumulated gas layer persists, and heat flux drops throughout 

the operation. For Well 102010109506W400, during September 2007, the accumulated gas spikes 

and there is a corresponding drop of heat flux. For Well 100153609406W400, the accumulated 

gas grows throughout the operation and heat flux remains roughly constant. The results suggest 

that there is a link between the accumulated gas within the depletion chamber and the heat flux. 
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volume although the presence of the gas zone lowers the heat flux from the steam chamber to the 

overburden. Also, the results reveal that gas co-injection does not appear to have any direct effect 

on either heat transfer rates or SOR. 

Future work could extend the approach described in this paper to account for multiple sand 

intervals within the overburden, using multiple error functions.  Given enough temperature profiles 

from wells co-injecting gas in different concentrations, it would also be possible to establish a 

relationship between co-injected gas, reservoir size, and the effect on heat flux; allowing for an 

informed choice of how much gas to inject each month. 
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Chapter Four: Bayesian Biclustering by Dynamics: A Clustering Algorithm 

for SAGD Time Series Data2 

 

4.1 Abstract 

Steam-Assisted Gravity Drainage (SAGD) is an extra heavy oil recovery process consisting of an 

upper horizontal steam injector and a lower horizontal producer that removes fluids from the 

reservoir. Given its costs and environmental impact, SAGD injection strategies must be examined 

to find ways to improve performance. In this paper, a new Bayesian Biclustering by Dynamics 

(BBCD) method is proposed, which finds and differentiates groups of SAGD wells based on their 

oil production response to steam injected over time. This is a greedy algorithm that automatically 

clusters both rows and columns of SAGD injection and production data and then generates a 

descriptive summary for each cluster. Clusters are described with probability distributions that 

capture the likelihood of transitioning between discrete steam-to-oil ratio states. In addition, 

BBCD incorporates background knowledge on SAGD directly into the clustering process via prior 

transition probability distributions. Real SAGD operation data from sites in Alberta, Canada are 

used for this analysis. The results reveal nine production responses to two different steam injection 

strategies, and new insights into SAGD process performance.  

 

 
 

 

2  A version of this chapter has been published as: Pinto, H., Gates, I. D., Wang, X. (2019). Bayesian 
Biclustering by dynamics: A clustering algorithm for SAGD time series data. Computers and 
Geosciences, 133(12).  Copyright © Elsevier 2019. https://doi.org/10.1016/j.cageo.2019.07.008 
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methods of analysis such as analytical calculation, numerical simulation and physical 

experimentation, are better suited for exploring the performance of a single well or SAGD field. 

In addition, the following two real-world challenges should be taken into consideration. First, 

there are an unknown number of life cycle stages for each well. After pre-heating, SAGD wells 

are believed to undergo three life cycle stages. Pre-heating itself is a crucial pre-production step 

when steam is circulated in both the injection and production wells to establish hydraulic 

communication between them [3]. Early-stage is when the steam chamber grows vertically until it 

reaches the cap rock above the reservoir; mid-stage is when the chamber expands laterally; and 

late-stage occurs when adjacent steam chambers merge and the recovery from individual well-

pairs is no longer based solely on the steam injected at that location [1]. Although there is physical 

justification for these three life cycle stages, the actual number of stages a SAGD well undergoes, 

and the duration of each stage, is unknown. Second, there is variability in the underlying reservoir 

characteristics of each SAGD field. Some reservoirs are more challenging to work with than others. 

For example, basic reservoir properties such as porosity, permeability, oil saturation or pay 

thickness may be low which limits oil recovery [4, 5]; the reservoir may contain significant shale 

barriers that restrict the flow of oil to the production well [6], or water channels that promote 

uneven steam chamber growth [7].  

These constraints are captured in three requirements: I) to find life cycle stages, the data set 

must be partitioned over time; II) to isolate differences in reservoir characteristics, the data set 

must be partitioned by wells; and III) to infer the presence and effect of any barrier in the reservoir, 

it is important to estimate the amount of oil a well is expected to produce given its reservoir 

properties. Requirements I and II are covered with biclustering of observed steam and oil volume 

sequences, while requirement III is handled with prior information that captures reservoir 
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found can then be interpreted in terms of its location in time, the cstate transitions it contains, the 

difference between prior and posterior Dirichlet distributions, and the reservoir properties 

associated. 

The contributions of this paper are twofold. First, the proposed BBCD algorithm finds clusters 

within groups of SAGD wells and clusters over a range of time steps, while incorporating reservoir 

characteristics as prior knowledge into the clustering process. The approach handles time series of 

different lengths, seamlessly incorporates gaps in performance data, and makes no assumptions 

about the number of clusters that should be present. Second, results from real world SAGD data 

reveal nine production responses to two different steam injection strategies and include a few 

insights into well performance. 

The paper is organized as follows. Relevant background literature is discussed in Section 4.3, 

followed by a detailed description of the methodology in Section 4.4, and results evaluation in 

Section 4.5. Flexibility of the BBCD algorithm is then summarized in Section 4.6. 

 

4.3 Bayesian Clustering 

Bayesian inference starts by assuming the existence of a (prior) model within the problem being 

studied. For example, this could be an image, or a directed acyclic graph (DAG) containing only 

nodes that represent known variables. Then the probability of this model is updated with available 

evidence (data). The data itself can contain prior distributions, but most applications assume no 

priors or uniform priors on data. After applying Bayes Theorem, the updated (posterior) model is 

used to draw inference about the underlying problem. This may take the form of a new image [12], 
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the algorithm effectively runs in linear time because only a small subset of clusters need 

recalculation in each subsequent iteration. 

 

4.5 Experimental Results 

The SAGD data set used in this study consists of 19-104 months of observed and analytically 

calculated steam injection and oil production volumes for 328 wells in Alberta, Canada [10]. 

However, only 3% of these wells have reached 96 months or more. Correct cluster assignments 

are not known for this data set; hence results are assessed by domain knowledge and by comparison 

to manual clustering as depicted in Figure 4-5.  

For manual clustering, DTW similarity [18] is first calculated between wells and stages 

separately, and reasonable groupings are then combined into biclusters. Clusters that are close 

together in terms of Kullback-Liebler distance are merged, and a transition probability matrix (Pi) 

is created for each remaining bicluster. These manual biclusters are determined from observed data 

only and assumed to apply to prior data too. Then the agglomerative clusters found by the BBCD 

algorithm are assessed against these matrices. A cluster is considered correctly assigned if the P 

matrix it matches most closely is the one at the same row and column location. Results show that 

the BBCD algorithm is 88% accurate against manual clustering with sig = 1. Extensive testing of 

the algorithm on synthetic data shows that it is also robust to noise (Appendix C). A prior 

significance level (sig) of unity was found to improve accuracy in the presence of noise and is 

therefore the value used henceforth. The next section describes two insights from cluster 

evaluation using domain knowledge (Table 4-2 and 4-3). 
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Table 4-2: SAGD insight 1. 

Observation: Stage A is pre-production, Stage B is oil recovery prior to chamber contact 
with the cap rock, and Stage C is oil recovery after chamber contact with cap 
rock. Instead of early, mid- and late-stage production, there is only pre- and 
post-contact production.  

Evidence: Stage A transition frequency matrices contain many cstate 0 values.  

Analysis: Since steam injection has already started, a cstate of 0 indicates that oil 
production was not occurring. This is likely to be the pre-heating stage. 

Evidence: Stage B has almost linear growth over Months 3 to 24 as shown in Figure 4-
7. 

Analysis: Before the steam chamber contacts the cap rock, increase of steam injection 
results in increase of oil recovery.  

Evidence: Stage C shows non-linear growth after 24 months (see Figure 4-7). 

Analysis: After contact with the cap rock, steam injected in one well may travel to a 
location in the reservoir having little effect on oil recovery in the first well 
e.g. into an upper thief zone or shale layers as would be found in a point bar 
oil sands deposit.  

 

Figure 4-7 shows the average monthly performance of each well-set, with discretization labels 

overlaid. W-sets 1 and 2 reached high steam injection, w-sets 3 and 4 reached medium steam 

injection, and the rest range between medium-low and low injection. 
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Table 4-5: SAGD insight 3. 

Insight: The recommended starting cstate is unique to each well-set. Even high-
performing wells, such as those in w-set 1, can be more productive with careful 
consideration of the starting cstates. 

Evidence: Cstatestart depends only on the unique set of probabilities within each stage A 
cluster. The suggested starting position for wells in cluster 3A is cstate 1 which 
corresponds to injecting steam at a High rate, and for wells in in cluster 1A it is 
cstate 2, which corresponds to Medium steam injection. 

Analysis: Cstate 1 in cluster 3A is chosen because there is a lower probability of 
stagnating at this cstate than at the other cstates that occurred in this cluster. 
The choice of cstate 2 in cluster 1A as opposed to cstate 1, balances a higher 
risk of regressing against the benefit of a lower initial SOR. This suggests that 
wells in w-set 1 could have achieved the same initial performance with less 
steam injected.  

Evidence: 9% of cstates seen in 1A correspond to Low steam injection (cstate 3), and 8% 
correspond to High injection (cstates 1 and 4) in the first two months of 
operation. These are all wells that quickly moved into a High steam injection 
strategy and performed with excellence, yet the suggested starting point is at 
cstate 2. 

Analysis: From Table 4-4, cstate 3 is less desirable than cstate 2 because there is a 
relatively high probability (28%) that steam injection will need to increase (i.e. 
revert to cstates 1 or 2) or stop (revert to cstate 0). Starting at cstate 1 is risky 
because it incurs a high average SOR value of 20.6 in stage A, which means 
that subsequent stages will have to achieve very low SOR quickly so that 
overall performance does not suffer. 

 

A slight modification to Equation 10 yields the highest cstate to aim for in subsequent stages 

based on past performance (Equation 11). Caveat: This is not to say that past performance is 

necessarily the best gauge for optimal recovery. In this case we look for a cstate with maximum 

probability of improving or staying the same, while also minimizing the probability of regressing 

to a lower cstate. 
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4.6 Conclusions 

A new agglomerative biclustering algorithm, Bayesian Biclustering by Dynamics (BBCD), is 

proposed and evaluated. The algorithm describes each cluster with a set of probability distributions 

that characterize the underlying process likely to have generated that cluster. Inclusion of prior 

information in the clustering process provides a structured way to bring in relevant background 

knowledge. The approach handles time series of different lengths, seamlessly incorporates gaps in 

performance data, and makes no assumptions about the number of clusters that should be present. 

Furthermore, this approach is suitable for examining real time series relationship between steam 

injected and oil retrieved in SAGD for the following reasons: 1) it does not rely on the shape of 

the time series which is important because wells may display similar behaviour but not always in 

the same order; 2) it can be limited to finding one-step (Markov) dependencies which is important 

because the starting data set is aggregated and therefore any multi-step dependencies that may 

have existed are already masked; 3) it allows us to introduce a user-relevant scale of desirable 

behaviour (cstates) with which to evaluate well performance; 4) clustering results are repeatable 

because the starting cstates are fixed; and 4) it offers several ways of interpreting the resulting 

clusters from their location in time, the combined steam-oil state transitions they contain, the 

differences between prior and posterior Dirichlet distributions, and the reservoir properties 

associated. In data sets (like this one) where correct clusters are not known and not obvious, reason 

4) is very important. Finally, clustering results are repeatable because the starting cstates are based 

on observed (and prior) well behaviour.  

Until now state transitions have represented combined steam-oil states because this was the 

relationship of interest. However, the BBCD methodology is flexible enough to accommodate 

states that represent any combination of variables (univariate), or multiple simultaneous variables 



  

91 
 

(multivariate) that may be of interest. If there is no need for informative priors, uniform priors can 

be substituted instead. One-step dependencies can be removed when examining the relationship 

between different variables in the same month or extended to multi-step dependencies as needed. 

Future work will explore the full range of cluster interpretation from this analysis, before 

investigating other SAGD applications with real or simulated data. For example, the main features 

of seismic attributes derived from simulation models [33] can be segmented over time to see how 

uneven steam chamber growth affects long-term oil recovery. From a methodology point of view, 

future work will investigate optimizing the BBCD algorithm through posterior regularization [34, 

35], which allows data-dependent constraints on the posterior probability of a chosen model, and 

Bayesian sensitivity analysis [36] which performs additional Bayesian analyses under alternative 

prior and likelihood modeling judgements for key quantities of interest.  
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Chapter Five: Steam-Assisted Gravity Drainage Performance Analysis based 

on Energy Return on Energy Invested3 

 

5.1 Abstract 

Steam-Assisted Gravity Drainage (SAGD) is used to extract bitumen from underground reservoirs. 

One concern of SAGD is the amount of steam used, which in turn reflects cost and greenhouse gas 

emissions, versus the amount of oil produced. Here, we examine the performance of 1,520 SAGD 

well pairs operating in Alberta, Canada to understand the relationship between steam and oil from 

the perspective of energy equivalents. The results reveal a new and surprising finding that the long-

term trajectory of the ratio of energy produced (oil) to energy delivered (steam) is set during the 

start-up stage (first few months) of SAGD and does not change thereafter. This reflects the 

importance of process start-up and the first few months after start-up where the near well region 

of the reservoir is conditioned. We classify well performance into Groups A to E (A being the 

best). The analysis also reveals that raising the amount of steam injected into a well after the first 

year of operation has almost no chance of changing the performance group of that well into a better 

group. From the energy analysis, a new predictive model for cumulative recovery is found that 

yields 80% accuracy beyond 24 months.  

 

 
 

 

3  A version of this chapter will be submitted for publication as: Pinto, H., Wang, X., Gates, I. D. Steam-
Assisted Gravity Drainage Performance Analysis based on Energy Return on Energy Invested. 
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5.2 Introduction 

Steam-Assisted Gravity Drainage (SAGD), displayed in cross-section in Figure 5-1, is a heavy oil 

(bitumen) recovery process where steam, injected into an oil reservoir through a horizontal 

injection well, mobilizes heavy oil with heat. Oil then drains under gravity to a horizontal 

production well located a few metres below and parallel to the injection well [1]. The injector and 

producer wells in SAGD are collectively referred to as a well pair. SAGD relies on steam which 

in turn implies greenhouse gas emissions when fuel is combusted to generate heat. The success of 

SAGD depends on minimizing the injected steam volume (cost) while maximizing the produced 

oil (revenue). Hence the key technical measure of the recovery process is the steam-to-oil ratio 

(SOR, where steam is expressed as cold water equivalent) which is to be minimized [2]. Another 

way to look at this relationship is as a ratio of cumulative energy produced (as chemical energy in 

oil) to cumulative energy injected (as enthalpy in steam). Thus, the goal of any SAGD operation 

would be to maximize the ratio of the energy produced to energy injected.  

 

Figure 5-1: Vertical cross section of the Steam-Assisted Gravity Drainage (SAGD) process [8]. 
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oil sands reservoirs, especially point bar deposits, there are shale barriers that interfere with steam 

chamber growth and oil drainage [15, 16].  

Configuration parameters relate to the layout of well infrastructure. These are parameters such 

as well length, well spacing, well pair configuration and wedge wells. In general, the consensus is 

that longer wells improve oil recovery [6, 10] and so does tighter well pair spacing [17]. However, 

with tighter spacing comes the cost of drilling more wells to cover the resource [18]. Well pair 

configuration refers to the location of the injecting well relative to the producing well, and the 

distance relative to the overburden and understrata. Vertical alignment of a well pair is the 

preferred option [19], but additional offset producers or wedge wells are helpful to reach un-

drained bitumen [20, 21].  

Operational parameters encompass the control strategy to produce the reservoirs, and these 

usually involve a trade-off. For example, as steam injection rate increases, bitumen production 

increases, but the cumulative SOR also rises [4]. SAGD is not an easy process to start and stop 

and therefore some level of consistency in steam injection is required [22]. The optimal injection 

strategy involves high steam injection rate until the chamber reaches the caprock after which it is 

lowered to minimize heat losses to the overburden [23]. Next, the injection pressure must be higher 

than the initial reservoir pressure, but not high enough to fracture the reservoir [4]. A high initial 

gas-to-oil ratio can impede steam chamber growth within the reservoir [24], and a high production 

gas-to-oil ratio can impede oil production. Another important consideration is the preheating (start-

up) period where operators may choose between steam circulation, steam dilation, or solvent soak 

[25, 26]. The goal is to quickly achieve communication (conformance) between the well pair along 

each wellbore. Conformance along the production wellbore reduces instances of steam 

breakthrough later, whereas conformance along the injection wellbore promotes uniform chamber 
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Figure 5-3: Energy produced (oil) versus energy injected (steam) for example wells: Cenovus-

Christina Lake (Pad B03), Connacher-Great Divide (Pad 102W), and ConocoPhillips-Surmont 

(three wells on Pad 101). 
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Table 5-1 lists 26 independent parameters/features that have the potential to affect oil recovery 

performance. Given that the aim of this analysis is to better understand the causes of performance 

differences, data is used to filter out parameters from Table 5-1 that cannot cause the performance 

profiles observed. However, the data simply does not exist to show how porosity, permeability, 

and oil saturation vary throughout a reservoir. Similarly, intraformational lean zones and shale 

barriers may be present but undetected. Without data on these parameters they cannot be 

eliminated, and neither can they be confirmed as performance differentiating. Therefore, they must 

be set aside. Top water must also be set aside because it occurs in only one SAGD field, which 

means it occurs too infrequently to accurately assess its industry-wide effect on performance, from 

data. The analysis in this paper therefore examines only 20 of the 26 known differentiating 

parameters to see which ones might affect EPEI performance.  

Note that by setting aside six parameters, we assume that the effect of these parameters on the 

remaining 20 parameters is either random, or negligible (in the case of top water), when considered 

over all 1,520 well pairs. This allows us to assess the remaining 20 parameters independently of 

the excluded six. 
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Table 5-1: Performance-differentiating parameters for SAGD. 

(N.B. There is not enough data to examine the six parameters shaded in grey.) 

Reservoir Configuration Operational 
Porosity 
Pay thickness 
Oil saturation 
Permeability 
Oil viscosity 
Drive 
Thermal conductivity of rock  
Thermal diffusivity 
Deposit (Athabasca, Cold Lake) 
Bottom water 
Top water 
Top gas 
Intraformational lean zones 
Shale barriers 

Well length 
Well spacing 
Well pair configuration 
Wedge wells 

Steam injection rate 
Production Gas-to-Oil ratio (pGOR) 
Injection pressure 
Type of start-up (circulation, steam 
dilation, solvent soak) 
Flow control devices (FCDs) 
Steam quality 
Type of lift (natural, gas, pump) 
Sub-cool temperature 

 

Well performance is grouped by cumulative EPEI at 24 months, and separated into five 

performance groups, listed in Table 5-2. The five groups are manually selected because this is the 

typical number of type curves used informally within the industry to characterize well-behaviour 

and therefore the resulting clusters have intuitive meaning. The average cumulative SOR (cSOR) 

associated with each group shows that Groups A, B and C would be considered good performers. 

A cut-off of 24 months is chosen because this is typically about when a steam chamber reaches 

the caprock. Before this point, the relationship between monthly steam injected and oil produced 

is almost linear with no major heat losses, and hence this period of time provides the best estimate 

of reservoir potential. Grouping wells in this way allows insight into the potential causes for 

differences in performance.  
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Table 5-3: Well performance groups by field. 

Field Deposit Group A Group B Group C Group D Group E 
Athabasca Oil - Hangingstone Athabasca - - - 9 14 
Athabasca Oil - Leismer Athabasca 1 7 11 10 6 
Andora - Sawn Lake Athabasca - - - 1 - 
Baytex - Gemini Cold Lake - - 1 - - 
Black Pearl - Blackrod Athabasca - - - 2 - 
Cenovus - Christina Lake Athabasca 26 58 33 7 6 
Cenovus - Foster Creek Athabasca 22 26 73 45 11 
Connacher - Great Divide Athabasca - - 4 31 5 
CNRL - Kirby Athabasca - 5 22 18 4 
ConocoPhillips - Surmont Athabasca 7 12 32 54 50 
Devon - Jackfish Athabasca 7 27 73 42 18 
Grizzly Oil - Algar Athabasca - - 3 7 - 
Husky - Sunrise Athabasca - - - 16 39 
Husky - Tucker Lake Cold Lake - 10 9 11 37 
JACOS - Hangingstone Athabasca 1 2 10 10 2 
Meg Energy - Christina Lake Athabasca 5 13 83 36 5 
Nexen - Long Lake Athabasca 1 - 5 44 60 
Osum - Orion Cold Lake 2 - - 4 17 
Pengrowth - Lindbergh Cold Lake - 13 9 - - 
Southern Pacific - McKay Athabasca - - - 2 8 
Suncor - Firebag Athabasca 2 3 26 85 45 
Suncor - Mackay Athabasca 5 37 35 18 5 
Total - Joslyn Athabasca - - - 9 6 
 

Next, well performance groups are plotted with medians and percentiles. From Figure 5-4, it 

is immediately obvious that the EPEI ratio of most wells tends to plateau within the first year, 

regardless of group. Figure D-4 shows the graphs in Figure 5-4 extended out to 60 months, showing 

that the trend continues as wells mature.  
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Figure 5-4: EPEI variation within well performance groups. 

(50% of wells have EPEI ratios at or below the black line) 
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Given that all wells receive different volumes of steam per month, a relatively constant EPEI 

ratio suggests that the relationship between energy injected and energy produced holds irrespective 

of the magnitude of energy injected into a reservoir. To verify this, we plot the slopes of linear 

trend lines, calculated monthly for each performance group (Figure 5-5). These trend line slopes 

capture how EPEI ratios vary relative to energy injected (EI) each month. The graph shows slopes 

very close to zero, confirming that EPEI ratios are almost constant as EI rises. The exception is 

Group A wells where EPEI ratios go down slightly with increasing EI. This finding is confirmed 

in Section D.4.2 where we show that Group A wells are relatively insensitive to injection rate, 

which means they can tolerate reduced steam injection volumes without sacrificing oil volumes 

recovered and are therefore more efficient at medium rather than high EI levels. In Figure 5-5, the 

important insight is that these slopes do not change with time. This suggests that increasing the 

amount of steam injected into a well after the first year of operation has almost no chance of 

changing the performance group of that well. Hence, we now know that any parameter that comes 

into effect after 12 months is not performance differentiating. This eliminates wedge wells from 

consideration. 

 

Figure 5-5: EPEI trend with increasing energy injected - all well performance groups. 
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Our discussion has established that well performance groups emerge within the first year of 

operation and do not change. However, a closer look at the medians of each group in Figure 5-6, 

suggests that EPEI ratios appear to be decided within the first three to six months of steam injection 

(except for Group A). This is remarkably early in the lifecycle of a well pair, and points to either 

the underlying reservoir properties or the start-up process as being most influential. Group A wells 

distinguish themselves from Group B wells around eight to ten months when presumably, steam 

injection volumes are scaled back a little to see how a well responds; and field operators discover 

that Group A wells can sustain high performance even at lower injection rates. So far, we have 

eliminated only three of 20 remaining performance-differentiating parameters listed in Table 5-1, 

but the case study examined next is more revealing.  

 

Figure 5-6: EPEI variation showing the median performance of each well group. 
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Average values of permeability, porosity and oil saturation also shown in Table 5-4, are ignored. 

Recall that these are parameters we set aside because there are insufficient data to correctly assess 

the distribution and effect of these properties. 

Table 5-4: Initial properties of the wells on Pad B03 [26]. 

Well 
Name 

max 
EPEI 

Group Length Spacing Steam 
quality 

Pay 
thickness 

Porosity Permeability 
Kh        Kv 

Oil 
Saturation 

Reservoir 
pressure 

  
  

(m) (m) (frac) (m) (frac) (D) (D) (frac) (kPa) 
B03-1 8.1 B 768 100 0.95 34.1 0.33 7 4.2 0.85 2500 
B03-2 9.0 A 743 100 0.95 33.3 0.34 7 4.2 0.85 2500 
B03-3 6.9 C 769 100 0.95 32.4 0.33 7 4.2 0.84 2500 
B03-4 7.7 B 777 100 0.95 31.4 0.33 7 4.2 0.84 2500 
B03-5 9.1 A 760 100 0.95 31.2 0.33 7 4.2 0.84 2500 
B03-6 9.0 A 772 100 0.95 31.4 0.33 7 4.2 0.84 2500 
B03-7 8.8 B 774 100 0.95 31.6 0.33 7 4.2 0.84 2500 
B03-8 8.7 B 769 100 0.95 32.7 0.33 7 4.2 0.84 2500 

 

Table 5-5 shows the start-up processes, bottom hole pressure during start-up, monthly injection 

pressure, and type of lift used for all well pairs in the first six months. All pressure measurements 

are relative to initial reservoir pressure, and the presence of FCDs is indicated. Cenovus 

experimented with different start-up procedures on this pad but admits that with superior reservoir 

quality the start-up method used is not crucial [26]. Circulation refers to the practice of circulating 

steam within a pair of injecting and producing wells separately [1]. Dilation happens with 

controlled high-pressure steam injection. Solvent soak injects solvent into the producer and/or 

injector wellbore, allowing it to soak for some time to mobilize oil [26]. All three processes aim 

to speed up communication between a well pair, but no single approach produced consistent well 

performance.  

Regarding lift, Cenovus claims that early conversion from high-pressure operation (gas lift) to 

low-pressure operation (pumps) has dramatically improved steam-oil ratios (SOR). This is 
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consistent with Gates and Chakrabarty (2006). However, performance differences still exist 

between wells subjected to the same lift type conversion, showing that lift is not a differentiating 

parameter. It is likely that the SOR improvement experienced came from a reduction in produced 

gas instead (see sensitivity analysis results in Section D.4.1).  

Table 5-5: Start-up method, injection pressure and type of lift used on Pad B03 [26]. 

Well 
Name 

Group 
Start-up 
method 

6-month 
average 
pGOR 

Injection Pressure / Initial Reservoir Pressure   

BHP 
(MPag) 

Sep 
2011 

Oct 
2011 

Nov 
2011 

Dec 
2011 

Jan 
2012 

Feb 
2012 

  

B03-1* B ss + dilation 17 2.8 1.9 1.9 1.5 1.3 1.0 1.1  circulation 
B03-2* A dilation 68 2.8 1.9 1.9 1.8 1.8 1.6 1.3  gas lift 
B03-3* C dilation 21 2.8 1.9 1.9 1.7 1.7 1.4 1.1  pump 
B03-4* B circulation 57 2.3 1.9 1.9 1.7 1.3 0.9 0.9   
B03-5* A solvent soak (ss) 15 2.2 1.9 1.9 1.8 1.7 1.7 1.6   
B03-6* A circulation 19 2.3 1.9 1.9 1.8 1.7 1.2 0.8   
B03-7* B ss + dilation 46 2.6 1.9 1.9 1.7 1.7 1.8 1.7   
B03-8* B dilation 33 3.0 1.9 1.9 1.7 1.7 1.8 1.8   
* Three FCDs per injector installed prior to start-up. 

 

Next, we eliminate drive as a differentiator with the following argument. Gravity drainage 

depends on the difference between vapour and oil densities, which in a reservoir environment, are 

governed by steam pressure and temperature, respectively [8]. We know from Table 5-5 that the 

average injection pressure is high enough during start-up that saturation temperature is similar in 

all eight wells. This means that oil density is similar. If we assume that vapour only consists of 

steam this early in the process, then steam density near the wellbore depends on whether the start-

up process is circulating or injecting steam into the reservoir. On Pad B03, in early time, the 

upward flow of steam injected into the reservoir from Wells 1, 2, 3, 7 and 8 is countercurrent to 

the downward flow of heated oil, which might reduce oil drainage in these wells. On the other 

hand, the fact that these five wells are not just circulating but injecting steam into the reservoir 

might increase oil drainage. In either case, if gravity drive were performance differentiating during 
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start-up, we would expect oil recovery that is similar in these five well pairs and different from the 

other three on the same pad. This is not the case, and therefore we can eliminate gravity drainage 

differences from consideration. Finally, subcool temperatures are not known but it is reasonable 

to assume that field operators try to maintain the correct drawdown balance for each well. 

Therefore, fluctuation in this parameter should not cause a long-lasting effect on EPEI.  

We have now eliminated a further 11 parameters in Table 5-1 from consideration as the source 

of performance differences between well groups. Next, case study pads show that wells with FCDs 

tend to be good performers, but data on the timing of FCD installation is limited in the public 

domain. Therefore, the FCD parameter is set aside temporarily, to be revisited in Section 5.5.1. 

This leaves three operational parameters (injection pressure, injection rate, pGOR), and two 

reservoir parameters (top gas and bottom water). We know that injection pressure and rate are 

positively correlated in a closed system. However, a reservoir is an open system where thief zones 

can channel injected heat or pressure away from a steam chamber. Therefore, the remaining five 

parameters must be examined together. For this, we perform multi-parameter analysis. 

 

5.5 Multiparameter Analysis 

The multi-parameter analysis methodology is described in detail in Appendix D, along with 

possible justification of results from a reservoir physics perspective. Sensitivity analysis is 

performed, where one or two parameters are varied while holding the others constant, to see the 

effect of that parameter on EPEI. This requires a model that has been trained to predict EPEI given 

a set of six inputs (month, injection rate, injection pressure, pGOR, top gas, bottom water). 

Artificial neural networks are the chosen tools, with predictions from ten models averaged for each 
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well-performance group. The models are used to predict EPEI for the sensitivity data sets. Results 

are visualized in two ways: 1) by graphing the effect of changes in time, pGOR, top gas and bottom 

water on a single point at fixed injection rate and pressure, and 2) by creating surface plots that 

allow rate and pressure to vary at fixed pGOR, top gas and bottom water values. In the first 

approach, a single point is chosen (injection rate / pore volume = 0.013, injection pressure / 

reservoir pressure = 1.97) that approximates the average rate and pressure values seen in the five 

case study pads. EPEI versus month is then graphed for different combinations of the remaining 

inputs. The second approach takes a macro perspective, creating surface plots that show predicted 

EPEI at every plausible value combination of injection rate and pressure, at fixed pGOR values, 

and in the presence or absence of top gas and bottom water.  

The chart shown in Figure 5-8 summarizes what we learn from sensitivity analysis results. On 

average, well-performance drops with a reduction in permeability. However, well groups with 

similar permeability can show different levels of sensitivity, particularly to the presence of a top 

gas zone, and to produced gas levels. Group A wells represent the best recovery possible through 

SAGD. Results show that in these wells steam injection rates can be lowered much sooner after 

start-up than is typically done in practice, without harming oil production rates. Group B 

performance appears to be typical of wells in reservoirs with slightly lower permeability, or in 

wells hindered by steam breakthrough. On average, Group C wells are in reservoirs with almost 

the same permeability as Group B, but they may be hindered to varying degrees by steam loss to 

thief zones. Group D and E wells show little response to reservoir stimuli known to affect the other 

well groups, even though many of these wells can reach similar (high) injection rates. Therefore, 

we conclude that these wells are limited by oil recovery constraints instead of reservoir constraints. 
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Figure 5-10: Hot spots eliminated with flow control devices [34]. 

 

Given that all the wells on Pad B03 have FCDs from start of SAGD, it is likely that field 

operators are continually adjusting their strategy for better conformance along both injectors and 

producers. Then, the fact that there are still places with uneven chamber growth, and still adjacent 

wells exhibiting different performance levels, suggest two hidden possibilities that may be causing 

performance differentiation in the first few months. One is the presence of intervals of high shale 

content and low permeability along the wellbore impeding chamber growth. This is the shale 

barrier parameter we know about but cannot quantify. The other is the possible presence of high 

permeability channels within the near well region that form early in the SAGD process and become 

the preferential pathways for steam and oil, regardless of later changes in steam distribution 

through FCDs. In SAGD, steam injection and temperature rise are known to induce reservoir 

dilation through a process called sand grain rolling [35]. This phenomenon can raise porosity up 

to 0.02 units, which significantly increases permeability. Thus, it is possible that during start-up, 

there is irreversible and unpredictable enhancement of permeability within the near well region 

that sets the tone for future well productivity.  
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Chapter Six: Concluding Remarks 

 

6.1 Summary and Conclusions 

The research documented in this thesis uses public SAGD data to investigate well performance 

across multiple SAGD fields. First, in-situ gas and heat transfer are explored using temperature 

profiles over time. Next, the oil production response to steam injection is explored so that well 

behaviour can be clustered and described. Lastly, possible causes for different behaviour in 

adjacent wells are eliminated or explored further, based on deductive reasoning. A literature survey 

is included, paying attention to the validation approach taken in research studies that use machine 

learning. Findings from this thesis include several inferred outcomes and insights that can only be 

uncovered by examining SAGD wells from multiple fields together. However, in the absence of 

ground truth about SAGD well performance, the difficulty that remains is how to clearly validate 

results from studies that span several SAGD fields. The most robust way found to validate analysis 

results comes from corroboration of findings from different studies, using different data sets. This 

validation approach is described further at the end of this section. 

Table 6-1 summarizes the analysis results of this thesis, and explains why they are findings, 

inferred outcomes, or insights.  
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Figure 6-1: Corroborating and contradicting findings from this thesis. 

 

6.2 Limitations and Recommendations 

The limitations encountered in this thesis are listed below: 

1) The availability and reliability of public SAGD data greatly influences what can be studied. 

Temperature data are considered reliable because they come from thermocouple sensors that 

are robust to high temperature. However, there is no regulatory requirement to submit 

temperature data and therefore availability depends on whether an oil company chooses to 

submit profiles from the same observation wells each year. Fluid volumes are readily available, 

but only oil volumes are measured, steam, gas and water volumes are estimated. Much more 

data is available for some well pads, and this was very helpful in creating the case studies used 

in the analysis discussed in Chapter 5. 
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2) Insights are only known to be applicable to the well pairs examined, and therefore the larger 

the data set the better. A limited set of 16 observation wells from three SAGD fields used in 

the analysis discussed in Chapter 3, reflect the difficulty in finding temperature profiles that 

satisfy the following stipulations: a) close to or at steam temperature, b) with enough profiles 

over time from the same well c) sufficiently close to a SAGD well pair, d) including 

measurements for the 20-30m above a steam chamber, e) in reservoirs without significant shale 

barriers, and f) in wells with log data. The rationale used in Chapter 3 is that it provides a 

methodology that can be used by SAGD operators for whom access to thermocouple data is 

unrestricted. The next two studies were designed to work with fewer restrictions on the starting 

data set. Findings from Chapter 4 are corroborated with findings from Chapter 5, suggesting 

that the 328 well pairs used in the former study were a good representation of the 1,682 SAGD 

well pairs in Alberta (as of September 2019). The 1,520 well pairs used in Chapter 5 offer even 

more confidence that findings are applicable across the industry. 

3) It is likely that one-off studies are all that this public data set will permit. It is difficult enough 

to design a study within the existing constraints, let alone trying to incorporate the ability to 

ramp up the complexity of the problem slowly over two or three consecutive studies that build 

on each other. Therefore, the studies undertaken in this thesis are quite different from each 

other. Each study is also large, requiring more detail than can fit in one research paper. Hence, 

every study undertaken here has supplementary material (chapter appendices).  

4) The largest limitation by far is the lack of ground truth to verify results and insights found. 

Some studies employ supervised learning where data is labeled; for example, training and 

testing data sets used for predicting oil production rate [3]. Other studies do not require labels 

because a good result is obvious, such as a history matching optimization that intelligently 
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reduces the number of realizations to be simulated [4]. Still other studies employ unsupervised 

(unlabeled) learning where the aim is to learn the inherent structure within the data; for 

example, clustering. If the goal is clustering of realizations to ensure that the number and type 

of geological realizations span the parameter space [5], then a good result is visually intuitive 

(after conversion into two-dimensional space). If, however, the goal is to discover unspecified 

patterns within the data, then insights are possible but very difficult to verify for accuracy [6]. 

Multiple verification approaches have been tried in this thesis; from the use of simple, trusted 

statistical techniques such as correlation (Chapter 3), to verification on synthetic data prior to 

use on real data (Chapter 4), and always with justification through reservoir physics. However, 

one of the challenges with SAGD is that much is still unknown about the underlying physical 

processes, and therefore it is possible to justify multiple different outcomes with physics. The 

only robust way found to verify findings is through corroboration from other studies. 

 

Recommendations: 

1) One recommendation is therefore to design new studies with the aim of corroborating insights 

from previous studies. This was done unintentionally in this thesis but could be done 

deliberately. 

2) A second recommendation would be to focus results towards achieving condition 5 of an ideal 

machine learning study in oil and gas. For example, one of the findings from Chapter 4 is that 

there is a group of wells that were potentially able to achieve high oil recovery if they had 

received higher steam injection rates. While this is certainly insightful, it is retrospective. A 

useful next step would be to identify new wells exhibiting behavioural traits similar to this 
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the clustering process begins. In the accompanying research paper [1], it is noted that observed 

values consist of time series of historical steam injection and oil production monthly volumes for 

each SAGD well, whereas prior values consist of time series of analytical steam and oil volumes 

pre-calculated for each well. Therefore, four time series of equal length represent the life of one 

well, and different wells can have lifespans of different length. Figure C-1 shows the four time 

series for an example well that is 34 months old. 

 

Figure C-1: Observed and analytically calculated steam injection and oil production monthly 

volumes for one well. 

 

In overview, the BBCD algorithm proceeds as follows. First, the observed data set is initialized 

into node structures used by the search heuristic, and node structures used to calculate a posterior 

probability score. Nodes contain transition probability matrices that are the base data structure of 

the algorithm. A posterior probability score is then calculated for the initial configuration of nodes. 

Next. a biclustering search procedure uses a qualifying criterion to find the two most similar nodes 

to merge. The posterior probability of the new clustering configuration is calculated, and if the 
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Note that by defining wells and stages in this way, we are not concerned with the shape of the 

constituent time sequences, only the types of transitions that occurred. This is a less restrictive way 

of describing time sequences suitable for the SAGD application because 1) wells may display 

similar behaviour but not always in the same order, and 2) since monthly fluid volumes have been 

aggregated, there is a strong possibility that any fine-scale time series behaviour is already masked. 

The latter is also the reason why one-step dependencies under the Markov assumption are the only 

dependencies we reasonably expect to find. 

 

C.4 Synthetic data generation 

While the testing approach is similar to [2], the data sets themselves are created through a process 

described in [3]. A data set is built with a pre-defined arrangement of biclusters, each randomly 

assigned a number from 1 to m which represents the underlying process that bicluster was created 

by. Figure C-3 shows the three bicluster layouts created, with the underlying distributions used to 

generate their different sections shown in red. Layouts 1 and 3 are expected to be the most difficult 

to resolve because the former has very few time steps to work with, and the staggered clusters of 

the latter present a challenge to the search strategy. Time steps are assumed to be months, and 

therefore appear in multiples of 12. 
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Since the search strategy can only find similarity between entire wells or entire stages, the number 

of clusters found will be greater or equal to the number present. For example, Layout 2 has seven 

clusters, but the best-case result will find eight clusters, two of which will be assigned to the same 

MC. Similarly, Layout 3 should find 16 clusters. Figure C-4 shows how this breakdown is 

calculated.  

 

Figure C-4: Ideal number of clusters found for Layouts 2 and 3. 

 

C.6.1 Evaluation criterion 

In evaluating the clusters, we count the number of cstate transitions correctly assigned in all 

biclusters. Cstate transitions are counted if the cluster they belong to is assigned to the correct 

generating matrix MCi. The closest MCi matrix to each cluster is determined by Kullback-Liebler 

distance. This evaluation measure was proposed in [3] and works like the clustering error measure 

[6] modified in [2] for non-overlapping biclusterings. 

 

C.6.2 Algorithm robustness 
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Results in Table C-2 show that accuracy is high even in the presence of noise but degrades as noise 

levels increase. When prior information contains as much noise as the observed data, results are 

less accurate especially when there are few time points to work with like in Layout 1. However, 

noise levels must be quite high (50%) to see this effect.  

Table C-2: Percentage accuracy of clustering results. 

noise added to 
both observed and 

prior data sets 
0% 10% 20% 50% 

sig 0.01 0.1 1 0.01 0.1 1 0.01 0.1 1 0.01 0.1 1 
Layout 1 98 99 100 90 90 94 91 91 93 75 66 68 
Layout 2 92 91 100 92 95 100 93 89 100 75 92 93 
Layout 3 98 91 99 97 97 97 95 95 97 89 87 93 

 

To examine the effect of bin size on accuracy of results, data sets are generated with 5, 10 and 

17 states. Table C-3 shows that the number of states matters most in very small data sets at high 

noise levels. 

Table C-3: Percentage accuracy with different initial binning. 

sig 1 
noise 0% 10% 20% 50% 
states 5 10 17 5 10 17 5 10 17 5 10 17 

Layout 1 100 100 96 100 94 94 84 93 88 54 68 83 
Layout 2 99 100 99 98 100 98 98 100 98 88 93 96 
Layout 3 98 99 98 97 97 97 96 97 95 83 93 87 

 

Figure C-5 shows how the merge-qualifying score (mincombo) and posterior probability score 

rise as BBCD progresses. Both scores increase as the algorithm merges less similar clusters with 

each successive iteration, but it is easier to see where the score starts to rise exponentially in the 
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trajectory of mincombo. We set a cut-off point to disqualify poor merges that tend to happen at the 

end of the iterative process. This stopping criterion is chosen via empirical observation as 

performance is tested at different cut-off points. 

 

Figure C-5: Posterior probability and mincombo scores for one test run. 

 

Table C-4 shows the sensitivity of results to the merge-qualifying criterion cut-off point. A 

cut-off value of 1 is too low potentially stopping beneficial merges. Whereas a cut-off value of 3 

or higher may be too permissive, allowing sub-optimal merges early in the clustering process. 

 

Table C-4: Percentage accuracy associated with varying merge-qualifying cut-off points. 

merge-qualifying cut-off 1 2 3 4 
 noise = 0%, sig = 1 

Layout 1 91 92 92 92 
Layout 2 86 100 100 100 
Layout 3 83 98 97  97 

C.6.3 Algorithm running time 





  

199 
 

 

Figure C-7: BBCD running time. 

 

C.6.4 Algorithm accuracy against Random Agglomeration 

Table C-5 shows the results when the choices of whether to merge two wells or two stages, and 

the specific wells (or stages) to merge, are randomly selected. Accuracy is surprisingly good with 

random agglomeration, but the F1 score shows that the approach has a poor balance between 

precision (exactness) and recall (completeness) when compared to BBCD. 

 

Table C-5: Comparison of BBCD against random agglomeration. 

 Accuracy F1 Score 
 BBCD Random agglomeration BBCD Random agglomeration 
 noise = 0%, sig = 1 

Layout 1 100 81 100 77 
Layout 2 100 88 98 41 
Layout 3 99 79 89 25 

 

 

 

































  

215 
 

[13] Butler, R.M., McNab, G.S., Lo, H.Y. (1981). Theoretical Studies on the Gravity Drainage of 

Heavy Oil During In-Situ Steam Heating. Canadian Journal of Chemical Engineering, 59(4): 

455-460. doi:10.1002/cjce.5450590407 

[14] Edmunds N., Peterson, J. (2007). A Unified Model for Prediction of CSOR in Steam-Based 

Bitumen Recovery. Canadian International Petroleum Conference, 12-14 June, Calgary, 

Alberta. doi:10.2118/2007-027 

[15] Miura, K., Wang, J. (2010). An Analytical Model to Predict Cumulative Steam Oil Ratio 

(CSOR) in Thermal Recovery SAGD Process. Canadian Unconventional Resources & 

International Petroleum Conference, 19-21 October, Calgary, Alberta. doi:10.2118/137604-

MS 

[16] Akin, S. (2006). Mathematical modeling of steam-assisted gravity drainage. Computers & 

Geosciences, 32, 240-246. doi:10.1016/j.cageo.2005.06.007 

[17] Alali, N., Pishvaie, M., Jabbari, H. (2009). A new semi-analytical modeling of steam-assisted 

gravity drainage in heavy oil reservoirs. Journal of Petroleum Science and Engineering, 69, 

261-270. doi:10.1016/j.petrol.2009.09.003 

 

  



  

216 
 

Appendix D: EPEI Graphs, Sensitivity Analysis, Case Studies 

 

This appendix contains supplementary images, details on artificial neural network models built, a 

petrophysical explanation of the results obtained through sensitivity analysis, and additional case 

study pads. 

 

D.1. EPEI graphs 

Cumulative energy produced and cumulative energy injected are calculated chronologically for 23 

SAGD fields, and grouped in Figures D-1, D-2 and D-3 by energy injected. 

 

Figure D-1: Fields with energy injected greater than 100 TJ/m. 
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Figure D-2: Fields with energy injected between 20 and 100 TJ/m. 

 

 

Figure D-3: Fields with energy injected less than 20 TJ/m. 
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D.2 Well performance groups 

In Figure D-4, EPEI is plotted for each well performance group up to 60 months. The graphs show 

that EPEI ratios plateau within the first year and remain that way into maturity. 

 

Figure D-4: EPEI variation within well performance groups - 60 months. 

(50% of wells have EPEI ratios at or below the black line) 
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Medians of each well performance group shown in Figure D-5, suggests that EPEI ratios appear 

to be decided within the first three to six months of steam injection. The exceptions are Type A 

wells, which distinguish themselves from Type B wells around the eighth month by the fact that 

they can achieve and sustain high performance at lower injection rates (see Figure D-13). 

 

Figure D-5: Median EPEI performance of each well group. 

 

 

D.3 Artificial neural network (ANN) models 

Multi-parameter sensitivity analysis is conducted on 12,100 records, from 1,520 wells, using fully 

connected 6-10-1 ANN models like the one depicted in Figure D-6. Ten models are built for each 

well performance group and averaged to provide a consistent prediction. Input parameters are 

month, injection rate, injection pressure, produced GOR (pGOR), top gas and bottom water. The 

output parameter is EPEI at 24 months. To ensure a fair comparison between reservoirs of different 

size and depth, injection rate is divided by pore volume, and injection pressure is divided by initial 

reservoir pressure. 
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Figure D-6: Depiction of a 6-10-1 ANN model. 

 

Models are evaluated based on both accuracy (10% holdout set) and Spearman rank-order 

correlation between actual and predicted EPEI results. A correlation coefficient > 0.5 is considered 

strong [1] and ensures that a model has learned the data trends, which is important for subsequent 

sensitivity analysis. All five models developed are robust by these standards (Table D-1). A hidden 

layer is used to model non-linear behaviour, and the number of nodes within this layer is the 

minimum number found to consistently yield prediction results with good correlation to actual 

outputs. ANN models are implemented using the Keras API in TensorFlow [2].  

Table D-1: ANN model statistics. 

10-model averages A B C D E 
Accuracy (max value = 1) 0.88 0.93 0.90 0.85 0.83 
Correlation coefficient (max value = 1) 0.83 0.87 0.81 0.74 0.59 

 

month

injection rate

injection pressure

pGOR

top gas

bottom water

EPEI
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results of single point analysis are consistent across rate and pressure variation. In the analysis that 

follows, note that EPEI (at 24 months) can change by one performance group as a result of 

sensitivity to any of the input parameters. Hence, pGOR, top gas, bottom water, injection rate and 

pressure are all performance differentiating. 

 

D.4.1 Single point analysis 

The sensitivity of Group A wells represents ideal SAGD well behaviour (Figure D-7). When a top 

gas zone (tg1bw0) is present, EPEI improves slightly over the first six months on steam injection. 

The slightly larger compressibility of this gas zone allows dilation in the near well region during 

start-up, thus improving permeability in this critical region. When a bottom water zone (tg0bw1) 

is present, EPEI is initially lower as heat is lost to this thief zone. Water zones have higher 

transmissibility of heat within a reservoir [4] than rock, and hence they become preferential heat 

sinks. However, at the right injection pressure, the presence of an inter-formation water zone near 

wellbore is known to minimize dead spots that do not develop steam chambers [5]. Therefore, it 

is possible that a bottom water zone improves heat distribution along the production wellbore, 

resulting in better conformance, and causing the fast ramp up in EPEI seen over the first year, 

despite the slow start. The graphs in the second tier of Figure D-7 show that increasing pGOR has 

a negative effect on EPEI. Gas is more mobile than oil and is therefore produced preferentially, 

but the small dip in EPEI associated with sizeable jumps in pGOR suggest that Group A reservoirs 

are permeable enough to tolerate large quantities of gas production without interrupting oil 

production too much. 
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Figure D-7: Sensitivity of Group A wells to top gas, bottom water and pGOR. 

 

Group B wells shown in Figure D-8, are remarkably sensitive to the presence of top gas and 

pGOR. A top gas zone improves EPEI showing that Group B wells also benefit from the additional 

compressibility these zones lend. Here, the effect lasts throughout the 24-month period examined 

and can bump a well up from Group B to Group A performance. This suggests that somewhere in 

the ~1.2 Darcy difference between Group A and B wells (see Table D-2), is a point at which 

absolute permeability begins to have a permanent rate-limiting effect on SAGD oil flow. In 

addition, increasing pGOR decreases oil production and EPEI substantially. This could indicate 

pGOR < 1 pGOR =50 pGOR = 100

tg0bw0 tg0bw1 tg1bw0

months months months

Group A
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the presence of hotspots along a production well, where steam (and gas) breakthrough occurs. 

Given that the effect of pGOR is strongest when a top gas zone is present, it appears that some of 

the top gas finds its way to the production well. By itself, the presence of a bottom water zone has 

a small negative effect on EPEI in these wells. However, when gas is present, a bottom water zone 

seems to compensate for the larger detrimental effect of high pGOR. This may be because a heated 

bottom water zone promotes conformance along the producer eliminating hotspots that might 

otherwise lead to gas breakthrough. 

 

Figure D-8: Sensitivity of Group B wells to top gas, bottom water and pGOR. 

 

pGOR < 1 pGOR =50 pGOR = 100

tg0bw0 tg0bw1 tg1bw0
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Group B
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In Group C wells (Figure D-9), a top gas zone seems to be unable to impart the permeability 

enhancements we would expect through compressibility. The loss of compression suggests that 

some of the injected steam is bypassing the growing chamber, reducing chamber pressure. Since 

this effect occurs before a chamber has reached cap-rock, it may be that high-permeability channels 

have formed, channelling steam directly into the top gas zone. Once again, a bottom water zone 

reduces EPEI slightly, and compensates for the detrimental effect of high gas production 

(pGOR=100). Unlike Group A and B wells, moderate gas production (pGOR = 50) does not hurt 

EPEI in Group C wells. This too is a puzzling result. 

 

Figure D-9: Sensitivity of Group C wells to top gas, bottom water and pGOR. 

pGOR < 1 pGOR =50 pGOR = 100
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Group D wells are typically in reservoirs with even lower permeability, and therefore exhibit less 

variation in EPEI with respect to top gas or bottom water zones (Figure D-10). The variation that 

does exist suggests that both bottom water and top gas are slightly beneficial but increasing gas 

production hurts EPEI ratios. Group E wells have similar permeability to Group D wells, except 

they display even less EPEI sensitivity (Figure D-11). The poor response to reservoir stimuli in 

both Group D and E wells suggest that recovery is not about how much oil is mobilized in the 

reservoir, but how much oil can be filtered into a production well. Performance is transitioning 

from reservoir-constrained to operations-constrained. 

 

Figure D-10: Sensitivity of Group D wells to top gas, bottom water and pGOR. 
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Figure D-11: Sensitivity of Group E wells to top gas, bottom water and pGOR. 

 

In summary, single point analysis suggests that the five well-performance groups can be described 

in terms of their behaviour patterns as follows:  

A. Recovery at ~ 7 Darcy, with no recovery-limiting problems.  

B. Recovery at ~ 6 Darcy, or recovery hindered by a propensity for steam breakthrough. 

C. Recovery at ~ 6 Darcy, or recovery hindered by loss of steam to a thief zone. 

D. Recovery at ~ 5 Darcy, or recovery constrained by well operational issues. 

E. Recovery at ~ 5 Darcy, or recovery constrained by severe well operational issues. 

pGOR < 1 pGOR =50 pGOR = 100

tg0bw0 tg0bw1 tg1bw0

months months months

Group E
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Figure D-12 shows a polynomial relationship between EPEI and the average permeability 

associated with the well-performance groups. 

 

Figure D-12: EPEI at 24 months versus absolute permeability. 

 

D.4.2 Surface plots 

In the second approach to results visualization, surface plots are used to better understand how 

injection rate and pressure fit into our growing understanding of well performance groups. Both 

rate and pressure are normalized, labeled as shown in Table D-3, and wells from the case study 

pads are overlaid on the plots for context. Note that due to cap-rock pressure limitations, maximum 

operating pressure for most wells is between 2 and 3 (injection pressure / reservoir pressure). 

Figure D-13 shows how EPEI varies as injection rate and pressure change over time. This 

sensitivity analysis assumes there are no thief zones (tg0bw0), and pGOR < 1. Viewed in this way, 

it is immediately obvious that EPEI values are lower across subsequent performance groups, from 

the first month on oil production. This provides another way to see the decreasing sensitivity to 

inputs consistent with decreasing reservoir quality.  

A
B

C

D
E
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Looking at the first six months of operation in Figure D-13, we see that Group A wells are more 

sensitive to injection pressure than injection rate and consistently do better at moderate rather than 

high pressure. We know that higher pressure means greater steam saturation temperature, which 

in turn implies higher oil mobility and productivity. Therefore, achieving optimal performance at 

moderate pressure indicates that oil mobility is not a problem for Group A wells, most likely 

because they are in high permeability reservoirs. The ability to maintain good oil recovery with 

lower steam injection rates is also what distinguishes an A well from a B well around eight months 

on injection (see Figure D-5). Group B wells, on the other hand, are more sensitive to rate than 

pressure. Injection rate controls how much energy is delivered to the reservoir. We know from 

single-point analysis that the permeability typically associated with Group B wells is rate-limiting 

for oil, therefore it is reasonable to assume that operators will need to maximize steam injection 

rate (and pressure) to maximize oil recovery from these wells, and the wells in every subsequent 

performance group. If Group B wells experience steam breakthrough then injection rate must drop, 

and these wells will be unable to reach the maximum recovery levels seen in Figure D-13. Group 

C wells perform best at high injection rate and pressure as expected. Like Group B wells, any 

Group C wells that experience steam loss may not be able to reach the maximum recovery shown. 

Group D wells perform best at high rate and low or medium pressure. This suggests that while 

high rate is needed to inject steam into the reservoir, producing the mobilized oil may need to 

happen at a slower pace due to operational difficulties. Sensitivity on Group E wells is included 

for completeness but will not be explained because this behaviour is difficult to understand. 

The following four images show additional results from sensitivity analysis on injection rate and 

pressure with and without the presence of top gas and bottom water, and at varying levels of 

produced gas. They are included for completeness, but no further explanation is given. 
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Figure D-14: Effect of injection rate and pressure on EPEI with pGOR < 1 (no top gas, bottom 

water present). 
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Figure D-15: Effect of injection rate and pressure on EPEI with pGOR < 1 (top gas present, no 

bottom water). 
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Figure D-16: Effect of injection rate and pressure on EPEI with pGOR = 50 (no top gas, no 

bottom water). 

 
























