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Best practices for applying Data Science in Petrophysics 

Connor Tann, BP 

This presentation aims to summarise some of the recent advances in Data Science that are applicable 

to Petrophysics, and to highlight the lessons and best practices that have emerged from the field, 

including: 

- How to validate a Petrophysical ML model 

- Statistical pitfalls to avoid when modelling with spatial data 

- Quality and reproducibility in data science 

 

What exactly is Data Science, and what can it offer Petrophysicists? 

Whilst data science is not new, the past decade has seen a surge in interest in the field driven by 

continued advances in the field of machine learning, a rapidly evolving open-source ecosystem and 

increases in the availability of computing power and data. These factors have led to many 

breakthroughs in the sciences, particularly in theoretical physics, biology and in medicine, as well as 

in a range of industries such as finance, advertising and security. 

Petrophysicists have been practicing data science for decades, routinely working with large datasets, 

visualising complex multi-dimensional data, applying statistical inference, and building predictive 

models. There is significant overlap between Petrophysics and data science, and consequently ideas 

and techniques from data science can be easily transferred to Petrophysics. 

The opportunity is ripe for Petrophysicists to take advantage of innovations in seemingly unrelated 

fields such as computer vision and advertising, and to exploit the emerging high-quality open source 

data science software stack. However, this must be done without compromising the statistical rigour 

and integrity of traditional physics-based models. 
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Machine Learning for Better Wells  

Daria Lazareva, CGG GeoSoftware 

As data becomes more and more abundant, machine learning is rapidly becoming a standard 

technology in the oil and gas industry. Machine learning drives more effective methods and introduces 

tools and theories for discovering, modeling and extracting patterns and relationships embedded in 

large datasets. Companies can determine reservoir properties more accurately and more quickly using 

a new generation of analytics and prediction techniques from machine learning.  

We continue to expand on our machine learning technology. Today, machine learning can address 

complex petrophysical and reservoir engineering challenges by automating mundane routine tasks 

such as modeling missing log curves and use data clustering for facies classification essential for 

seismic reservoir characterization or automatically identifying and flagging poor-quality log curves in 

a project.  

This presentation focuses on machine learning for 

petrophysical data. The potential for machine 

learning to improve understanding of wells, 

reservoir and producing fields is virtually 

unlimited, and to some extent, it all begins with 

well log data. In this presentation we show some 

of the available workflows for Unsupervised Facies 

classification and Automated Log editing. For data 

clustering, we are using environmentally 

corrected, normalized and depth-shifted data to 

ensure valid interpretation results. We also 

discuss leveraging machine learning for synthetic 

log generation using deep machine learning. 
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Big Data from Core – Multi-Sensor Core Logging Case Study 

Craig Lindsay, Core Specialist Services Ltd. 

Industry standard methodology for core analysis over the past 80 years or so, is to acquire data from 

core plugs at fixed interval spacing – a compromise between cost & practicality. For routine core 

analysis (RCA) this represents < 10% of the possible rock volume and for special core analysis (SCAL) 

as little as 1%. This means that the resultant data is unlikely to be representative unless the rock is 

extremely homogeneous. For advanced studies including SCAL, geomechanics, petrography, 

geochemistry etc. it is extremely important that test samples are selected as representative of the 

range of properties represented by the core. 

Yet technologies exist to acquire continuous, high resolution, multi-sensor data – such as 3D X-Ray CT 

(not micro), resistivity, magnetic susceptibility, hyper-spectral imaging, infra-red, compressional & 

shear sonic & X-Ray Fluorescence. 

Whilst some of the data types may not have a clear initial correlation with reservoir properties of 

interest (which is why we acquire and analyse cores) the detailed analysis & extraction of correlations 

between data types may enable a new approach to rock type and core description to be developed. 

The ultimate objective is develop a “Petrophysical Core Log” which is free of bias introduced by 

manual core log / descriptions. Herein we have the ability to produce fully comparable core logs at 

any place or time.  

A case study is presented using core from the UKCS Dunlin field. An extensive set of well log and 

core analysis data was also available from the UK’s Oil and Gas Authority, National Data Repository 

(NDR) – a vast resource of well data with open access. The data derived from multi-sensor core 

logging (MSCL) has been combined with the well data (core and log) and analysed using machine 

learning to develop a prototype “Petrophysical Core Log”.  

Core materials kindly available by Fairfield Energy as a permanent donation as a part of the field 

decommissioning on Dunlin.  

Multi-sensor core logging performed by Geotek Limited, UK.  
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Data + Code + Algorithms: Inside Machine Learning for Petrophysicists 

David Psaila, Analytic Signal Ltd. 

Machine learning offers the promise of increased efficiency in petrophysical analysis, and holds the 

potential to analyse and extract value from vast amounts of under-utilised legacy data. Combined with 

petrophysical domain knowledge, the key elements underlying the successful application of machine 

learning are: data, code, and algorithms. In this talk we look inside some of the challenges confronting 

the petrophysicist when applying this new technology and illustrate potential solutions using public 

domain data from the UK Oil and Gas Authority, code examples written in Python, and algorithms 

from popular machine learning packages. 

When starting out in machine learning, one immediate challenge is the choice of programming 

language and packages for visualization and model building. Python has emerged as the de facto 

standard, and we describe our preferred Python-based environment which includes components for 

importing, analysing and visualizing well data. These are freely available online and provide a good 

working environment for machine learning tasks in petrophysics. 

Training predictive models with log data requires careful attention to data quality issues caused by 

factors such as data vintage, hole conditions, logging tools, and geology. Resolving these issues 

manually can be time consuming and repetitive. We show that algorithms for automated anomaly 

detection and log reconstruction can ease the burden on the petrophysicist. 

A common criticism of machine learning is that the algorithms are black boxes: the models have inner 

workings which are complex and appear opaque to users. Why did a model predict a particular value? 

Which variables were important in making the prediction and how would the prediction change if the 

value of a variable changed? Answering these questions helps the petrophysicist understand the 

behaviour of the model and can improve confidence in its predictions. We show some solutions to this 

challenge of model explainability which may lead to wider acceptance of the technology in 

petrophysics. 

 

 

 

 

 

 

 

Headers from 12281 UKCS 

wells displayed in 

SandDance, an interactive 

visualization tool from 

Microsoft Research. Data 

from the Oil and Gas 

Authority. 
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Machine Learning applied to early formation (PHIT and SWT) evaluation 

using mudlogging data: Lessons learned, limitations and future applications 

Francisco Bataller, Repsol 

Machine Learning has been in Formation Evaluation for a while now, from rock typing to log 

reconstruction using different algorithms (i.e. Self-Organizing Algorithms, Neural Networks, etc). 

Mudlogging Data has also proven to be a useful source of information for unravelling rock properties, 

especially considering the availability (all wells have mudlogging data) and the speed (lagged 

parameter, many times ahead of LWD tools) of these datasets. The combination of these two is a very 

interesting approach due it’s potential in predicting rock properties such as Porosity and Water 

Saturation. One of the potential applications of this workflow, is, through this early assessment of the 

reservoir the enhancement and optimization of the logging and sampling programs. Additionally, 

another potential application is that it can also be used for populating reservoir properties in wells 

with poor datasets (i.e. development wells) and help to identify “anomalous” wells in drilling 

campaigns with poor to none logging. This anomaly identification can lead to a potential contingency 

logging to improve the understanding of the reservoir which, otherwise, it would have probably be 

omitted. 

In this work, we present the lessons learned from a case study performed in an offshore, clastic 

reservoir in which the objective was to explore the potential and limitations of these tools combined 

(Machine Learning and Mudlogging Formation Evaluation). For this, specific (supervised) intervals of 

one well were used to train Machine Learning (ML) algorithms using Real-Time GR and basic 

Mudlogging Data to predict Porosity, Water Saturation and Fluid Types in the rest of the intervals of 

the well. The ML models were then applied to predict these same parameters in two other wells drilled 

later in the same formations with very promising results which are presented and discussed together 

with the limitations of this approach. To conclude, the potential applications (NNVV, Exploration and 

Development) and the way forward in the analysis based on these results and datasets and techniques 

are also discussed. 

Figure 1: A: The top two cross plots show the correlation between PhiT from the Multimineral petrophysical 

interpretation and the Machine Learning Porosity predicted. On the bottom three histograms, the difference 

between the predicted and the multimin. porosity is shown. B: the top cross plot shows the correlation between 

the predicted and multimin. SwT. The bottom one shows the correlation in Well 3 for PhiT. C: Plot showing the 

RT GR log (first track), mudlogging gas chromatography (2nd track), drilling parameters (3rd and 4rth tracks), 

interpreted lithology (5th track), Interpreted Swt (6th) and PhiT (7th) being the orange curves the Machine 

Learning resultant one. 
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High Resolution Temperature Array Across the Reservoir During Drill Stem 

Testing Offers a Unique Insight into the Performance of the Reservoir 

David Lavery, Metrol 

Although one of the oldest downhole measurements in the oil and gas industry, temperature data has 

underwent something of a renaissance.  In this presentation, we will highlight the benefits of acquiring 

temperature data across the reservoir during a drill stem test (DST). 

In a typical drill stem test (DST), the Reservoir Engineer usually has only been able to rely on downhole 

pressure gauge data to build a model of the reservoir.  Although this is a tried and tested method 

accepted within the industry, the use of an array of discrete temperature sensors placed across the 

producing interval(s) offers a unique insight into the performance of the 

reservoir. 

Acquiring accurate distributed temperature data across the reservoir during a 

drill stem test is not without its challenges; namely in that the gauges need to 

survive the shock of perforation and then getting the temperature data to 

surface through the packer or subsea tree.  To overcome these considerable 

technical challenges this presentation will demonstrate the use of a remote, 

high resolution discrete temperature array that can be deployed below the DST 

packer and clamped to the perforating guns.  The temperature data can be 

analysed in real time during the test using robust acoustic or electromagnetic 

communication to surface. 

There are also considerable data interpretation challenges of the temperature 

data.  The process of drilling the well means that, across the zone of interest, 

the near wellbore formation has been cooled to below the original geothermal 

temperature.  Upon cessation of drilling/ circulating the near wellbore 

temperature will start to recover back to the original formation temperature but this process can take 

months.  This means that when the formation starts to produce reservoir fluids, they are entering the 

well not at the geothermal temperature but are cooled as they flow through the drilling-cooled rock.   

Determining a zonal allocation from the reservoir 

intervals in such transient flows is extremely 

challenging and the industry standard, steady-

state models cannot take this formation cooling 

effect into account.  New models were required. 

This is big data.  Across the duration of a typical 

drill stem test from perforating to killing the well 

we are typically gathering over fifteen million 

individual temperature measurements.  This is a 

temperature measurement every minute 

capturing all the important transient events 

downhole.   
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Complex thermodynamic models are built to calculate the zonal contributions from the reservoir 

whilst visualization techniques are used to highlight important features of the reservoir during the 

test; highly permeable zones, crossflow, depletion, condensate banking, flow behind the casing, sand 

production, injection profiles to name but a few.   
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Comparison of Machine Learning Techniques for the Prediction of 

Permeability in Diagenetically-altered Tight Carbonates 

Paul Glover, University of Leeds 

Machine learning techniques have found their way into many problems in geoscience but have not 

been used significantly in the analysis of tight rocks. We present a case study testing the effectiveness 

of artificial neural networks and genetic algorithms for the prediction of permeability in tight 

carbonate rocks. The dataset consists of 130 core plugs from the Portland Formation in southern 

England, all of which have measurements of Klinkenberg-corrected permeability, helium porosity, 

characteristic pore throat diameter, and formation resistivity. Permeability has been predicted using 

genetic algorithms and artificial neural networks, as well as seven conventional ‘benchmark’ models 

with which the machine learning techniques have been compared. The genetic algorithm technique 

provided a new empirical equation that fits the measured permeability better than any of the seven 

conventional benchmark models. However, the artificial neural network technique provided the best 

overall prediction method, quantified by the lowest the root-mean-square error (RMSE) and highest 

coefficient of determination value (R2). The lowest RMSE from the conventional permeability 

equations was from the RGPZ equation, which predicted the test dataset with an RMSE of 0.458, while 

the highest RMSE came from the Berg equation, with an RMSE of 2.368. By comparison, the RMSE for 

the genetic algorithm and artificial neural network methods were 0.433 and 0.38, respectively. We 

attribute the better performance of machine learning techniques over conventional approaches to 

their enhanced capability to model the connectivity of pore microstructures caused by codependent 

and competing diagenetic processes. We also provide a qualitative model for the poroperm 

characteristics of tight carbonate rocks modified by each of eight diagenetic processes. We conclude 

that, for tight carbonate reservoirs, both machine learning techniques predict permeability more 

reliably and more accurately than conventional models and may be capable of distinguishing 

quantitatively between pore microstructures caused by different diagenetic processes. 

 

 

Fig. 1. The action of diagenetic process controls the permeability of tight carbonate reservoirs. We 

compare the efficacy of neural networks and genetic algorithms in the prediction of the permeability 

of these rocks. 
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Field Experiences of an unsupervised learning algorithm to 2D NMR data for 

fluid typing identification 

Jorge Gonzales, Schlumberger 

In recent years, an unsupervised machine-learning concept called blind source separation (BSS) was 

introduced for the identification of fluid NMR signatures from simultaneous analysis of continuous 2D 

T1-T2 maps. The aim of this technique is to uncover hidden patterns in data without any a priory 

information or model. Later on, a new algorithm (used throughout the examples shown in this 

manuscript) touches in some of the BSS limitations adding new features such us a new clustering 

algorithm which runs on the T1-T2 maps obtained on a specific rock type and a quantitative metric to 

guide the analyst in selecting the number of components.  

The technique capitalizes in the NMR unique sensitivity to fluid properties to separate and quantify 

the various reservoir fluid types in the pore space. This circumvents the a priori knowledge of the 

myriad of parameters required for Archie’s-type saturation equation. In particular, as reservoirs get 

more complex (fresh formation water, thin laminated formations or so-called unconventional 

reservoirs), other joint techniques that include both measurements and intelligent interpretation 

techniques are needed for further formation evaluation confidence. 

Examples of formation evaluation using T1-T2 NMR downhole data for both conventional and 

unconventional wells will be shown. In addition, we will revisit the benefit from adding several 

neighboring wells to the database enabling the observation of meaningful variations relevant for 

petrophysical evaluation.  
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Machine Learning and learning from machines 

Iestyn Russell-Hughes, Ikon Science 

Introduction 

Deep learning has demonstrated tremendous success in a variety of application domains in the past 

few years, and with some new modalities of applications it continues to open new opportunities. In 

this example, we will demonstrate learnings from use cases such as facies classification, petrophysical 

log prediction. These applications are essential parts of various geoscience workflows and machine 

learning approaches can certainly save time. While there is a lot of enthusiasm in implementing 

machine learning for various geoscience applications, there is also skepticism of “black box” 

applications and how to quality control (QC) the outcomes.  

Petrophysical log estimation  

The inputs to petrophysics workflows are gamma ray, deep resistivity, density, neutron, and sonic log, 

and the main outputs are volume of shale, effective porosity, and water saturation. In well log 

interpretation, one aims to model a continuous log using regression.  

In each well, the petrophysics logs (required for training and testing) have been derived using standard 

deterministic petrophysics methodology. Hence, gamma ray, density, resistivity, and neutron logs 

from the four wells were used (80%–20% data split for training and testing) to predict volume of shale.  

Then given the volume of shale, 

the same process was repeated to 

predict porosity. The outcome is 

shown on the blind well in Figure 1. 

Overall, it can be observed that the 

prediction is good for both volume 

of shale and porosity logs (total 

root-mean-square error is 0.02). 

This example shows how one can 

trace the inconsistency observed in 

the outcome of machine learning. 

Having more data and expecting 

more wells is the ideal scenario 

(e.g., a regional study) that such 

automatic petrophysical 

interpretation pays off.  

Figure 1 (a) Volume of shale and porosity prediction for a blind well. (b) Zoom over the sandy section 

in ellipse. The interpreted and predicted logs are shown in black and red. 

While implementing various machine learning applications, it became apparent that quality 

controlling the outcomes plays an important role not only in building confidence in the algorithm but 

also in addressing two skepticisms: (1) the concern that machines will replace humans and (2) concern 

over black-box-type algorithms. While both concerns are valid in the abstract, the concept of machine 

learning and learning from machines helps address them in real-life problems. 
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The Benefits and Dangers of using Artificial Intelligence in Petrophysics 

Steve Cuddy, Independent (Baker Hughes) 

Artificial Intelligence, or AI, is a method of data analysis that learns from data, identify patterns and 

makes predictions with minimal human intervention.  Essentially AI solves problems by writing its own 

software.  AI is bringing many benefits to petrophysical evaluation.  Using case studies this 

presentation describes several successful applications.  The future of AI has even more potential.  

However, if used carelessly there are potentially grave consequences.  

A complex Middle East Carbonate field needed a bespoke water saturation equation.  AI was used to  

‘evolve’ an ideal equation, together with field specific saturation and cementation exponents. One 

UKCS gas field had an ‘oil problem’.  Here, AI was used to unlock the hidden fluid information in the 

NMR T1 and T2 spectra and successfully differentiated oil and gas zones in real time.  A North Sea field 

with 30 wells had shear velocity data (Vs) on only 4 wells.  Vs was required for reservoir modelling and 

well bore stability prediction.  AI was used to predict Vs in all 30 wells.  Incorporating high vertical 

resolution data, the Vs predictions were even better than the recorded logs. 

As it is not economic to take core data on every well, AI is used to discover the relationships between 

logs, core, litho-facies and permeability in multi-dimensional data space.  As a consequence, all wells 

in a field were populated with these data to build a robust reservoir model.  In addition, the AI 

predicted data upscaled correctly unlike many conventional techniques.  AI gives impressive results 

when automatically Quality Controlling (QC) and repairing electrical logs for bad hole and sections of 

missing data.   

AI doesn’t require prior knowledge of the petrophysical response equations and is self-calibrating.  

There are no parameters to pick or cross-plots to make.  There is very little user intervention and AI 

avoids the problem of “rubbish in, rubbish out”, by ignoring noise and outliers.  AI programs work with 

an unlimited number of electrical logs, core and gas chromatography data; and don’t ‘fall-over’ if some 

of those inputs are missing.   

AI programs currently being developed include ones where their machine code evolves using similar 

rules used by life’s DNA code.  These AI programs pose considerable dangers far beyond the oil 

industry and are described in the presentation.  A ‘risk assessment’ is essential on all AI programs so 

that all hazards and risk factors, that could cause harm, are identified and mitigated.  

 

Core permeability   AI prediction           Conventional prediction 
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The Enduring Value of Regression Analysis 

Alan Johnson, Integrated Petrophysical Solutions Ltd. 

While technology has provided us with many new ways to handle the increasing quantities of data we 

are called on to analyse, it may be easy to forget the value of simple, and not so simple, regression 

analysis. This is particularly so when attempting to predict some required parameter using one or 

more input parameters. For example, the prediction of porosity from log density measurements or 

the logarithm of permeability from a calculated porosity and possibly other input curves.  

The objective of regression analysis is to find a relationship between the two quantities which 

minimises the error or uncertainty in the predicted value.  

The output from the analysis is not just limited to a defined, and reportable, relationship connecting 

the various parameters but also an estimate of the residual error and, in the case of more than one 

input curve, an estimate of the relative contribution of the individual inputs.  

While “Artificial Intelligence” or “Machine Learning” techniques provide very useful tools for many 

applications including partitioning data into separate rock types or facies, the presentation will suggest 

that, if the objective is simply to predict some required parameter from one or more input 

measurements simple regression should still be the petrophysicist’s first port of call. This preference 

comes not only from the additional statistical information provided by the analysis but also the 

maintained link to the underlying physics and geological understanding in the defined relationships. 

 

 


