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Abstract
Assisted seismic history matching (ASHM) is an optimisation problem that incorporates 4D
seismic data as a constraint upon a reservoir simulation update. The observed and simulated
three-dimensional seismic data is typically reduced to a Cartesian map representation and the
misfit between the two is calculated using the mean squared error (MSE). TheMSEmetric is
simple to implement and understand, but it is incapable of capturing the nuances and patterns
required to match seismic maps effectively. We test alternative measures of the misfit (metrics)
that borrow from image processing and meteorological history matching so that more robust
misfit information can be used during optimisation. In this two-part study we first test our
metrics on realistic but synthetic one-dimensional problems to understand the metric
characteristics, and their sensitivity to noise, better. The introduced metrics are then tested in a
realistic ASHM optimisation task. We find that two of our proposed alternatives toMSE are
more stable and provide superior results when used for ASHM optimisation.

Keywords: seismic history matching, optimisation, metrics, seismic attributes

1. Introduction

Optimisation algorithms require input metrics which accu-
rately measure the misfit of an optimisation target (history)
to themodel result being optimised. In scenarios where com-
parisons are complex, nuanced or difficult due to uncertain-
ties in the (measured) data and the model, the choice of an
effectivemetric can influence the overall optimisation results
and final uncertainty.

Assisted seismic history matching (ASHM) is a proce-
dure used to match reservoir flow simulation models with
observed geophysical data such as time-lapse seismic maps
(Stephen et al. 2009; Obidegwu et al. 2014; Mitchell &
Chassagne 2019; Oliver et al. 2021). In this workflow, ob-
served time-lapse seismic maps are compared to synthetic
maps generated from the reservoir model (via Sim2Seis;
Amini 2014), the resulting computed mismatch (metric) is

then used to guide the optimisation method (minimise the
mismatch).

The choice of metric is then crucial to the success of
the optimisation process, and should be carefully consid-
ered. The 4D observedmaps are susceptible to seismic noise
and errors in the map extraction process, while the forward
models used to generate the synthetic maps contain many
assumptions and approximations from the building of the
model itself. In most cases, human interpreters are capable
of discerning the most important features whilst also assess-
ing the degree of correlation. These insights are used inman-
ual updating of broad scale parameters in reservoir mod-
els. Within the subsurface community, usually a very simple
measure of the misfit is typically used in ASHM, such as the
sumof least squared error (LSE),mean squared error (MSE)
or root-mean-squared error (RMSE). These metrics are all
point-to-point or pixel-based analyses which do not account
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for noise, amplitude bias, structure, pattern, misalignment or
any of the many features a human interpreter might use or
compensate for in the comparison of seismic maps. Initial
questions have been raised in Chassagne & Aranha (2020)
on the use of the very simple MSE metric and its ability and
usefulness for ASHM. Their conclusions were that MSE is a
surprisingly good compromise, but the authors neglected er-
rors (noise) in the data.

Multiple alternativeworkflows andmetrics have beenpro-
posed to address the difficulty of comparing seismic maps.
Derfoul et al. (2013) and Tillier et al. (2013) apply the lo-
cal dissimilarity measure (LDM) after first applying a noise
filter and segmentation. LDM was applied to the segmented
images but no guidance was given for segmentation beyond
three zones (two and the background). This essentially re-
duces seismic attribute maps to either positive or negative
anomalies with values close to zero set to the background.
For 4D seismic attribute maps this is not unreasonable but
may limit the ability for the metric to identify subtle ampli-
tude based features of the maps. Despite this limitation, ad-
ditional binary approaches have also been suggested (e.g., Jin
et al. 2012; Chassagne et al. 2016; Obidegwu et al. 2017).
In Chassagne et al. (2016), amplitude maps are reduced to
a bit representation through a user-defined thresholding pro-
cedure and then comparedusing theCurrentMeasureMetric
(CMM), a dimensionality reduction algorithm based upon
directional Fourier filtering with a frequency-based convolu-
tional Kernel. Hodgson et al. (2017) also ignores amplitude
byusing a sign-matching algorithmcalledMatchQualityFac-
tor (MQF)which acts purely on the sign of the data. Thresh-
olding is again applied as a pseudo noise filter by setting
small values to zero. The metric is then defined by summing
the number of correlated pixels (positive/negative/zero). Al-
though these methods attempt to capture structure, features
and suppress noise accurately, the amplitude response, es-
pecially variations in amplitude and in space, can be an im-
portant constraint during historymatching and should be in-
cluded in the process.

Amplitude and structure-aware algorithms have also been
proposed, for instance, Luo et al. (2017) utilised discrete
wavelet transforms (DWT) to match seismic sections in
ASHM (similar to matching attribute maps). They showed
that artificially introduced Gaussian noise could be effec-
tively filtered via thresholding theDWTwavelet coefficients.
Furthermore, Lorentzen et al. (2019) extended this study to a
full field case, where the DWTmetric was effectively utilised
as a domain noise filtering and data reduction workflow, to
facilitate better results using ensemble smoothing for data
assimilation. While these studies applied DWT to vertical
seismic sections, the suitability of DTW to attribute maps is
untested for seismic. A known limitationofDWT is its inabil-
ity to capture large variations in dynamic range across regions

(non-stationary signals) which often occur in attribute maps
(Wang et al. 2004). Furthermore, the use of hard threshold-
ing in the wavelet coefficient domain for noise rejection is
untested on coherent long-wavelength noise.

The richness of seismic data has also led to the use of pa-
rameterisations to reduce information complexity. Leeuwen-
burgh & Arts (2014) used flood front isolines, comparing
the simulated water front to the water front identified from
an arbitrary seismic attribute. The comparison is made us-
ing the Eikonal equation and solved using the fast marching
method. This method works well where the seismic flood
front is well defined and interpretable but can be problematic
in thicker or complex reservoirswhere the seismic attribute is
less clear.Wheremany seismicmonitor surveys are available,
other methods such as “well2seis” (Yin et al. 2015) become
possible, which correlates cumulative well fluid volumes to
the seismic response.

Deep learning has also recently been applied. In their
study, Rollmann et al. (2022) demonstrate how convolu-
tional neural networks (CNN) can be trained to choose
maps which are a superior fit to the observed seismic history.
Tested on a synthetic model, themethod is very effective but
requires significant upfront cost in both developing the train-
ing data set and the manual classification for training. Efforts
are made to reduce this cost by implementing weak super-
vision via model clustering and appropriate tooling. It is not
clear whether the trained CNNmodel can be generalised to
other ASHM problems.

This paper investigates the use of three map (image)
comparisonmetrics selected specifically for seismic attribute
maps. The metrics were selected due to their ability to com-
pare more complex details in images such as luminance, con-
trast, spatial frequency and noise filtering, and also more
globally identify common shapes and features.

Capturing these details via an algorithm is particularly dif-
ficult with seismic attribute maps. Commonly, the relevant
signals and features within a map are smooth at the edges,
with gradual ambiguous transitionsbetweenvalid and invalid
signals. The contrast between noise and signal can be poor,
especially where the signal is weak. Features being compared
between the observed and the synthetic data can be mispo-
sitioned and may be relatively small compared to the overall
size of the maps being compared.

Within this paper we offer a brief description of the se-
lectedmetrics and the basemodel (Section 3), thenwe break
down our study into two parts. The first phase of testing
is applied in a controlled manner with one parameter vari-
ation only in three separate experiments, i.e., fault, channel
and barrier. This first approach allows us to explore the way
our chosenmetrics respond to changes in the selectedmodel
parameter better. We also extend our tests to include Gaus-
sian and seismic-like noise added to the synthetic truth case.
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This understanding will then be utilised and support our in-
terpretation ofmore complex results froma realisticmodel in
the second phase of testing.

The full real-world ASHM model has 63 free parameters
and is a more realistic test of the metrics true performance,
extending our work from the controlled testing to a practi-
cal example. We evaluate performance during optimisation
based upon thematch to the prediction period of the simula-
tion model and via qualitative interpretation of the best seis-
mic maps and the dynamic simulation grid properties.

We discuss our results, limitations, recommendations and
opportunities for future research.

Overall, we find two of the three metrics proposed to be
superior to MSE and recommend their use for ASHM tasks.

Finally, we chose to only focus on the seismic part of the
history matching metric problem; note that others works
have been more focused on the well data only, or the com-
bination of the two (e.g. Bouzarkouna & Nezhad Nobakht
2015; Zhang et al. 2019).

2. Metrics’ description

Comparing seismic attribute maps is a difficult challenge
in image processing. The similarities between the observed
seismic map (A) and the synthetic (B) can vary greatly de-
pending on the suitability of the model inputs and the for-
ward seismicmodelling process. Furthermore, the features or
characteristics of a map which are important to a given com-
parison can also vary, from broad low-frequency trends to lo-
calised effects (size, shape and amplitude).

Manual interpretation of map similarity tends to empha-
size the sign and shape of strong signal over absolute ampli-
tude. High-frequency details also tend to be ignored or sup-
pressed in comparison with broader and contiguous blocks.
An idealmetric would be able to identify similarmaps priori-
tising the aforementioned features when:

• One of the input maps is scaled in amplitude compared
with the other.

• One or bothmaps contains significant amounts of noise
or uncertainty at a spatial frequency similar to the signal
(e.g., seismic acquisition, image processing andmapping
noise).

• Signal boundaries are smooth or subtle.
• There are small misalignments between features.
• Only small portions of the completemap contain signal.

In summary, we also consider the following metric char-
acteristics to be important for ASHM:

• Sensitivity of the metric to matching (in priority) key
features.

• The character of the response and the sensitivity of the
metric to changes in the optimisation parameter space.

• Reciprocity of the metric (i.e. symmetry in the metric
sensitivity to the parameter space).

• Robustness of the metric to factors such as noise (in the
inputs), metric hyperparameters and inputs (amplitude
range, sign, character, scale of difference).

• Priority of metric simplicity and interpretability (avoid
black-box approaches).

We have identified three distinctly different metrics from
the image processing and meteorological literature that we
will compare to these ideals through controlled testing (Sec-
tion 4) and in a synthetic ASHM test (Section 5):

• A hybridised multi-resolution and noise suppression
metric based upon continuous wavelet transforms
(CWT).

• The structural similarity measure (SSIM).
• Numerical fuzzy metric.

For comparison we utilise the MSE as a reference, which,
including variants (e.g., Least-Squares, RMSE, etc.), is the
dominant and popular choice for ASHMmap comparisons.
MSE is defined as

MSE(A, B) = 1
N

N∑
l=1

(Al − Bl)
2, (1)

where N is the number of points l (pixels) in our maps A
and B.

While MSE is a uni-variate metric, all of the introduced
metrics are multi-variate. Multi-variate metrics require hy-
perparameters that control aspects of the metric calculation.
For seismic attribute maps, these usually relate to the size of
analysis windows (resolution), smoothing or filtering Kernel
selection, thresholding cutoffs or hybridisation mixing con-
trols. The intent of multi-variate metrics is to capture and
compare distinct properties of an image to improve the com-
parative measure overall, and as a result, improve the overall
optimisation.

In the following sections we briefly introduce and sum-
marise the metrics we will test. Where the introduced met-
rics have been modified or adapted to suit ASHM, we high-
light these changes. For a deeper and complete descrip-
tion of the metrics we refer the reader to the corresponding
references.

2.1. CWT

The continuous wavelet transform (CWT; Antoine
et al. 1993) metric of this study can be formulated as a
multi-resolution analysis, whereby the data is passed through
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a forward transform, filtered and inverted before being
compared.

Weniger et al. (2017)offers a good introduction towavelet
transforms and a review of applications in the meteorologi-
cal sciences. Much of our approach is modelled after Briggs
& Levine (1997) who applied their method to maps of me-
teorological field forecasts. They found their approach re-
duced high-frequency noise and focused on the structure of
each image. The key difference is our use of CWT in place of
discrete wavelet transforms (DWT). Whist DWT are well-
suited to stationary signals, seismicmaps canhave a great deal
of localised dynamic range. CWT are better suited to such
non-stationary signals (Wang & Lu 2010).

The final CWT similarity metric (CSIM) is a hybridised
measure of the filtered output from the CWT formed by
combining the result of three sub-metrics; Pearson R corre-
lation r,RMSE, and the energy ratio er (after Briggs&Levine
1997).

CSIM(h, A, B) =
⎡⎢⎢⎣

r(h, A, B)𝛼
RMSE(h, A, B)𝛽
er(h, A, B)𝛾

⎤⎥⎥⎦ , (2)

where h describes thewavelet used during theCWTprocess.
Scaling is applied to each sub-metric via the exponents 𝛼,

𝛽 , and 𝛾 . The exponents are automatically formulated to bal-
ance the contribution of each sub-metric based upon a base
case, CSIM(h, A, A′), where A′(x, y) = A(x, −y) is a rotated
version of A.

2.2. Structural similarity

The structural similaritymeasure (SSIM) (Wang et al. 2004)
belongs to a family of computer vision algorithms which as-
sess perceptual image quality. Image quality assessment al-
gorithms are typically used to compare errors between a ref-
erence image and a distortion. Hagen-Zanker (2006) tested
SSIM for comparing meteorological field maps but found
their inputs violated some assumptions. SSIM assumes that
image luminance and structure are independent, which is
not true for grey-scale maps such as seismic attributes. How-
ever, Zanker found it was still possible to use SSIM for map
comparisons.

Like the CWT metric, SSIM is a multivariate approach
which incorporates the luminanceL, contrastC and structure
S of an image with ae unification function:

SSIM(A, B) = [L(A, B)]𝛼 ⋅ [C(A, B)]𝛽 ⋅ [S(A, B)]𝛾 .
(3)

The weighting exponents (𝛼, 𝛽 , 𝛾) are normally set to
one, but they can be tuned to balance the unification better if
one or more components dominate the result. We also apply
SSIM in a kernel-type manner, localising the match within a
weighted window.

For a full description of SSIMwe refer the reader toWang
et al. (2004).

2.3. Fuzzy numerical

Hagen-Zanker (2006)offers anextensionof theFuzzyKappa
method proposed by Hagen-Zanker (2003) to continuous
rather than categorical data. Fuzzy approaches to similarity
metrics are attractive because they condition the measure of
similarity to an expected similarity based upon the charac-
ter of the compared location’s neighborhood in both the ob-
served and test maps. By observing how a value compares to
its comparative neighborhoods, the Fuzzy Numerical metric
can help to see through high-frequency noise andminormis-
alignment in an image.

In summary, the similarity of a given pixel l is set by the de-
gree towhich it is similar to its counterpart in the comparison
image. Fuzziness is introduced by comparing the counterpart
to its own direct neighborhood with larger levels of uncer-
tainty when the counterpart pixel is less similar. The compar-
ison also operates by taking the minimum similarity in both
directions:

FZYl(A, B) = min (sl(A, B), sl(B, A)) , (4)

where s is defined as the one-way similarity at cell index l, as
defined in Hagen-Zanker (2006) equation (1).

2.4. Optimisation modifications

For single objective optimisation (as used in this study), the
problemcanbeposed as aminimisation functionΨ for a con-
sidered ck metric, which gives a measurement of the differ-
ences between observed and simulated data; multiple met-
rics k = 1 ...M can be combined in a weighted sum, such as

Ψ = min

(
M∑
k=1

ck𝜔k.

)
. (5)

The factor𝜔k allows each metric to be individually scaled. If
values for ck are greatly different fromone another, individual
metrics can dominate the optimisation response. To achieve
these characteristics in our metrics (𝜙) we perform the fol-
lowing additional step:

Φ(A, B) = 1 −
∑N

l=1 𝜙(A, B)∑N
l=1 𝜙(A, A′)

. (6)

The metric 𝜙(A, B) output is normalised by the metric out-
put of the observedmapA and a rotated versionA′ . The simi-
larity measure must also be negated to suit objective minimi-
sation.

The scaling process can occasionally be imperfect, return-
ingmisfit values less than 0 where the scalar𝜙(A,A′)<𝜙(A,
B). However, we find it broadly aligns the magnitude of our
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Figure 1. Workflow to generate the synthetic seismic attribute map from the reservoir simulation model..

seismic metrics with well production metrics, which is more
important to effective optimisation than preservingΦ> 0.

3. Basemodel and attributemap generation

3.1. Base model

This study utilises theVolve field data set releasedbyEquinor
in 2018 (Equinor 2018). While the data set includes a func-
tional reservoir simulation model, it was difficult to modify,
as it had already been history-matched and was ill-suited to
the objectives of this study. Instead, an alternative and less-
mature simulation model incorporating the insights from
Hallam et al. (2020) has beendesigned anddeveloped specif-
ically for this study.

While the revised Volve model is based upon the real
Volve field, we generate seismic attribute “observed” cases in
a synthetic manner and do not utilise the observed 4D seis-
mic data provided with the original data set. The quality of
the real 4D seismic at Volve is limited and a high level of un-
certainty in the 4D interpretation leads to difficulties in ef-
fective evaluation of our metrics. Additionally, whilst there
is only one monitor survey within the Volve data set, utilis-
ing synthetic cases allows us to test models at multiple mon-
itor time-steps. This provides a richer collection of seismic
responses fromwhich to draw a conclusion about the perfor-
mance of the tested metrics in ASHM.

3.2. Attribute map extraction

To generate the seismic attribute maps a forward modelling
process is used to transform the reservoir simulation model
results to the seismic domain. In all cases, we utilise a sin-
gle petro-elastic model (PEM) defining the fluid properties
and digital rock model together with the simulation model
reservoir properties andfluid saturations to calculate the elas-
tic domain properties of impedance and density (Zp, Zs, 𝜌)
via the sim2imp process (figure 1). These results are passed
to sim2seis (figure 1), and the elastic properties are trans-
formed to a regular grid, converted to reflectivity and con-
volvedwith a point spread function (PSF) to create synthetic

seismic reflection volumes (S). This process is repeated for
each testmodel (mod) and at different times after production
has started (t𝜏).

Difference volumes (Q) are then created for each simula-
tion model by subtracting the equivalent reflectivity volume
from before production begins (baseline, t𝜏 = 0) as defined
in equation (7):

Qmod,t𝜏 = Smod,t𝜏 − Smod,t0 . (7)

The reservoir stratigraphy from the simulation model is
then used to extract vertical window based seismic attributes
from the difference volumes Qmod,t𝜏 . These are the input
maps to our metrics. The entire workflow is summarised in
figure 1.

In the final part of the workflow, four vertical zones were
used to create attribute maps. The zones relate to three (A,
B and C) lithological layers within the reservoir which have
distinct fluidflowcharacteristics. Additionally, an interval en-
compassing the entire reservoir is also extracted.

Five different attributes covering each of the reservoir
zones were extracted based upon the findings Hallam et al.
(2020). These were the mean, the mean of positive values
(MPOS), the mean of negative values (MNEG), the sum of
positive values (SPA) and the sum of negative values (SNA).

3.3. Adding noise

In general, seismic attributemaps will contain different types
of noise (i.e., random, coherent) at various spatial frequen-
cies and levels. The controlling factors of the noise aremainly
coming from: (1) seismic acquisition, (2) data processing
and (3) attribute selection. Sources of the noise are usually
different, but the character/behaviour is relatively similar in
terms of attribute map domain; typically it is low frequency
and semi-coherent (Hesthammer&Fossen 1997;Marfurt &
Alves 2015).

A search of the literature suggests there is little discussion
or consensus on the best way to generate synthetic noise in
the map attribute domain which approximates real data.
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Figure 2. Seismic noise generation process example. Left to right; input attribute, coarse random noise, upscaled and smoothed noise, output attribute
with noise.

The most common reported approach is to introduce
white Gaussian noise at the pixel resolution (Jin et al. 2008;
Luo et al. 2017; Xing et al. 2018). Consequently, we also took
this approach to generate the noise in our data. Nevertheless,
here we propose a simple extension to theGaussian noise ap-
proach, to generate some more realistic noise (see algorithm
1). Essentially we propose to scale the noise to an appropri-
ate resolution, as the up-scaling process improves coherency
of the noise and impacts the structure of themap in amanner
more akin to observed noise; this is achieved in the following
steps:

First, random noise is generated in the range [0–1] on a
coarse grid n, scaled down from the original map grid dimen-
sions to a fraction 𝜎 of the grid dimension size. The coarse
grid acts as seed points, and up-scaling to the map grid di-
mensions is performed by use of a cubic-spline interpolation
algorithm. Finally, a Gaussian filter is applied to smooth any
inconsistencies in the noise. The noise is added to the noise-
freemapwith user-defined scaling𝛽 . An example of the noise
generation workflow is depicted in figure 2.

4. Controlled testing

4.1. Test design

In this first phase of testing, we have designed a number of
controlled and systematically varying synthetic models to
understand better the way the proposed metrics respond to
changes in the seismic maps submitted to them. In each set
of synthetic models a single parameter is varied away from a
basemodel in a controlledmanner.Metrics that performwell
will be able to identify and quantify the degree bywhich a pa-
rameter has varied from the input seismicmaps. Additionally,
we use these models to test the robustness to noise.

Three basic synthetic model suites are thus introduced
whichwe think capture a broad spectrumof 4D seismic iden-
tifiable model traits:

• Rotating a permeable channel system geometry about a
central point to the field to vary fluid front movement
(CHZmodel).

• Opening and closing a single fault which isolates the
aquifer and an injection well from the main producing
wells (FLTMmodel).

• Reducing the transmissibility of a single layer in the
upper-third of the reservoir simulating a variable
strength vertical barrier to flow (VBARmodel).

Each test model suite encompasses five to seven simula-
tion models where the test parameter is varied gradually (ta-
ble 1). Within each model suite, a set of test maps is created
by using the 4D difference volume from one time step, with
one seismic attribute extracted over one vertical zone (as per
equation (7)). In our testing, we use three time steps per
model suite, five different attributes and four vertical zones,
which results in a total of 60 uniquemap sets permodel suite.

During testing, we apply the metrics to each map set by
choosing an arbitrary map within the set to act as the truth
mapA. The behaviour of themetric can then be observed for
each map set individually, and across all map sets for a given
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Table 1. Synthetic test model variations and parameter settings

Parameter value

Model suite Parameter changed 1 2 3 4 5 6 7

CHZ Channel rotation fault −25◦ −12.5◦ 0◦ 12.5◦ 25◦ N/A N/A
FLTM Transmissibility multiplier 0.0001 0.001 0.003 0.01 0.03 0.1 1.0
VBAR Vertical transmissibility

multiplier
0.0 0.0001 0.001 0.01 0.1 0.5 1.0

Figure 3. Top-down view of the simulation model with fault 2–3 separat-
ing blocks 2 and 3 indicated.

model suite and metric combination. The models are simple
enough and the changes large enough that we anticipate that
an “ideal” metric would return measures for the misfit that
increase monotonically away from the truth.

4.2. Fault model

For the fault model testing variant (FLTM in table 1) the
transmissibility on a single fault that divides the reservoir in
two (figure 3) is multiplied by a constant (the variant param-
eter). In ASHM, determining the transmissibility of a fault
is a common problem. Depending upon the overall connec-
tivity of the reservoir and the relationship with the fault in
question, variations in the fault transmissibility can lead to
large changes in fluid flow pathways and the overall reservoir
pressure distribution. In the case of theVolvemodel, the seis-
mic sensitivity to pressure changes is quite low (Hallam et al.
2020), however, the fault chosen for this test directly isolates
the producing zone from the aquifer, causing the pressure re-
sponse to be extreme when the fault is closed.

Fault transmissibility has a logarithmic relationship to
fluid flow and pressure equalisation across a field. Values of
transmissibility have been selected on a logarithmic scale to
linearise the anticipated metric response, but at high values
of transmissibility there may be little difference observed be-
tween models.

4.3. Rotating channel model

Another common problem tackledwith seismic is the identi-
fication of geobodies within a reservoir interval. In the rotat-
ing channel test (CHZ in table 1) we rotate an arbitrary high-
permeability channel system around a central pivot point to
induce misalignment of the seismic response. We expect this
model to create the most diverse set of maps, largely due
to big changes in the fluid migration pathways through the
model. Five models have been built, rotating the channel
through±25◦ (figure 4).

We expect themisfit of thismodel to be irregular and a dis-
tinct challenge for the metrics to decode sensible measures
for the misfit from. At large rotations there is partial overlap
of alternating arms of the channels and this may confuse the
metrics.

4.4. Vertical barrier model

The vertical barrier model (VBAR in table 1) modifies the
transmissibility between Zones B and C (figure 5). This
model emulates the presence of an impermeable facies be-
tween the two zones, which is behaviour naturally exhibited
at the Volve field. When the transmissibility on the barrier is
low, water sweep in Zone C is restricted (figure 5), compart-
mentalising the upper reservoir. There is a large impact upon
the seismic response, particularlywhere the reservoir is thick-
est on the eastern flank of the field (Hallam et al. 2020).

4.5. Results

The three synthetic models in table 1 (CHZ, VBAR and
FLTM) were used to create multiple attribute maps which
could be compared with an arbitrary truth map A using the
test metrics (figure 6). For eachmodel realisation the 4D dif-
ference volume is used to create 60 different maps, one for
each of the five attributes over four zones at three 4D differ-
ence time steps.

In figure 6 we show the metric misfit response across all
possiblemap sets sorted into the threemodels (columns) and
four metrics (rows). The truth case A is chosen to be model
index i = 1, and we plot the misfit curves—for each map
set—comparing A with all i (as described in Section 4.1).
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Figure 4. Rotating channel model; cells are filtered to show reservoir layer B where permeability has been reduced outside a channel polygon. The
polygon is rotated through±25◦ to generate differences between models.

Figure 5. West–east cross-section of the simulation model coloured by
permeability. The three reservoir zones (A, B, C) are labelled and the ver-
tical barrier modified by the test between zones C and B is represented by
the black line. Vertical pipes represent well locations.

Figure 6. Tests from Section 4.1 are plotted for metric and parameter
change combinations (60 map and zone combinations per plot). All tests
and all metric results showmisfit relative to truth case (Model n= 1). Col-
umn 1 – VBAR, Column 2 – CHZ, Column 3 – FLTM.

The parameter distance of each successive model i from A
therefore increases with i in each plot, where i corresponds
to the parameters varying as per table 1.Our interpretation of
figure 6 annotates five distinct metric response behaviours:

• Figure 6-1 shows a very varied response, dominated by a
non-monotonic roll-over starting around i= 3. This in-
dicates that themetric misfit has a poor correlation with
the distance from the truth case.

• Figure 6-2 shows a very broad variation inmetric ampli-
tudes that can be difficult to accommodate during his-
tory matching.

• Figure 6-3 demonstrates a rapid increase in the misfit
that then plateaus. The misfit in this case only tells us
that we are not near the truth as the misfit is similar for
non-truth cases.

• Figure 6-4 is similar to figure 6-3 but the increase in the
misfit before the plateau ismore gradual. There is an im-
proved correlation between the misfit and i in models
close to A.

• Figure 6-5 has an almost linear gradient that increases
with the misfit increasing steadily with i.

Of thefivebehaviours, the responses infigure6-5 and then
figure 6-4 would be preferred, as these two have amonotonic
response with i and showed the greatest correlation between
the model changes i and the misfit value. Therefore, these
metric and model suite (parameter) combinations provide
the most useful information for optimisation which rely ei-
ther on themisfit gradient ormisfitminima to find a solution.
The responses which plateau, or which have non-monotonic
behaviour, are more difficult for optimisation algorithms to
solve because the misfit gradient is poorly defined, there are
multiple local minima or the misfit only reduces in a narrow
range extremely close to the solution.

Additional experiments were performed, setting the truth
case A to be the maximum value of i for each model suite.
This tested the reciprocity of the metrics and we found that
all mirrored the results of figure 6 under these circumstances.

Considering now each model suite individually we begin
with the VBAR model (figure 6 column 1). For all the met-
rics there is generally a steep increase in the misfit away from
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A before themetric plateaus. This behaviour was anticipated,
as changes in permeability have the greatest impact at low val-
ues (small i), and have a reduced impact as permeability in-
creases. All of the metrics show a broad variation in absolute
amplitudebut figure 6-4 (FZYmetric) appears to be themost
consistent across all the map sets.

For the CHZ model (figure 6 column 2) we see again
the plateau-like character for the three new metrics but also
observe a poor correlation between misfit and parameter
distance when using MSE (figure 6-1). We suspect that as
the parallel channel bodies rotate over each other the sweep
response between different channels becomes conflated by
MSE because it is not structurally aware like the other met-
rics. The plateau effect in the remainingmetrics (CWT, FZY,
SSIM) is interesting, because it suggests that for a given set of
inputs you reach a maximum misfit, only returning reduced
misfit when you are very close to the target.While themetric
responses (apart from MSE) are consistent in this case, the
extreme sensitivity to parameter changes in the CWT results
(figure 6-3) may make practically using CWT difficult.

The FLTMmodel suite (figure 6 column 3) has less of the
plateau-like effect seen in the previous two examples. Open-
ing the fault transmissibility in this case has a broad impact
on the seismic response across the field and, at least for the
Fuzzymetric (figure 6-5), appears to induce amore linear re-
sponse.TheMSEmetric does not appear to normalisewell in
this case (equation (6)), andhas large variations in amplitude
(figure 6-3) that are related to significant variations in the ab-
solute amplitudes of the inputmaps. TheCWTalso does not
perform well with certain map sets (figure 6-6), showing ex-
treme sensitivity to changes in the parameters.

Compared to the ideal metric characteristics detailed in
Section 3.2 we think that the Fuzzy metric (in figure 6) has
the most ideal response. It has the most linear sensitivity to
parameter changes (increasing i), appears to be themost con-
sistent across attribute maps and zones, and has a response
which can be related to the seismic response.

In this controlled testing phase we also examined the im-
pact of both Gaussian (figure 7) and seismic synthetic noise
(figure 8). The analysis is performed by varying the synthetic
noise hyperparameters in a grid search style manner with
12 distinct parameter sets per noise type (a sub-selection of
the tests are plotted). For Gaussian noise the parameters var-
ied are the noise amplitude (NRMS) and the percentage of
image pixels affected (PC). For seismic style noise the am-
plitude and scale of the noise was varied with two different
scales (S1, S2) added to each test.

For MSE (figure 7 row 1) the addition of Gaussian noise
does not significantly alter the overall response of the met-
ric. This suggests the MSE metric is responding primarily
to the seismic attribute mismatch. Comparatively, the intro-
duced metrics are much more sensitive to noise. The CWT
(figure 7 row 2) especially shows a large increase in themisfit

Figure 7. Changes to metric response when Gaussian noise is added to
the truth map. All tests and all metrics results show misfit relative to truth
case (Model n= 1). Themodels are coloured differently with noise added
case shown as scatter points and the zero noise test as lines. VBAR – blue,
CHZ – green, FLTM – yellow..

Figure 8. Changes to metric response when seismic noise is added to the
truth map. All tests and all metrics results show misfit relative to the truth
case (Model n = 1). A separate metric is shown on each row, from top
to bottom; mean-squared error, continuous wavelet transform, fuzzy and
structural similarity. Themodels are coloured differently with noise added
case shown as scatter points and the zero noise test as lines. VBAR – blue,
CHZ – green, FLTM – yellow.

for base cases (n= 1) and for the FLTMmodel (going from
0 to almost 1 when the number of pixels affected by noise
(PC) is>0.6). The other CWTmodel responses at n= 1 are
less affected, only increasing to approximately 0.5 from 0. An
investigation indicates that the CWT metric struggles when
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relatively large magnitude values appear in the maps, dom-
inating the sub-metric ER. Tuning for a specific model and
attribute may improve the response of the CWTmetric.

For the Fuzzy and SSIM metrics (figure 7 rows 3 and 4)
the addition of noise slightly flattens the overall response,
suggesting a reduction in the discrimination power due to
changing parameters, and biases themetric to a higher ampli-
tude. The overall bias observed is consistent with the ampli-
tude (NRMS) and percentage (PC) of the attribute map af-
fected. For the Fuzzy metric the misfit increases between 0.1
and 0.5 when the noise was added while for the SSIMmetric
the increase is between 0 and 0.4.

The seismic synthetic noise is intended to be pseudo-
random with a different impact upon the metrics due to
its low-frequency components. The coherent nature of the
noise has a significantly larger impact thanGaussian noise on
theMSEmetric, which shows a large positive bias (up to 50%
of the maximum misfit) (figure 8 row 1), especially for the
FLTMmodel. However, the trends of the misfit appear to be
preserved. The effects upon the other metrics are similar to
that observed from the Gaussian noise, however the overall
bias due to noise is generally much larger and the flattening
of the metric response is amplified.

The fuzzy metric (row 3) increases in all cases to between
0.8 and 1 frombetween 0 and 0.5. The SSIMmetric increases
to between 0.5 and 0.8 from between 0 and 0.3. The CWT
metric only sees changes around the truth case with values
increasing from 0 to approximately 0.9.

The addition of noise generally increases themetricmisfit
and decreases the overall sensitivity of a metric to the truth.
This is not unsurprising given that noise is expected to con-
fuse andobfuscate the truth in any algorithmic comparisonof
twoattributemaps.The robustness ofMSEgiven the types of
noise introduced was unexpected. Although the introduced
metrics saw reduced sensitivity due to the introduction of
noise, their responsewas sufficient to inform an optimisation
process with the exception of CWT, where additional hyper-
parameter tuning may be required.

5. Application to ASHM

The second phase of testing applies the introduced metrics
to a full ASHM optimisation task. The Volve model is again
used, butwith 63model parameters to generate a large search
space. The parameters of the model include the oil water
contact, fault transmissibilities, region and zone permeability
and porosity multipliers, and aquifer volume. We have ran-
domly chosen a realisation within this space to be the truth.
Unlike in a non-synthetic case, knowing the true will facili-
tate a quantitative analysis of the metric performance.

To create a seismic history, two synthetic seismic maps
were generated from the “true” model (top row of figure 9).
The maps chosen (SPA C and Mean A) when processed by

Figure 9. Noise added to synthetic seismic model used as optimisation
truth. Left-hand column: SPA C attribute. Right-hand column: Mean A
attribute.

the metrics had good sensitivity to the changing parameters
with minimal variation in the misfit values. They also reflect
expert knowledge of themain fluid flow processes within the
field and their impact upon the seismic data (Hallam et al.
2020). Zone C (see figure 5) is the last and Zone A is the
first to be swept by the injected water. Also, both zones have
more heterogeneity than Zone B and are therefore the most
susceptible to changes in the parameter space.

Seismic noise was added to the maps to introduce ad-
ditional realism and uncertainty into the optimisation pro-
cess (middle row of figure 9). The noise was designed to act
at 10–20% of the maximum amplitude of the input and at
three resolutionswith a decreasing amplitude towards higher
frequency.

5.1. Optimisation

Optimisation tests were run for four different models each
using one of the seismic metrics. For optimisation we utilise
the single objective CMA-ES genetic evolutionary type algo-
rithm (Hansen &Ostermeier 2001).

The objective functions for the various tests were formed
as per equation (5) by adding together the misfit from two
maps (SPA C and Mean A). The initialisation of parameters
for each run was random, and optimisation was allowed to
proceed for 2000 simulation evaluations with 20 models per
generation.
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Figure 10. Best models for each optimisation constraint set-up. The history matching period is marked as grey (prior to 2011 January); white is the
forecast period.

To assess the performance of each optimisation run we
utilise a combination of quantitative analysis of the well pro-
duction curves during the prediction period and visual in-
spection of the seismic attribute maps and dynamic model
properties.

5.2. Results

To analyse the performance and robustness of the metrics
under optimisation conditions we assess the quality of the
model forecasts after ASHM. The production curves for the
observed model (truth) are qualitatively compared with the
best result after optimisation for each metric (figure 10) and
quantitatively for the final generation of models (figure 11).

The production curve acronyms are well oil and water
production rates (WOPR, WWPR), well bottom hole pres-
sure (WBHP) and the cumulative well oil and water produc-
tion volume (WOPT,WWPT).

The worst-performing optimisation models based upon
the best-case analysis were the SSIM and MSE. The SSIM
case shows a poor fit to all curves except pressure while the
MSE case fits matches F-12 well but not F-14. The SSIM run
may have become stuck in a local optima that did not match
the production data. The remaining seismicmetric optimisa-

Figure 11. Production curve forecast fitness for 50 best results for each
optimisation model.

tion runs of Fuzzy andCWTperformwell, finding an appro-
priate balance between the fit ofwells F-12 andF-14. Produc-
tion totals (bottom row) are particularly well fitted in these
two cases.

When considering the quantitative measure of predic-
tion accuracy (figure 11), we see robust performance was
achieved with the Fuzzy, CWT and MSE metric runs. MSE
had a slightly highermean and a larger variance than theother
two best-performing seismic metrics.

A breakdown of the forecast performance for individual
wells (figure 10) showed the Fuzzy and CWT metrics per-
forming better thanMSE at well F-14 but only slightly worse
at well F-12. In this case it appears that the CWT and Fuzzy
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Figure 12. Selection of best optimisation result SPAmaps for Zone C from different optimisation configurations. The test cases are titled by the model
evaluation identifier Eval:N.

metrics were better able to identify balanced optimummod-
els (based upon the forecast analysis) compared with MSE.
The balance comes from equally weighting matches that af-
fect both wells; we suspect thatMSE becomes dominated by
the strength of the seismic signal around well F-12, which
highlights the susceptibility ofMSE to large amplitudes in the
input.

Moving to the seismic attribute domain, a random selec-
tion of seismic attribute maps from the best models (EVAL)
in eachoptimisation run is presented in figures 12 and13. For
the SPA Zone C attributes (figure 12), key features of inter-
est are the overall amplitude ranges of the maps (including

maximum amplitude specified by each colour bar) and the
shape, distribution and intensity of two water sweep patches
denoted by high amplitude values. Figure 12-1 (annotation)
shows the large high-amplitude patch at the bottom center of
the image, while figure 12-2 is the smaller elongated high am-
plitude to the middle right of the image.

The SSIMmaps (figure 12c) show almost no resemblance
to the truth map. In all of the returned cases the amplitude
response is 10 times greater than the truth case and concen-
trated around a small patch at the bottom of the image. A
subsequent investigation determined that the extreme seis-
mic responsewas due to the optimisationparameters chosen,
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Figure 13. Selection of best optimisation result mean amplitude maps for Zone A from different optimisation configurations. The test cases are titled
by the model evaluation identifier Eval:N.

which resulted in a pressure build-up in this location due to
water injection in the upper layer of the reservoir.

When comparing the MSE and Fuzzy results, the Fuzzy
results appear to match poorly figure 12-2. Figure 12-1 is less
affected, with all maps showing possible matches. Two of
the MSE matches show higher maximum amplitudes com-
pared with the truth case, whereas the Fuzzy metric main-
tains a closer paritywith the truthmaximumamplitudes.The
CWT results also seemed less likely to match the absolute
amplitude of the truth map but did a good job of match-
ing the shape of the amplitude dimming in the middle of
figure 12-1.

Of the maps displayed, evaluations 1917 from MSE and
1437 from CWT qualitatively have the best match to the
truth map.

The mean amplitude maps for Zone A (figure 13) are
characterised by their near-zero background amplitude, the
strong negative amplitude patch (figure 13-1) at the bot-
tom middle of the image and the larger positive amplitude
(figure 13-2) extending from adjacent to figure 13-1 through
the middle of the image.

Interestingly, the SSIM maps look much more sensible
for this attribute than in figure 12c, but still returns ele-
vated amplitude ranges compared with the truth map. The
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Figure 14. Best optimisation models for different optimisation configurations. Water saturation in layer 7 (Zone C3) at 26-10-2010.

MSE, Fuzzy and CWT models all have plausible maps,
with figure 13-1 usually matching well. The exact shape
and amplitude of figure 13-2 appears difficult to match
exactly.

Of the plotted maps, evaluations 1869 from Fuzzy and
1912 from CWT appear to best match the truth maps. Eval-
uation 1763MSE is also qualitatively a close match.

Qualitative interpretation of the seismic response ex-
tracted as a map can be challenging. To gauge the quality of
the best model from each optimisation scenario, we also ex-
amine the water saturation property of the reservoir simula-
tion model at the time of seismic monitor survey. Two hor-
izontal slices through the reservoir grid for the seventh and
31st layers are included in figures 14 and 15, respectively.
A vertical slice between wells F-5 and F-14 is included in
figure 16.

From an examination of the water sweep character
(blue/green) which is replacing the oil (yellow/red), it be-
comes much clearer that optimum models from the Fuzzy,
MSE and CWTmetrics more closely approximate the truth.
The fraction and physical extent of water replacing oil
matches well with small differences around key structure
junctions such as the faults on the eastern flank of the
field (figure 14-1). The SSIM case appears to underestimate
the extent of water sweep in the upper layers in the south
(figure 14-2) and overestimates it in the northern part of the

field (figure 14-3). In the lower layers, the SSIM model also
shows significant under-sweep in the west (figure 15-2).

The effect is perhaps clearer on the vertical sections. In
the complex northern part of the field (figure 16), the truth
case shows the water sweep concentrating within the mid-
dle of the reservoir (figure 16-1) leaving the upper and lower
zones unswept. This character is only matched correctly by
the CWT model (figure 16-2) which is also the most accu-
rate seismicmetric optimisation result during the production
prediction period for well F-14 (figure 10).

The thin fingering of water in the B Zone of the reservoir
(figure 16-1) is not visible on the equivalent synthetic seis-
mic sections (figure 17), whichmay explain why some of the
metrics were unable to match it during optimisation.

6. Discussion

This study has shown that ASHM optimisation results can
be improved by using more specific metrics for the seismic
component that compare attribute maps in a multi-pixel ap-
proach. The CWT and Fuzzy metrics outperformed tradi-
tional MSEmetrics in optimisation tasks and returned more
robust, interpretable results in the controlled testing.

From our experiments it became apparent that the intro-
duced metrics would consistently return robust estimates of
the misfit when compared with the MSE. The robustness
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Figure 15. Best optimisation models for different optimisation configurations. Water saturation in layer 47 (Zone A) at 26-10-2010.

Figure 16. Best optimisation models for different optimisation configurations. Water saturation section through wells F-5 and F-14 at 26-10-2010.

appears to manifest as localised global minima—that is to
say, the metrics are good at identifying close matches—and
the misfit accelerates rapidly from there, tending toward a
plateau in overall misfit (especially the CWT metric). Al-
though a more linear response would be preferable, the re-
sult can be used to inform the type of optimisation algorithm
that these metrics might be suited towards. The behaviour

was also preferable to that of the MSE, which showed strong
variations in the amplitude of themisfit and a greater number
of local minima, both factors that can complicate or disrupt
the optimisation procedure.

Although the behaviour of the MSE was not in line with
the ideals proposed in Section 2, this did not translate to sig-
nificantly poorer results in our optimisation test. This may
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Figure 17. Best optimisation models for different optimisation configurations. Sim2seis synthetic seismic section through wells F-5 and F-14.

be due to the careful selection of attribute used in the op-
timisation study and the overall level of variation observed
in attribute maps produced by our optimisation parameters.
MSE showed the greatest number of large localminima in the
CHZmodel, whichwas specifically designed to fool themet-
rics by introducing overlap of seismic responses that are un-
related. The full Volve model used for optimisation did not
include this kind of behaviour and thusMSEmay have expe-
rienced less difficulty characterising the misfit. Models that
contain optimisation parameters similar to the CHZ model
might benefit from using the introducedmetrics, which were
superior in the first phase of testing (Section 4).

If the misfit function has poor definition (i.e. the mis-
fit function produces many local minima), then SSIM may
have become trapped, preventing convergence towards an
adequate solution. For this study, the test of SSIM may not
have been entirely fair, as the starting population for each op-
timisation was random. The cost of running each optimisa-
tion run prevented further testing, but in future tests could
be improved by de-randomising the starting population for
each test and by running multiple optimisation runs for each
metric.

There were also differences in the way the metrics re-
sponded to noise. TheMSE had an almost linear response to
noise, simply increasing the size of the misfit as the two dif-
ferent types of noise were added. The effect was non-linear
for the multi-pixel metrics and the primary response was to
bias and slightly flatten the misfit response. This suggests
that noise makes it significantly more difficult for these met-
rics to find a solution, as the large gradients close to truth
(figure 6) disappear when noise is introduced (particularly
the seismic noise in figure 8). Future work could focus on a
sensitivity analysis that investigates these behaviours of the

metricsmore closely (Sarma et al. 2015; Aulia et al. 2019; Yin
et al. 2019).

A potential downside of the multi-pixel approach is that
the similarity of important subtle features can become sup-
pressed. ASHM or the metrics might be adapted further to
consider local effects acutely within the reported misfit. Pos-
sible approaches could include the localisation of metrics to
areas of importance within the maps, and or the hybridisa-
tion of misfit estimation by using multiple metrics or sets of
hyperparameters. Generally, it is difficult to generalise such
specific approaches between models.

Finally, the cost of running ASHM simulations with
sim2seis is not insignificant—taking up to two weeks on a
distributed system. Due to the cost of experimentation, only
a single realistic model (Volve) has been tested. Future stud-
ies could go further and consider the performanceof themet-
rics on additionalmodels andwith non-synthetic 4D seismic
truth cases.We also intend to testmore targeted tuning of the
metrics to suit different seismic attribute maps and models.

7. Conclusion

In this study we have usedmultiple experimental approaches
both controlled and realistic, to explore whether spatially
awaremetrics for themisfit of seismic attribute maps can im-
prove results in ASHM.

In the controlled and ASHM tests performed by this
study, two of the introduced metrics (FZY, CWT) per-
formed better than the industry default metric MSE. Con-
trolled single parameter tests demonstrated that the FZY and
CWTmetrics were less prone to local minima and that they
had a more robust responses to the parameter space, even
with introduced noise. In ASHM testing on the real-world
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Volve problem, both the Fuzzy and CWT metrics returned
models with superior prediction ability to MSE.

Furthermore, we observed that metrics tend towards the
maximummisfit as the dissimilarity increases. This is an im-
portant consideration for optimisation algorithm selection
because themisfitwill only significantly reducewhen the syn-
thetic map is close to the observed map.
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