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A B S T R A C T   

Well logging is essential in studies which require an understanding of the subsurface geology and depositional conditions. Unfortunately, the measurements are rarely 
complete and missing data intervals are common due to operational issues or malfunction of the logging equipment. Therefore the imputation of missing data from 
down-hole well logs is a common problem in subsurface workflows. Recently, many different approaches have been used for imputation but they are often manual or 
data set specific. Machine learning has reignited interest in this field with promises of a more generic and simpler approach. We explore whether the chaining of 
machine learning for mutli-log imputation improves results by overcoming disparities in the patterns of missing data. Our research interest is primarily petroleum 
geophysics and therefore this study focuses on the elastic logs of compressional (DT) and shear (DTS) sonic along with the bulk density (RHOB). However, the method 
may be applied to all sufficiently large well log data sets in any industry.   

1. Introduction 

Well logs are digital measurements acquired during the drilling of 
petroleum wells (Tittman, 1986). They are an important source of in-
formation for subsurface specialists who utilise the data to guide 
exploration and development activity. The logs are acquired by 
conveying a number of specialised tools along the well bore whereby 
measurements are recorded periodically. Measurements cover a range of 
physical properties describing the rock and formation fluid surrounding 
the well bore. Unfortunately, for a variety of mechanical and commer-
cial reasons well log suites are rarely complete and strategies are 
required to overcome gaps in the data. 

For geophysical analysis, the elastic logs of compressional (DT) and 
shear (DTS) sonic along with the bulk density (RHOB) are of particular 
interest. Whilst related to each other through the framework and 
composition of the measured rock they offer distinct information that 
are required to link seismic data with physical earth properties. Our 
focus in this paper, is the accurate imputation of these elastic well logs, 
because gaps in the elastic logs can compromise and complicate methods 
to link seismic and earth properties. 

Typical techniques for imputing elastic well logs include; manual 
editing with hand-drawn values, donor log splicing, linear interpolation, 
local or lithology based mean-value fill, singular log-log regressions and 
empirical relationships (e.g. Gardner et al. (1974) and Greenberg and 
Castagna (1992)). Simpler methods may be sufficient in small gaps (a 

hand-full of samples missing) or where lithological trends are stable and 
interpretable. Deterministic models can fill larger gaps or replace fully 
missing logs, but models are usually lithology and fluid specific 
(Greenberg and Castagna (1992)) and will break down as the underlying 
assumptions of the empirical relationships degrade. Diverse well log 
data bases in particular, will often fail these assumptions. Quantitative 
methods are required in such cases and empirical relations or numerical 
rock models are often employed but these are sensitive to inherent 
model assumptions that introduce bias error (Mavko et al. (2009)). To 
address these limitations, models can become increasingly complex and 
rigid as additional model constraints and variables are added to handle 
variations due to depth, lithology and fluid content (Weltje (1997)). 

The recent explosion in data science methods and availability of 
large amounts of well log data present an opportunity to use a more 
automated approach simplifying the imputation process while 
improving both accuracy and turnaround (Dramsch, 2020). The appli-
cation of machine learning (ML) methods to geoscience problems is not 
new (Dramsch, 2020). For example, commercial applications of earlier 
machine learning algorithms (artificial neural networks (ANN) and 
radial basis functions (RBF)) have been used to predict logs from seismic 
data and attributes (Hampson et al., 2001; Russell et al., 2003) for nearly 
20 years. More recently, Lopes and Jorge (2018) applied log imputation 
and prediction to a data set of 1026 North Sea wells using a variety of 
methods including Bayesian Ridge Regression (BRR), ANN and decision 
trees. They found that decision tree ensembles (Random Forrest and 
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Gradient Boosted Trees) outperformed all other methods. 
Random forest (RF) methods have proved effective at performing 

other log prediction tasks in similar well related use cases. Hegde and 
Gray (2017) applied RF to a drilling efficiency optimisation task using 
only surface measurements, and demonstrated that offset wells could be 
used to improve the drilling rate over short intervals. Feng et al. (2021) 
applied RF to a DTS prediction tasks on the Volve data set. 

Neural network (NN) methods have also proved popular with re-
searchers. Churikov and Grafeeva (2018) explore the prediction of the 
gamma-ray log using NN, comparisons were made with linear interpo-
lation with favourable results for the NN over large gaps. There have 
also been attempts to apply deep NN methods and composite methods to 
log prediction problems. Jian et al. (2020) uses an ensemble learning 
machine combining five common ML algorithms including DNN in a 
density log prediction task. Ensemble learning machines are designed to 
overcome limitations in the algorithms used by combining the results of 
each method. The DNN was outperformed by gradient boosted trees 
(GBT) algorithms both for accuracy and performance. The authors 
concluded that insufficient training data was available to make DNN 
more competitive. Ghaithi (2020) experienced similar problems with a 
feed forward neural network where lithological zones which contained 
insufficient data, either over or under predicting the truth. 

Comparisons of different ML algorithms with empirical regression 
models for predicting shear sonic logs are made by Bukar et al. (2019). 
The authors concluded that Gaussian Process regression was superior to 
other methods and importantly, that it could account for variations in 
fluid saturation. Similar results were found by Brown et al. (2020), 
where the downstream petrophysical analysis workflow was bypassed 
by training GBT algorithms to predict petrophysical logs directly such as 
water saturation and porosity. The training data used in Brown et al. 
(2020) included expertly curated petrophysical logs. 

The application of certain types of machine learning can also have 
additional benefits. Diaz and Zadrozny (2020) apply RBF to impute gaps 
in the gamma-ray log. This Bayesian approach incorporates the posterior 
imputation uncertainty providing confidence measures on the output. 
This additional information was used in subsequent geostatistical 
modelling. The approach used by Feng et al. (2021) for quantile RF is 
similar, but provides a measure of the ensemble prediction variance. 

Many of the discussed literature propose approaches to feature en-
gineering, a process for data improvement or augmentation. Churikov 
and Grafeeva (2018) applied smoothing to the logs to reduce noise going 
into their NN models. Ghaithi (2020) found that including additional 
non-tool logs such as depth improved the overall fit of the data while 
Hegde and Gray (2017) suggest that derivative (deterministic) logs 
created by domain experts improved results. 

Scaling and standardisation of the data is also an important feature 
engineering pre-processing step. Feng et al. (2021) and Churikov and 
Grafeeva (2018) transform logs with a logarithmic response (such as 
resistivity) to a linear scale to meet the linear assumptions of the ML 
prediction algorithm used. Most authors also mention removing bias and 
scale differences between input logs, such as low frequency trending 
using Fourier transform based filtering (Churikov and Grafeeva, 2018), 
normalisation (Lopes and Jorge, 2018; Diaz and Zadrozny, 2020; Feng 
et al., 2021) and standardisation (Churikov and Grafeeva, 2018; Sarkar 
et al., 2018). Finally, Feng et al. (2021) tests feature space redundancy 
reduction using measures of feature importance and principle compo-
nent analysis. 

A limitation of the mentioned approaches is that they only consider 
direct ML approaches that train for a single target log. For most ML al-
gorithms, training require a complete input feature set. In data sets 
where the input is sparse the training population size can be significantly 
reduced. Gaps in the input features must be filled to obtain a prediction 
but the gap filling (imputation) is performed in pre-processing prior to 
the ML training using deterministic or statistical models (Hossain et al. 
(2020)). We assume, that by approaching imputation of all input fea-
tures simultaneously, imputation of the complete data set will become 

more accurate. Such an approach would also enable a wider variety of 
prediction models (including ML) to be adopted. 

To explore this idea, this study applies the multivariate imputation 
via chained equation (MICE) algorithm (van Buuren and 
Groothuis-Oudshoorn, 2011). MICE is an imputation algorithm that 
does not specify a prediction strategy. Within the framework of MICE we 
test three common machine learning predictors (GBT, BRR and k-nearest 
neighbours (KNN)) on two separate data sets (Volve and Force 2020). 

Using quantitative and qualitative analysis of the results our study 
explores how multi-stage imputation can in cases improve the prediction 
results of the tested prediction algorithms in diverse data sets when 
compared with single stage or direct prediction. 

2. Data imputation and prediction 

The fundamental aim of data imputation is to accurately predict and 
fill values which are missing from a data variable or data set. When 
performing imputation it is important to consider the style or character 
of a data sets missing values as this can impact the imputation strategy 
and prediction algorithms used. We consider the character of the 
missing values to be described by the overall fraction of missing values, 
their distribution within the data set, their intra-feature adjacency and 
their cross feature correlation. In summary, the less random the location 
of missing values, the more difficult accurate and robust imputation of 
the data set will be. 

There are many approaches to estimating missing values which 
range from simple mean or median estimates, to regression models. The 
methodology chosen can be determined by the desired accuracy and 
intended use of the imputed data set. Combining the imputation meth-
odology with the type, quality and missing character of the input data 
set will determine the overall quality and accuracy of the result. 

If the imputation model relies upon a stochastic approach the 
robustness of the predictions will rely upon the completeness of distri-
butions sampled by the available data. Generally, stochastic style 
imputation models can not be used to predict unknown or unseen 
measurements. The available measurements should also be relatively 
free of noise, excluding outliers and bad or improper data which will 
skew the input distribution. 

2.1. Character of missing data in well logs 

The missing data character of well logs is strongly related to log 
acquisition processes. Logs may be completely or partially absent for a 
well due to commercial considerations (cost and time), logging tool 
availability, mechanical failures of the measurement tools and drilling 
equipment and geometric constraints within the well bore and along the 
tool string. At smaller scales, gaps occur for operational reasons or due to 
log editing and quality control processes. Bad data often occurs in cased 
hole logging, or due to the breakdown of borehole conditions (which are 
usually lithology dependent) and tool failures. Importantly for imputa-
tion, much of this missing data is not random but blocky and regular. As 
examples; the shallow sections of well bores, particularly in the Oil and 
Gas sector are not readily logged by all tools, also, casing points which 
interrupt logging often occur in the same formations due to borehole 
engineering design restrictions and lithologically unstable formations 
may result in a higher data failure rate (Darling, 2005). The cumulative 
effect of these problems can cause missing data to be non-random. 

2.2. Well log imputation challenges 

There are also aspects of well logs and geology that strongly affect 
the capability of regression techniques.  

● Geology can change rapidly in the vertical direction with each 
geological zone having distinct logging properties and characteristics 
(Darling, 2005). 
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● Over large distances, the log response of geological zones can vary 
significantly as stratigraphy varies causing changed in the compo-
sition and arrangement of rocks (Darling, 2005).  

● Logging tools do not always measure at the same scale which adds 
complexity in highly heterogeneous rocks. This is equivalent to 
having a low frequency filter on some logs compared with others 
meaning that small geological zones may not register in some logs.  

● Common lithology measurements can be non-stationary with depth 
due to compaction. 

Simpler models, such as those using empirical relationships 
(Greenberg and Castagna (1992)) can still be effective when the model is 
calibrated to specific geological zones or lithologies (Weltje, 1997). 
However, our aim to find an approach which generalises so as to avoid 
an over reliance upon localisation and extensive manual calibration and 
editing. 

2.3. MICE 

Multivariate imputation of chained equations (MICE) (van Buuren, 
2007; van Buuren and Groothuis-Oudshoorn, 2011) is a 
meta-imputation strategy that sequentially imputes all the input features 
of a data set multiple times using any compatible prediction algorithm. 
MICE supposes that the output of prediction models used for imputation 
can be improved by chaining together a series of imputation models for 
all input features (well logs). With each iteration of the complete feature 
set, the accuracy of the imputed values improves as bias in the prediction 
models is reduced (Azur et al., 2011). The order in which imputation 
proceeds can be random or based upon the completeness of features 
(Raghunathan et al., 2001; Varoquaux et al., 2015) where a random 
order may reduce feature bias in the output. Iteration is ceased when 
imputation predictions converge towards a stable solution. 

The MICE imputation strategy offers advantages in data sets with 
large amounts of randomly missing data where random implies that the 
missingness of a value is not correlated with the value itself. By imputing 
for all values the MICE algorithm should improve predictors that rely 
upon complete samples in the input data set for training and prediction, 
allowing partially complete sample points to contribute towards the 
imputation predictions (van Buuren and Groothuis-Oudshoorn, 2011). 
MICE also avoids complications arising from joint modelling techniques 
where multi-variate distributions must be specified. MICE does this by 
imputing for each variable individually. 

Apart from the requirement that data should be Missing At Random 
(MAR), there are few other assumptions in the MICE algorithm (Algo-
rithm 1). The freedom to choose a prediction method leaves the user to 
implement a method that suits the data domain or distribution. Indeed 
custom predictors of constraints may be introduced to improve results 
(Azur et al., 2011; Raghunathan et al., 2001). Generalised prediction 
models which can handle diverse data sets reduce the need for model 
calibration and user input, removing subjectivity between imputation 
runs. In this paper, we explore the performance of three well known but 
distinctly different prediction models, Bayesian Ridge Regression (BRR) 
(Tipping, 2001; Varoquaux et al., 2015), K-Nearest Neighbours (KNN) 
(Dubey and Pudi, 2013; James et al., 2013; Poloczek et al., 2014) and 
Gradient Boosted Trees (GBT) (Freund and Schapire, 1997; Ke et al., 
2017). 

As an imputation workflow, MICE appears to be well suited to 
imputing well logs. Although missing values in wells often occur in 
blocks or are entirely missing. If the data set is sufficiently large how-
ever, it may still meet the MAR requirement. In this study, our use of 
machine learning limits the accuracy where logs cannot be characterised 
through relationships with other input logs or features preventing 
extrapolation where log data is too sparse.  

3. Test data, preprocessing and conditioning 

This study utilises two distinct well log data sets selected due to their 
open availability, their preconditioning, comprehensive labelling and 
curation by subject matter experts. Each data set covers a distinct spatial 
scale representing an increasing level of geological diversity and sub-
sequent imputation difficulty. 

Exact information about the preconditioning applied to the two data 
sets is not available but examination of the logs suggests the following 
processes have been applied and conditions have been met.  

1. Logs from multiple tools runs have been depth aligned and merged to 
generate a single log for each measurement type.  

2. Significant noise has been edited from the data. For Volve, this was 
performed by the authors.  

3. Common logs (e.g. gamma-ray) have been normalised to account for 
variations in tool models and calibration settings.  

4. Lithostratigraphic interpretations provided with the training data are 
accurate and complete. 

3.1. Volve 

The Volve data set comprises 20 wells from a single oil field in the 
Norwegian North Sea. The data was released by Equinor in 2018 as part 
of a complete field data set. The drilling of the wells spans approximately 
20 years with initial exploration and appraisal wells often having more 
complete log suites (Hallam et al., 2020). 

The deepest part of the logs cover the reservoir and surrounding 
geological formations. For the remainder of this study, the logs recorded 
shallower than the top Ty Formation have been removed. The total 
number of samples available for learning is 172,167. Within the filtered 
data set, log coverage varies greatly; gamma-ray (GR) has almost no 
missing values for the zones of interest whilst shear-sonic (DTS) has over 
60% missing values (Fig. 1(a)). The three key elastic logs, density, 
compressional sonic and shear sonic have coverage of 80%, 60% and 
35% respectively. 

3.2. Force 2020 well log machine learning data set 

A second larger test data set containing more than 90 wells from 
offshore Norway has been used to test the generalisation of this impu-
tation methodology beyond closely related geological areas. The data set 
was originally created for the Force 2020 Machine Predicted Lithology 
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(F2020) (Bormann et al., 2020) competition. 
The F2020 data set is provided in a pre-existing train and test split 

created arbitrarily by the data provider. The split uses blind well testing, 
a method considered to offer a more realistic measure of the predictive 
capacity of models. The 10 test wells are evenly distributed spatially 
within the input data, but the percentage of missing values per input log 
can vary dramatically between the training and test sets (Table 1). 

The total size of the F20 data set is 1,307,118 samples with 
approximately 10.5% belonging to the test set. The elastic logs DTC, DTS 
and RHOB have missing values of 6.9%, 85.1% and 13.8% respectively 
(Fig. 2). Note that DTC is a common alias for DT and we use it here to 
remain consistent with the source data. 

Due to the spatial extent of the data set, some of the additional logs 
provided have been included as imputation constraints, namely, the 

Cartesian coordinates of the sample (X_LOC, Y_LOC) but drilling metrics 
and non-critical logs with a large proportion of missing values have been 
excluded, specifically bit size (BS), rate of penetration (ROPA), mud- 
weight (hydrostatic pressure in well while drilling), and spectral 
gamma-ray (SGR). 

3.3. Log editing, scaling and feature engineering 

Log editing, transformations and scaling are necessary data cleaning 
processes for most imputation algorithms. Significant edits are as per the 
beginning of this section but scaling of logs to suit prediction algorithms 
is required. A common process is to scale each sample of an input log xi 
to a new feature x′ by the mean μx and standard deviation σx of x (Sarkar 
et al., 2018) sometimes referred to as centering and scaling. 

Fig. 1. Missing data characterisation for Volve data set. (c) White is for missing data.  
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x′

i =
xi − μx

σx
(3.1) 

This removes inherent bias due to differences in scale and ensures all 
features cover a common range. The scaling factors μx and σx are stored 
so that, after imputation logs can be returned to their original scale. 

Some logs require additional consideration prior to imputation. Re-
sistivity logs naturally exhibit a logarithmic scale inherent to the mea-
surements made by the logging tool (Darling, 2005). To improve the 
linear correlation and low end sensitivity between the resistivity and 
other logs, they have been transformed through a base 10 logarithm. For 
example the deep resistivity is transformed to the imputation feature 
RESD10 via the relationship RESD10 = log10 (RESD). 

Categorical logs such as the Well ID and Stratigraphic Formation 
were transformed to numeric values through an integer encoder. For 
algorithms such as KNN regression, the distance between integers may 
affect the results. Adjacent or similar formations should therefore be 
given similar integer values. This is less critical for tree ensemble 
approaches. 

3.4. Feature selection 

For feature selection, we defer to expert domain knowledge of the 
measured logs, as well as the percentage of missing values. Very sparse 
logs are excluded due to the limited information they contain. We make 
an exception for the shear-sonic which we wish to predict even if 
missing. We also exclude engineering or borehole specific logs (e.g. 
caliper) that are not directly correlated with geological measurements. 

3.5. Test data preparation 

Data sets were first split into training and test data sets based upon 
wells. The Volve blind test wells were F-4, F-12, F-1 & F-15D. The testing 
split for the Force 2020 data set was provided with the data. 

For training evaluation a further reduction of the training set was 
applied for each target log (DT/DTC, DTS, RHOB). This reduction 
created a unique training set for evaluating the predictive capacities of 
models for DT/DTC, DTS and RHOB individually. This approach was 
taken because aggressive sub-setting of all target logs would have over- 
decimated the training data set. For testing, a further 30% of non- 
missing values were used from each target log. The data was removed 
in a random fashion so as not to significantly alter the distributions of 
values available for prediction training. 

The high coverage of RHOB available in the Volve data set limited 
our ability to test the capacity for imputation when RHOB is not 

acquired. Thus, to improve the testing of the Volve data set we introduce 
a block of missing RHOB values to simulation situations where all three 
elastic logs are missing. 

4. Results 

In this study, the models and predicted values were evaluated twice. 
First via a training set, where 30% of values were reserved for valida-
tion, and subsequently by using a test set containing a selection of blind 
wells. The blind well test is designed to test the robustness of the 
imputation approach when generalised to a logical data subset absent 
during training. Imputation models were then tested against varying 
degrees of input sparsity (retraining for each level of sparseness) ranging 
from 10 to 90%. Sparsity to the original data set was introduced 
randomly to all input features. 

4.1. Volve log imputation 

Imputation of the logs has been performed with seven different 
prediction approaches (Table 2). Four of these use the MICE algorithm 
and impute features with ascending order of missing values (MICE-BRR, 
MICE-O-BRR, MICE-KNN, MICE-O-KNN and MICE-A-GBT) and one 
model uses a random imputation order each iteration (MICE-R-GBT). 
Changing the order of imputation is designed to test assertions by 
Murray (2018) that randomisation between iterations can improve 
sampling statistics and bias. 

For a comparison against the MICE tests we also perform direct 
imputation using GBT (D-GBT model). This is not possible for BRR and 
KNN models because they cannot handle prediction when the input 
features are incomplete. Instead, we perform imputation using just a 
single pass of MICE (one imputation model per input feature, MICE-O- 
BRR and MICE-O-KNN). All applications of MICE utilise the mean 
feature value as the initial guess for missing values. 

To evaluate the models, we compute five metrics to quantify the 
accuracy and bias of the predictions (Buitinck et al., 2013). The corre-
lation between the known test values and the imputed results is calcu-
lated using Pearson’s R2 factor which returns values ranging from 0 to 1, 
where 1 is a perfect linear correlation. Explained variance similarly 
measures the correlation between data sets on a range from 0 to 1. The 
maximum error, mean absolute error (MAE) and mean square error 
(MSE) all relate information regarding the magnitude and distribution of 
the predictions. The error metrics range from zero to infinity with 
smaller values indicating better performance. 

Initially we consider the results from the validation sub-set (Table 3). 

Table 1 
Data sets log description and missing summary for imputed logs.  

Description Type Log Pneumonic Missing (%) 

VOLVE F2020 Volve Train Volve Test F2020 Train F2020 Test 

Well ID Cat  WELL   0 0 
Measured Depth Cont  DEPTH_MD   0 0 
Well Head Easting Cont  X_LOC   0 0 
Well Head Northing Cont  Y_LOC   0 0 
Well Head Elevation Cont TVDSS Z_LOC 0  0 0 
Stratigraphic Formation Cat ZONE FORMATION 0 0 0 0 
Caliper Cont  CALI   4 0.03 
Average Rate of Penetration Cont  ROPA   54.13 45.5 
Spontaneous Potential Cont  SP   24.14 53.35 
Medium Resistivity Cont RM RMED 37.13 7.3 1.34 0.22 
Deep Resistivity Cont RD RDEP 15 0.08 0.01 0 
Density Cont RHOB RHOB 0.6 17.4 8.2 0.55 
Density Correction Cont  DRHO   10.22 7.44 
Gamma-Ray Cont GR GR 0.01 0 0 0 
Neutron Porosity Cont NPHI NPHI 0.7 0.04 30.41 13.7 
Photo Electric Factor Cont PEF PEF 18.32 7.27 38.7 5.8 
Compressional Sonic Cont DT DTC 19.97 9.49 4.6 0.55 
Shear Sonic Cont DTS DTS 38.12 20.05 84.1 64.1  
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For Volve, the explained variance and R2 values are approximately ≥ 0.9 
except, for the BRR model which performed poorly as compared to KNN 
and GBT models. Error rates exhibited similar trends with KNN and GBT 
models consistently performing well. 

Compared to the baseline single imputation models (Once), BRR and 
KNN showed only small improvements or similar performance sug-
gesting that MICE does not significantly improve the result over direct 
imputation. The exception was for the RHOB log imputations where 
performance degraded, perhaps due to over-fitting which is visible as 
reduced diversity in the response (Fig. 4). The D-GBT model showed 
similar or slightly worse performance than MICE approaches. 

Metrics calculated using the test data were significantly lower 
(Table 4). The explained variance and R2 metrics dropped to between 
0.6 and 0.8. Overall, error metrics also degraded increasing by 
200–300%. As the test data was removed randomly, this suggests that 
there may be a degree of over-fitting to the training data. 

In Fig. 3 we explore the link between geological zones, which define 
packages of rock with similar properties (denoted by color). The corre-
lation of the input and predicted logs for three distinct model types; 

Fig. 2. Missing data characterisation for Force 2020 and Volve data set.  

Table 2 
Imputation model descriptions.  

Name Imputation 
Order 

Description 

MICE-BRR Ascending BRR using full MICE. 
MICE-O- 

BRR 
Ascending BRR using MICE imputation for one iteration. 

MICE- 
KNN 

Ascending KNN using full MICE. 

MICE-O- 
KNN 

Ascending KNN using MICE imputation for one iteration. 

MICE-A- 
GBT 

Ascending GBT using full MICE. 

MICE-R- 
GBT 

Random GBT using full MICE. 

D-GBT N/A Direct imputation of missing values using a single 
GBT model, no MICE.  
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MICE-R-GBT, MICE-KNN and MICE-BRR are plotted. The MICE-R-GBT 
results tend to show the tightest correlation around the 1-1 line (per-
fect prediction). This is particularly true for the high slowness values in 
DTS. The MICE-BRR and MICE-KNN models both appear to under- 
predict DTS slowness at high values as well as RHOB in specific zones. 

Overall, the D-GBT approach was the best imputer on the test data set 
for the three logs coming first in 10 out of 15 metrics. This conclusion is 
drawn by comparing the scores of the D-GBT approach in a relative sense 
to other models in Table 4. 

4.2. Volve qualitative analysis 

A qualitative analysis is used to gauge the suitability of the imputed 
results. Metrics provide a quantitative view of the data match but the 
imputed and predicted values must be assessed for their acceptability by 
a geoscience professional. 

The BRR model results (Fig. 4) show some interesting trends. The DT 
log appears to be well matched even where there are a high number of 

missing feature samples (between 10,000 and 15,000). Where the values 
for DT are high however, BRR appears to greatly over predict the DT log. 
A limited number of DTS values for testing were available but where 
they exist, the MICE-BRR model seems to consistently under predict the 
slowness. There may be some bias from the other wells used for training 
against these samples. The RHOB predictions appear overly smooth 
compared with the known values, and they become inaccurate where 
the PEF and DRHO logs are absent. 

The MICE-KNN model (Fig. 4) matches the low frequency trends in 
the data but appears more prone to noise overall than the other models. 
The MICE-KNN model also returned no extrema beyond the models 
known values due to its averaging approach. This is preferable to 
empirical approaches where trends may be extrapolated to non-physical 
values. Compared with MICE-BRR, the MICE-KNN model better honours 
the known RHOB values without over smoothing but still struggles to 
eliminate the bias where PEF and DRHO are missing. 

Both of the MICE models (MICE-A-GBT, MICE-R-GBT) perform well, 
overall the predictions are superior to MICE-BRR and MICE-KNN. The 

Table 3 
Metric scores for imputed values using different imputation algorithms on the Volve validation set. Best values are highlighted in bold.  

Model Log Explained Variance Maximum Error Mean Absolute Error Mean Squared Error R2 

MICE-BRR DTS 0.78 5.67 0.26 0.24 0.78 
MICE-O-BRR DTS 0.78 5.72 0.26 0.24 0.78 
MICE-KNN DTS 0.9 6.37 0.14 0.1 0.9 
MICE-O-KNN DTS 0.89 6.18 0.15 0.12 0.89 
MICE-A-GBT DTS 0.91 4.94 0.16 0.1 0.91 
D-GBT DTS 0.91 5.52 0.16 0.1 0.91 
MICE-R-GBT DTS 0.92 4.61 0.15 0.08 0.92 
MICE-BRR DT 0.87 14.3 0.23 0.14 0.87 

MICE-O-BRR DT 0.86 11.27 0.25 0.14 0.86 
MICE-KNN DT 0.92 3.58 0.15 0.08 0.92 
MICE-O-KNN DT 0.90 3.92 0.17 0.10 0.90 
MICE-A-GBT DT 0.93 3.15 0.16 0.07 0.93 
D-GBT DT 0.93 3.48 0.16 0.07 0.93 
MICE-R-GBT DT 0.94 3.36 0.15 0.06 0.94 

MICE-BRR RHOB 0.63 19.59 0.43 0.37 0.62 
MICE-O-BRR RHOB 0.65 19.6 0.43 0.34 0.65 
MICE-KNN RHOB 0.89 19.91 0.17 0.11 0.89 
MICE-O-KNN RHOB 0.90 19.92 0.17 0.10 0.90 
MICE-A-GBT RHOB 0.91 19.24 0.18 0.09 0.91 
D-GBT RHOB 0.91 19.23 0.18 0.09 0.91 
MICE-R-GBT RHOB 0.92 19.48 0.17 0.08 0.92  

Table 4 
Metric scores for imputed values using different imputation algorithms on the Volve test set. Best values are highlighted in bold.  

Model Log Explained Variance Maximum Error Mean Absolute Error Mean Squared Error R2 

MICE-BRR DTS 0.51 2.2 0.27 0.12 0.49 
MICE-O-BRR DTS 0.5 2.2 0.27 0.12 0.49 
MICE-KNN DTS 0.4 2.76 0.30 0.16 0.31 
MICE-O-KNN DTS 0.51 2.62 0.26 0.13 0.44 
MICE-A-GBT DTS 0.6 2.35 0.28 0.13 0.43 
D-GBT DTS 0.69 2.33 0.20 0.09 0.63 
MICE-R-GBT DTS 0.65 2.32 0.27 0.13 0.47 

MICE-BRR DT 0.69 6.55 0.36 0.32 0.65 
MICE-O-BRR DT 0.72 5.54 0.35 0.28 0.7 
MICE-KNN DT 0.72 3.75 0.36 0.28 0.69 
MICE-O-KNN DT 0.66 3.69 0.40 0.34 0.63 
MICE-A-GBT DT 0.78 4.03 0.31 0.21 0.77 
D-GBT Direct DT 0.81 2.95 0.29 0.17 0.81 
MICE-R-GBT DT 0.80 4.37 0.31 0.2 0.78 

MICE-BRR RHOB 0.44 8.29 0.58 0.65 0.38 
MICE-O-BRR RHOB 0.53 6.14 0.57 0.56 0.46 
MICE-KNN RHOB 0.63 6.22 0.39 0.41 0.61 
MICE-O-KNN RHOB 0.64 6.64 0.39 0.41 0.6 
MICE-A-GBT RHOB 0.67 5.36 0.35 0.36 0.65 
D-GBT RHOB 0.67 5.6 0.36 0.38 0.63 
MICE-R-GBT RHOB 0.65 5.65 0.36 0.39 0.63  
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presence of the RHOB bias when missing DRHO and PEF suggest an 
inherent limitation between the available input features and the output. 

Although the D-GBT model performed well in the metrics test we can 
build an appreciation for the limits of the method when analysing the 
qualitative results. Where the deliberate absence of any elastic values 
has been introduced between samples 25,000 and 31,000 (Fig. 4) the 
quality of the prediction begins to break down for both RHOB and 
especially for DTS. The MICE implementation of GBT tends to outper-
form D-GBT in these situations where directly imputing for DTS from 
non-elastic logs is more difficult. It appears that sequential imputation 
tends to improve the overall prediction result in these extreme cases of 
many missing features. DTS for example with D-GBT imputation has a 
mean squared error of 0.36 in this specific test zone vs 0.06 for MICE- 
GBT. The results for RHOB are less convincing, 0.25 and 0.23 but the 
direct method can rely upon logs better suited to predicting RHOB which 
are available. This suggests that MICE is able to first predict RHOB 
before using the RHOB prediction to predict DTS. The sequential pre-
diction from MICE in this case significantly improves the final result. 

4.3. Volve log imputation error with increasing sparsity of input 

A key challenge to accurate imputation of well logs is the sparsity of 
the input (Lopes and Jorge, 2018). Sufficient training data is required to 
develop, calibrate and test a model. In this section we test the capabil-
ities of the imputation models as sparseness is gradually increased in a 

random fashion to the input features. 
As sparsity increases there is an identifiable decrease in accuracy for 

all predictors. The change is more systematic when measuring the 
validation results as compared with the test results (Fig. 5). Also, the 
results for MICE imputers are very similar to the baseline MICE-O or 
direct approaches. 

BRR continues to under perform reaching a critical point of failure at 
a sparsity fraction of 0.5. The failure point for the other models tested 
appears at a sparsity fraction closer to 0.7. Once BRR has failed, the 
metrics become unstable which may be related to the distribution of 
missing values within zones. 

The results when applying to the test data set were slightly different. 
At high sparsity the MICE-X-GBT models appears to outperform the D- 
GBT model. Breakdown of the models occurs around 50% sparsity. 

4.4. Force 2020 log imputation 

For the FORCE 2020 data set we follow the same imputation pro-
cedure of train, validate and test that was applied to Volve data set. KNN 
type models were excluded from testing due to technical problems 
applying the method to the size of the data set. 

All of the GBT type models again performed the best both in the 
training (Table 5) and testing (Table 6). The MICE-GBT models perform 
slightly better for DTS and much better for DT when compared with the 
D-GBT approach. This suggests there is a benefit to the chained 

Fig. 3. Recorded versus Imputed Results for DT, DTS and RHOB logs using MICE-R-GBT (top) MICE-KNN (middle) and MICE-BRR (bottom). Points are coloured by 
stratigraphic zone. Intensity of color corresponds to the density of samples. 
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imputation approach of MICE. 
A manual comparison of the predicted and test data via a qualitative 

analysis, shows a very good fit (Fig. 6). In places, the BRR model is prone 
to generating large noise spikes in the DTS log (between samples 19,000 
and 42,000, Fig. 6). The noise spikes don’t appear to be associated with 
any particular missing log and are perhaps due to a lack of training in a 
particular zone. Comparatively, the GBT logs show a consistently good 
fit outperforming the other models and validating the quantitative 
metric results. The fit to the long wavelength variations is particularly 
strong. 

An analysis of the relationship between metric based prediction 
performance and the number of samples available for training within 
each geological formation (Fig. 7) shows erratic trends in performance 
when the training sample size is small. As the number of samples in a 
geological zone increases beyond approximately 20,000 points both 
MAE and MSE metrics trend towards a more stable value. Depending 
upon the complexity of the formation, this may represent an approxi-
mate lower limit to the number of samples need for accurate prediction 
models to be trained. Trends in R2 and explained variance are less clear. 

Fig. 4. Test data imputation and prediction with the four tested imputation models. Imputed values are in blue and true values in orange. The bottom frame shows 
missing values of the input features prior to imputation. 
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5. Discussion 

5.1. Explanation of results 

On the whole, multiple iterations of the MICE algorithm do not 
appear to improve the overall predictive capacity of the models imple-
mented (Tables 4 and 6). There are exceptions where certain combina-
tions of missing logs and sequential imputation and prediction are 
desirable, but this does not appear to form the bulk of missing values in 
the tested data sets. GBT generally out performed the BRR and KNN 
models. The ability for D-GBT to handle missing values directly is a 

significant advantage with performance as good or better than the MICE- 
GBT method. 

The exceptions where MICE improves upon direct imputation were 
observed, when the elastic logs were all missing. In these scenarios, 
complete prediction of all three targets is required and accuracy im-
proves when sequential imputation is performed. It is speculated that 
the more complex non-parametric relations between logs, are handled 
better with MICE. For example, DRHO may be used to predict RHOB, 
which is subsequently used to predict DT and then DTS - as in Fig. 4 
samples 25,000 to 30,000. 

Any application of MICE will be more expensive than direct or single 

Fig. 5. Volve test results for increasing sparsity of input data; (a, b) R2 and MSE for validation data, (c, d) R2 and MSE for test data.  
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pass sequential imputation. However, in this study, the prediction al-
gorithms chosen did not make the additional computational cost un-
manageable. We found that MICE typically runs for 10–20 iterations 
before reaching convergence, requiring multiple imputation predictors 
to be trained and stored. 

Of the three machine learning predictive models tested, GBT appears 
to be a clear leader, exhibiting superior correlation and lower error. The 
strength of the ensemble approach over BRR and KNN, may reflect a 

superior capacity to identify and model the complex non-parametric 
relationships between logs (Ke et al., 2017). 

An observation from both data sets was the relative under perfor-
mance of models in geological zones with small sample sizes, where the 
log relationships is more difficult to define due to a lack of data. A 
subsequent analysis calculating metric scores for each zone (Fig. 7), 
identified significant variations in metric scores for the test logs, when 
sample sizes are small. We attribute the variance in the scores, at small 
sample size, to complex and multi-factored interactions between the 
available training samples, the sparsity of the input features, for the 
zone, and the effectiveness of cross-training between lithologically 
similar zones. The zones with larger sample sizes tend to exhibit more 
stable metric behaviour, leading us to suspect insufficient data; both for 
training purposes and for the data available to calculate representative 
metric scores at the zone scale. Further studies could investigate the 
limits of how much log data is required to achieve stable results. 

At larger sample sizes, there is a compression in the error variance 
across zones, (particularly for the error metrics MSE/MAE) suggesting a 
minimum number of samples needed in a zone to achieve stability in the 
predictive model. 

A more robust approach, using geological zones, might be to consider 
undertaking this analysis based upon lithological characteristics, rather 
than formation names. This could perhaps be approached either via 
manual labelling, grouping of similar zone labels or, if the sample set is 
sufficiently dense, clustering algorithms. 

5.2. MICE limitations and assumptions 

All imputation or prediction methodologies including MICE, rely 
upon a sufficient quantity of data to correctly calibrate the model. If 
characteristically unique sections of log are absent from the training 
dataset, the predictive models will be unable to reproduce such trend or 
data behaviour. Consequently, this limits the application of MICE to data 
sets with representative sampling that can lead to poor generalisation of 
the model, unless the training data set is sufficiently diverse. In practice, 
and for well log imputation, we suggest the pragmatic approach would 
be to tailor an imputation model for each unique input data set, because 
the cost of training with the test predictors was acceptably low (on the 
order of minutes). 

There is also a degree of non-repeatability with most ML predictors. 
If the input data set is added to or changed, the output predictions and 
imputations are also likely to change. The degree of observed differ-
ences, will depend upon the changes to the input and the dependence 
upon randomness in the training of the prediction models. The non- 
repeatable nature of the imputations, may discourage downstream 
users of the data, who require stable logs as input, to their own work-
flows. In these cases, the general prediction capability of ML regression 

Table 5 
Metric scores for imputed values using different imputation algorithms on the F20 validation set. Best values are highlighted in bold.  

Model Log Explained Variance Maximum Error Mean Absolute Error Mean Squared Error R2 

MICE-BRR DTS 0.83 5.74 0.3 0.17 0.83 
MICE-O-BRR DTS 0.83 5.77 0.3 0.17 0.83 
MICE-A-GBT DTS 0.94 4.8 0.16 0.06 0.94 
MICE-R-GBT DTS 0.93 5.47 0.16 0.07 0.93 
D-GBT DTS 0.95 5.55 0.15 0.05 0.95 

MICE-BRR DT 0.83 4.26 0.25 0.17 0.83 
MICE-O-BRR DT 0.83 4.3 0.25 0.17 0.83 
MICE-A-GBT DT 0.95 3.16 0.11 0.05 0.95 
MICE-R-GBT DT 0.94 4.02 0.11 0.06 0.94 
D-GBT DT 0.96 3.43 0.11 0.04 0.96 

MICE-BRR RHOB 0.7 10.2 0.39 0.3 0.7 
MICE-O-BRR RHOB 0.74 5.56 0.37 0.26 0.74 
MICE-A-GBT RHOB 0.91 5.38 0.2 0.09 0.91 
MICE-R-GBT RHOB 0.91 5.33 0.2 0.09 0.91 
D-GBT RHOB 0.91 5.33 0.2 0.09 0.91  

Table 6 
Metric scores for imputed values using different imputation algorithms on the 
F20 test set. Best values are highlighted in bold.  

Model Log Explained 
Variance 

Maximum 
Error 

Mean 
Absolute 
Error 

Mean 
Squared 
Error 

R2 

MICE- 
BRR 

DTS 0.89 2.44 0.22 0.09 0.89 

MICE- 
O- 
BRR 

DTS 0.89 2.4 0.23 0.09 0.89 

MICE- 
A- 
GBT 

DTS 0.92 2.59 0.18 0.07 0.92 

MICE- 
R- 
GBT 

DTS 0.94 2.54 0.16 0.05 0.94 

D-GBT DTS 0.93 2.65 0.18 0.06 0.93 

MICE- 
BRR 

DT 0.88 2.16 0.21 0.1 0.88 

MICE- 
O- 
BRR 

DT 0.87 2.25 0.2 0.1 0.87 

MICE- 
A- 
GBT 

DT 0.94 2.08 0.16 0.05 0.94 

MICE- 
R- 
GBT 

DT 0.91 3.01 0.17 0.07 0.91 

D-GBT DT 0.88 2.22 0.19 0.1 0.87 

MICE- 
BRR 

RHOB 0.72 4.82 0.37 0.26 0.72 

MICE- 
O- 
BRR 

RHOB 0.77 4.18 0.34 0.21 0.77 

MICE- 
A- 
GBT 

RHOB 0.86 4.01 0.25 0.13 0.86 

MICE- 
R- 
GBT 

RHOB 0.87 3.83 0.24 0.12 0.87 

D-GBT RHOB 0.87 4.0 0.24 0.12 0.87  
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models, must be traded off against the labour intensive but more stable 
empirical, or manual prediction approach. A potential solution, could be 
to capture and store multiple imputed versions, as a measure of the 
imputation uncertainty, in a similar manner as developed in Diaz and 
Zadrozny (2020). 

5.3. Further research 

MICE performed better than direct imputation for the elastic logs DT, 
DTS and RHOB, in cases where all three logs were absent or mostly 
absent. Therefore, future research should focus on scenarios where 
elastic data is sparse. 

For training validation, we use randomised selection of points within 
logs (Darling, 2005), which is not typically how gaps occur in well log 
data. Alternative approaches such as the method employed by Lopes and 
Jorge (2018) of pseudo modelling the gaps based upon a statistical 
analysis may further test the robustness of our approach. Validation tests 
could also be augmented to check for over-training by utilising k-fold 
cross-validation methods common in machine learning. 

We also suggest that the MICE algorithm might be modified to 
improve and or automate noise or bad data rejection. Currently, log 
editing is required beforehand to quality control the input, the MICE 
process may be a tool that can identify and automatically remove data 
which fails a tolerance criterion when compared with predictions. Initial 
imputation values use by MICE methods could also be improved by 

using empirical relationships rather than the mean value of a feature 
(Azur et al., 2011). 

Unlike Brown et al. (2020), we have not included derived petro-
physical logs in this study. From a machine learning perspective, pet-
rophysical logs such as water saturation, porosity and clay volume can 
be viewed as engineered features which augment or extend our view of 
the raw input data. Their addition to the imputation workflow may 
improve correlations and relationships between the raw data that were 
ignored previously. 

There are many ML algorithms and we have tested some of the 
easiest to implement. Deep learning such as convolutional neural net-
works which can better account for adjacency in samples may benefit 
from the MICE approach to imputation. Indeed, most ML methods 
cannot handle missing data so iterative imputation may improve these 
models. 

6. Conclusion 

Many subsurface analysis tasks and workflows rely upon or can 
benefit from a complete well logging data set. However, in many cases 
the logging measurements are rarely complete with gaps or logs missing 
entirely. This study has applied the MICE approach to successfully and 
completely impute multiple well logs simultaneous using ML algo-
rithms. Of the four algorithms that were tested, GBTs performed the 
best. Although MICE did not always improve the direct imputation of 

Fig. 6. Force 2020 test data imputation and prediction with the MICE-BRR and MICE-R-GBT model. Imputed values are in blue and true values in orange. The bottom 
frame shows missing values of the input features prior to imputation and the black line (right axis) indicates the number of samples available for training in that 
geological super group. 
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logs when using GBT, imputation when certain combinations of missing 
log values, may benefit from the iterative approach. MICE can also 
improve GBT results when the sparsity of the input data is high. 

Finally, while GBT have the ability to naturally handle missing 
values in the input features, many ML algorithms cannot. MICE may be 
most applicable in scenarios where algorithms require complete input 
features for training. 
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