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ABSTRACT
We present a new graph-Laplacian based semi-supervised clustering method. This new ap-
proach can be viewed as an extension/improvement of previously published work, both in
terms of areas of applicability and computational speed. Our clustering method is capable
of handling very large datasets with millions of data points using very limited amounts of
labeled data. In this work, we apply our clustering method to 3D oil prospectivity, based on
amplitude-versus-angle inversion parameters and borehole information. We cluster the syn-
thetic Life of Field dataset, which has a fault-block constrained central oil reservoir, where
we also perform a cross-validation check of the predictive power of our method. Further-
more, we cluster a field dataset, which is characterized by a stratigraphic trapped channelling
system. In both cases we find appealing results.

1. Introduction
Semi-supervised learning (SSL) has been rapidly

improving in the last few years, as evidenced by the
Cifar 10 benchmark test [8], which in the last 5 years
have had at least 15 different SSL state-of-the-art meth-
ods that have taken the accuracy from 79.6 % [13] to
an impressive 97.3 % [18]. These rapid improvements,
combinedwith its broad domain of applicability, makes
SSL particularly attractive for many problems in sci-
ence. While the usage of machine learning is growing
rapidly, there are still some issues holding it back; one
thing is its notorious reputation for being a black box,
from which little insight is gained [1]. Secondly, ma-
chine learning is often associated with a heavy compu-
tational burden, which prohibits a lot of people from
using it [7].

In the following, we approach semi-supervised learn-
ing from a minimalistic point of view. We create an ob-
jective function, whichweminimize in order to develop
a semi-supervised clustering method based on a graph
Laplacian [17]. In this way, we are capable of creating a
clustering algorithm with a closed form expression that
requires very limited computational power. Our ob-
jective function can be thought of as an extension/im-
provement of the objective developed in [20]. The key
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difference between our objective function and theirs, is
that ours includes a constraint. Without this constraint,
the clustering can predict the probable order of classes
(i.e. which classes are more/less likely than others), but
not their actual probabilities. Furthermore, while the
constraint does add extra steps into the calculations, the
overall result is a boost in computational speed, due to
the fact that the constraint can replace one of the linear
systems that would normally need to be solved. This
is particularly relevant in our 2 class examples, where
the clustering time is nearly halved. Finally, the con-
straint enables us to handle problems where the known
labels contain a mix of different classes, as used in our
examples.

[5] used the unconstrained objective given in [20]
and combined it with a deep neural network in a pseudo-
labelling approach to perform image classification. Their
approach achieved state-of-the-art results, and shows
how a clustering approach can be combinedwith a deep
neural network. While their results are impressive, their
approach does have one issue, since their objective is
unconstrained, their clustering return pseudo-probabilities,
which should not be used as entropy weights. Our ob-
jective function have no such limitations, and could be
used in a similar fashion.

Instead of combining our clustering method with
a deep neural network and classifying CIFAR10, we
chose to highlight the broad applicability of ourmethod.
Thus, we show how our method can be applied to pre-
dict oil based on a seismic survey. Predicting oil is a
highly sought target in petrophysics, and is tradition-
ally regarded as being a notoriously hard problem, due
to the convoluted relationship between the parameters
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typically derived from a seismic survey and oil. Pre-
vious somewhat similar approaches include: [19] who
predict oil reservoirs using a fusing of genetic algo-
rithms, simulated annealing and neural networks. [6]
who predict oil bearing sand using seismic inversions
combined with 3D geologic modelling and petrophys-
ical relations. [12] who utilize a Markov chain Monte
Carlo method and combine it with a naive Bayesian
classifier, which enables them to bin the well produc-
tion and produce an oil prediction map.

A standard inversion of a seismic survey gives a
set of parameters discretized in a 3D volume. In the
framework of machine learning, each point in this 3D
volume can be thought of as an unlabelled data point,
with the parameters generating the features of each data
point. Boreholes intersecting the data volume can be
utilized to generate labelled data. Well-logs from bore-
holes are prohibitively expensive to get in comparison
to seismic data, so typically the amount of labelled data
will be severely limited in comparison to the amount of
unlabelled data, which is exactly the domain of semi-
supervised learning.
1.1. Our contribution

We create a simple yet effective semi-supervised
clusteringmethod, with a new improved objective func-
tion that both speeds up the computational time, and in-
creases accuracy. We furthermore apply this approach
to oil prospectivity, which is not typically a field such
approaches have been applied to.

2. Preliminaries
This section formulates the semi-supervised learn-

ing problem, and introduces how a graph Laplacian is
created and can be used as a regularizer.
2.1. Problem setup

Assume that we are given a datasetX ∈ ℝn×l, where
n is the number of data points, and l is the number of
features. Hence, each row of the matrix represents a
data point. Let Xk, be a known labelled subset of X,
with prior associated label probabilitiesUobsk ∈ ℝnk×nc ,
where nc is the number of classes in the data, and nkis the number of known labelled points. The goal in
semi-supervised learning is to find a probability matrix
U ∈ ℝn×nc , which matches Uobsk on the known subset
and gives a reasonable estimate of the probabilities on
all the remaining data points.
2.2. Graph-Laplacian

Graph Laplacians are often used in both unsuper-
vised learning [15] and semi-supervised learning [5] to

give an approximate similarity measure between vari-
ous datapoints.

For a given datasetX ∈ ℝn×l, suppose we are given
two associated vectors yi, yj residing in a latent feature
space Y ∈ ℝn×d , and we have a distance measure Ψ ∶
ℝd → ℝ. We can then define an adjacency matrix A
as:

Aij =
⎧

⎪

⎨

⎪

⎩

1, if Ψ(yi, yj) is among the m
smallest distances ∀j, given i.

0, otherwise.
(1)

Where m is the number of nearest neighbours. Thus
the adjacency matrix contains the connection informa-
tion between each point and its m nearest neighbours.
Note that in general the adjacency matrix is directional,
and hence not symmetric, which is not desirable in our
case. For this reason, we create and use the symmetri-
cal adjacency matrix, Asym, defined as:

Asym = sign(A + A⊤). (2)
Based on the adjacency matrix, we define a weight ma-
trix Ŵ as:

Ŵij(yi, yj) = Asym exp
(

−
Ψ(yi, yj)

�

)

, (3)
where � is the median distance of all connections de-
fined in the adjacency matrix. It should be noted that
the weight matrix can be defined in many other ways,
as shown in [5, 17].

Using Ŵ, we can define the symmetrical normal-
ized graph Laplacian [16]:

L = I − D−
1
2 ŴD−

1
2 , (4)

where D is a diagonal matrix with the sum of the rows
of Ŵ on its diagonal, and I is the identity matrix.

The graph Laplacian can be used as a regularizer,
on a parameter f ∈ ℝn by using the fact that [17]:

f⊤Lf = 1
2

n
∑

i,j
Ŵij

(

fi
√

di
−

fj
√

dj

)2

, (5)

where di is the i’th diagonal element of D. Thus a reg-
ularization penalty is incurred if fi and fj are different
and Ŵij is not negligible. In other words, the regu-
larization penalizes points that are close in our chosen
metric and have different values in f .

3. Method
3.1. Creating an objective function

Our objective function is given as:
�(Y) = �

2n
Tr

[

Y⊤LY
]

+ 1
2
||Y − Yobs||2W
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st. Ye = 0, (6)
with � being a scalar hyper-parameter, determining the
relative strength between the two terms. L is the symmetric-
normalized graph Laplacian [17], e is a vector of ones,
and Y is a pseudo-probability matrix, connected with
the normal probabilityU through a softmax normaliza-
tion:

U = exp(Y)⊘
(

exp(Y)ee⊤
)

. (7)
The idea is that a minimization of (6) will lead to

reasonable label pseudo-probabilities, since the second
term penalizes known data points that do not match
their label pseudo-probabilities, while the first term con-
nects all points with their most similar points and en-
courage them to have similar label probabilities, as shown
in (5). The constraint ensures that each probability cor-
responds to exactly one pseudo-probability, hence there
exist a bijectivemapping between the two spaces, which
specifically enables us to find Yobs based on Uobs as:

Yobs = log(Uobs) −
log(Uobs)e

e⊤e
⊗ e⊤. (8)

Had we not included the constraint, then the transfor-
mation of Uobs into Yobs would only be defined up to
a constant, which should be chosen in a consistent way
with the solution returned when solving the objective
function. But without the constraint the solution is free
to return any constant. Thus without the constraint, we
would have a system where the input depends on infor-
mation from the output, and since we do not have that
our solution would be inconsistent.
3.2. Solving the objective function

We seek to find the Y that minimize the objective
function given in (6). In order to ensure that the con-
straint is fulfilled we can explicitly build the constraint
into our solution variable. Let V be the inherently un-
constrained solution to (6). From this we create the in-
herently constrained solution, Y:

Y = VC, (9)
where C is known as a centering matrix, and is given
as:

C = I − ee⊤
e⊤e

. (10)
From C’s construction it follows that:

Ce = 0,C2 = C. (11)
By applying (11) to (9) we get:

Ye = 0,YC = Y. (12)

Weminimize the objective function given in (6) by find-
ing its derivative:

)�(Y)
)V

=
(�
n
LY +W(Y − Yobs)

) )Y
)V

= (�
n
L +W)Y −WYobsC

= 0

⇒ Y =
(�
n
L +W

)−1
WYobsC,

whereW is the diagonal normalizedweightmatrix, which
fulfils the normalization, Tr(W) = 1, and has zeros
on the diagonal for all unknown points. Note that this
weight matrix has no connection to the one defined in
(3), which is the weight matrix used to create the graph-
Laplacian. This system is positive semidefinite, but un-
fortunately often ill-conditioned and thus needs to be
stabilized. Stabilization is achieved by adding a small
identity to the system, enough to stabilize the system,
but not enough to disturb the solution. With the added
identity our final solution looks like:

Y =
(�
n
L +W + �I

)−1
WYobsC, (13)

where � is a system dependent scalar, depending on the
size and conditioning of the system. For the seismic
problems we have explored thus far, a � somewhere be-
tween 10−4 − 10−8 lead to stable solutions. We solve
this system using preconditioned conjugate gradient,
where we use a LU splitting as preconditioner [14].
Note that the system is decoupled over the classes, so
each class can be solved independently. Furthermore,
since the solution by construction fulfils the constraint
Ye = 0, we only have to solve (13) for nc − 1 classes.So, the solution strategy is to solve (13) for nc −
1 classes, use the constraint Ye = 0 to get the last
class pseudo-probability, and then convert the pseudo-
probabilities to probabilities using the softmax normal-
ization given in (7).
3.3. Simple example

Before we move on to more complicated examples,
we start with a simple example that intuitively high-
lights how themethodworks. Consider Figure 1, which
shows a noisy clustering problemwith 3000 data points
and 3 classes. Each data point is characterized by 2 fea-
tures, hence X ∈ ℝ3000×2, while our 3 observed data-
points are given as:

Uobsk =
⎡

⎢

⎢

⎣

1 0 0
0 1 0
0 0 1

⎤

⎥

⎥

⎦

. (14)
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Uobsk is extended into Uobs ∈ ℝ3000×3, by inserting the
labelled datapoints on their associated rows in the full
dataset, and setting all other rows to 0 (actually all the
other rows can be set to anything, since they will be
insignificant due to the diagonal weight matrix, which
only gives a non-zeroweight to the labelled datapoints).
With Uobs created, we can create the observed pseudo-
probabilities Yobs through (8).

Figure 1: Data visualization of a 2D dataset with 3000
points and 3 clusters. Each data point is represented
by a black dot. The 3 labelled data points are shown as
crosses, 1 from each class, differentiated by their different
colors.

Wecreate the adjacencymatrixwith 9 nearest neigh-
bours, and create the symmetric normalized graph Lapla-
cian as described in (4), both can be seen visualized in
Figure 2.

With the graph Laplacian and observed pseudo-probabilities
created, we only need to set the hyper parameters. In
this case, we set � = 100 and � = 10−3 and cluster
the dataset with (13). The results of the clustering can
be seen in Figure 3. Note how the points close to a la-
belled point are similar in color, while points far away,
yet in the same cluster are more mixed in their color,
which means that those points are significantly more
uncertain, which intuitively makes sense, given how
we expect the graph Laplacian to spread information
to neighbouring points.

(a) Adjacency matrix visualized

(b) Laplacian visualized

Figure 2: Adjacency and graph Laplacian visualized. (a)
Shows all the connections in the adjacency matrix. (b)
shows the connections in the graph Laplacian with the
opacity determined by the strength of the connection.

Figure 3: Shows the probability for each point to belong
to each of the 3 clusters. Each class is designated by a
principal color (red/green/blue) and the color of a point
indicates its probability to belong in each of the 3 classes.
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4. Experiments
We have used our clustering method to predict oil

content in a 3D volume based on seismic data. In the
following, we show a synthetic and a field example.
Both examples follow very similar data preparation steps,
as outlined below, with any deviation noted in the indi-
vidual examples.
4.1. Data preparation

In both examples we are given a data volume, where
each data point in this data volume consist of five in-
verted parameters, provided from an amplitude versus
angle inversion: density, porosity, lithology, VpVs, and
acoustic impedance.

We standardize each parameter by setting the mean
to zero and the variance to one. As features, we utilize
the value and x/y/z-neighbours mean and difference of
each of the 5 parameters given to us. This means that
each parameter is represented by 7 features that gives
information about its value as well as gradient. Finally,
for added data-locality we chose to include the stan-
dardized x,y,z coordinates as features, with a variance
of 7/3. Hence the coordinates have a combined weight
similar to each of the 5 other parameters in the feature
space. In total this leads to each data point having 38
features. The graph Laplacian is based on the approx-
imate nearest neighbors approach known as Hierarchi-
cal Navigable Small World graphs [9], with an l2 met-
ric and 40 neighbours.

We assign each data point two classes, oil and no-
oil, and assume that the oil probability is linearly cor-
related with oil volume. As labelled data, we utilize
the data points closest to each borehole in each layer,
and assign oil probability based on the well-log infor-
mation. So the total oil production of a borehole will
be distributed to all intersecting labelled data points,
based on their fractional oil-sand content. For the in-
jection boreholes, we only label points containing 0 %
oil-sand, which gets labelled as 0 oil probability points.
On top of the labelled data points associated with bore-
holes, we also apply boundary constraints. We set the
oil content in the boundary points on all six sides to zero
with a weight of 10−3 (all other labelled points have a
weight of 1).
4.2. Clustering methodology

For the clustering, we set � = 100, � = 10−7,
which gives a reasonable balance betweenmatching the
labelled datapoints and fulfilling the regularization con-
straints.

From the clustering we get a relative oil prediction
in each data point. These oil predictions give a map of
relatively high and low oil areas, but should generally

not be used to give absolute oil volume predictions di-
rectly. In order to estimate the accuracy of our cluster-
ing, we assume that each borehole can be approximated
as a single vertical drilling, with its horizontal location
given as the mean horizontal location of all points of
the borehole intersecting the data volume. Secondly,
we assume that the oil production in a borehole can be
found as:

O = 1
2
min(p) + 1

2nx
p⊤w, (15)

where p is a vector containing the vertically summed oil
predictions of all points within 100 m of the borehole,
nx is the number of points in p and w is the weight of
each point, which is given as: w = 1

1+d , where d is the
point distance from the well.
4.3. Synthetic example - SEAM Life of Field

(a) Top-down oil view

(b) Vp Side-view

Figure 4: Overview of the full SEAM Life of Field dataset,
taken and modified from [11]. Figure 4a shows a top
down view of the fault lines, as well as the 17 boreholes
that goes through the reservoir. The superimposed color
scale shows vertically summed oil volume, with purple
being high production and dark blue being low. The gray
rectangle indicates our modelling area. Figure 4b shows
a side view of the full data volume. The full SEAM Life
of Field data volume is 12.5 km x 12.5 km x 5 km (x,y,z).

We apply our clustering approach to the synthetic
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SEAM Life of Field dataset [11, 10], which is a highly
realistic simulation of conditions found in a typical oil
reservoir in the Gulf of Mexico. SEAM life of Field
contains: a gas cap, an oil leg, a brine section below,
and four fault blocks - as shown in Figure 4. Our subset
of the data covers the central region of the oil zone, and
is shown in Figure 5. Our inverted parameter dataset
consist of 181 x 221 x 157 data points (x,y,z). Further-
more, we have 17 boreholes going through our dataset -
11 production wells, and 6 injection wells, each with a
well-log. Since some of the wells are very close to the
edge of the data volume, we relax the boundary con-
ditions to a weight of 10−4. Furthermore, since the oil
reservoir is close to top/bottom of our data volume we
only include boundary conditions on the four sides, but
not top and bottom.

In total this leads us to have 6,280,157 data points,
2068 labelled data points from boreholes, and 126,228
weakly labelled boundary points.

(a) Side-view

(b) Top-down’ish view

Figure 5: 3D overview of our data from SEAM life of
Field, from 2 different angles. The two blue planes are
the top and bottom layer of our data, while the black
lines are production wells and the red lines are injection
wells.

4.3.1. Results & discussion
Figure 6 shows a 2D slice of the clustering predic-

tion in individual data points as well as the values of
the five parameters used to create the clustering. We
note that the clustering looks sensible, and not trivially
derived from any of the five parameters.

From the clustering we get an oil prediction in each
data point, which shows a clear central oil deposit, bounded

Figure 6: Showing a 2D slice of the data. The location
where the wells pass through the layer is marked with
circles for production wells and diamonds for injection
wells. Note that several injection wells are not shown
here, this is because their well logs do not show shale in
this layer, and hence they are not used as labelled data
in this layer.

by the fault lines. The exact nature of this oil prediction
is rather abstract, since it is based on oil production in
the boreholes it would be natural to think of it as an oil
production map. However, that assumption can lead to
some dangerously wrong conclusion. Instead the clus-
tering result should be considered as an relative map
of oil content/volume in the subsurface that lead to the
oil production we have currently seen in the boreholes.
Figure 7 shows the vertically summed oil predictions,
scaled to match the boreholes. Comparing the oil reser-
voir in Figure 7 with the oil given in Figure 4, we see
that our oil prediction looks sensible, especially at the
fault line contrast, which have proven difficult in other
approaches [12]. The individual well production and
prediction can be seen in Table 1, from which we can
see that the average prediction error is 22.4%.
4.3.2. Cross-validation

In order to test the stability and predictive capabil-
ities of our approach we perform a cross validation,
where we remove 4 of the 11 production wells, and
see how well our approach predicts the oil. This ap-
proach leads to 330 different scenarios, which we all
cluster. The average error across all wells was found
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Figure 7: Vertically summed oil prediction for SEAM.
The mean horizontal location of each well is marked with
circles for production wells and diamonds for injection
wells. The wells are further identified by a name which
is derived from the fault block the well is in, as well as a
unique number.

Table 1
Well predictions. The well ID follows the naming con-
vention used in Figure 7, where a well is identified by the
fault block it lies in and a number. The produced oil is
normalized to the largest production well. The C-errors
refer to the cross-validation error for each well. Both
errors are given in percent.

ID Produced Predicted Error C-Error
B2P1 0.40 0.37 8.78 22.80
B2P2 0.40 0.43 7.45 26.34
B2P3 0.40 0.33 18.75 26.18
B2P4 0.39 0.47 19.50 35.93
B2P5 0.36 0.46 30.14 51.06
B3P1 0.75 0.68 8.87 13.65
B3P2 0.42 0.49 18.45 29.24
B3P3 1.00 0.72 28.35 32.61
B3P4 0.75 0.68 9.50 12.72
B4P1 0.20 0.34 70.99 109.52
B4P2 0.40 0.50 25.51 37.68
Mean - - 22.39 36.15

to be 36.15%, as seen in Figure 1, from which the av-
erage error for each well can also be seen. Figure 8
shows the average oil prediction across all 330 cross-
validation scenarios. Comparing Figure 7 and Figure
8 we see differences in the amounts predicted, but the
overall trends are similar, which suggest that our clus-
tering approach is rather stable and can be used to pre-
dict future drillings.
4.4. Field example - west African reservoir

Our second example is an offshore West African
Field (WAF) [4]. Compared to the synthetic example,

Figure 8: Average vertically summed oil prediction for
330 different cross-validation clusters on SEAM. The
mean horizontal location of each well is marked with cir-
cles for production wells and diamonds for injection wells.
The well ID’s can be found in Figure 7.

which was characterized by the sharp fault line bound-
aries, WAF is less structurally controlled, and instead
dominated by stratigraphic trapping in channelling sys-
tems. WAF’s data consist of 476 x 94 x 181 data points
(x,y,z), with 6 boreholes intersecting the dataset - 3 pro-
duction wells, and 3 injection wells, each with a well-
log.

In total this leads us to have 8,098,664 data points,
523 labelled data points from boreholes, and 289,844
weakly labelled boundary points.

Figure 9: Vertically summed oil prediction for WAF. The
mean horizontal location of each well is marked with cir-
cles for production wells and diamonds for injection wells.

4.4.1. Results & discussion
From the clustering we find the vertically summed

oil volume shown in Figure 9, from which we can get
7



Table 2
Well predictions. The well ID follows the naming con-
vention used in Figure 9. The produced oil is normalized
to the largest production well.

ID Produced Predicted Error (%)
P1 0.35 0.40 13.79
P2 0.43 0.60 41.32
P3 1.00 0.79 23.02
Mean - - 26.71

an overview of the oil reservoir. Compared to the syn-
thetic example we see much more heterogeneity in this
oil field, which fits the expected stratigraphic trapping
and channelling systems. In order to see these hetero-
geneities, we show slices of the clustering data in Fig-
ure 10, from which we can see the heterogeneous pock-
ets of oil and their channelling systems.

Figure 10: 3 Slices of the cluster results on WAF.

Based on the vertically summed up oil predictions,
we can estimate the accuracy of our prediction in the
wells, as previously described. We find an average er-
ror of 26.71%, as shown in Table 2, which is quite high,
but not unexpected given the heterogeneity of the field
data and the limited amount of labelled data available
to guide our clustering.

5. Performance
The approach presented here offers a simplemethod

for predicting oil that can be done on even modest com-
puters. Calculating the adjacency matrix is the heavi-
est computational task, but finding approximate near-
est neighbours is a field in itself, where highly efficient
plug-and-play solutions luckily exist. The adjacency

calculation takes us a few hours to days, for 6 mil-
lion samples with 40 neighbours, depending on the ac-
curacy of these neighbours. A large saving grace for
this method is that the adjacency matrix typically only
needs to be found once. When the adjacency matrix
is computed, you can run as many different clusters as
youwant on it, where you can adjust the labelled data or
the boundary conditions. Each clustering can be done
in roughly 10 minutes on a single core on an Intel Xeon
Processor E5-2670.

6. Discussion & future work
The semi-supervised clustering approach we have

presented here, is conceptually simple, but it still con-
tains a lot of choices that are worth discussing. For the
adjacencymatrix there are several ways to define which
elements to include [17], we tested both k-nearest neigh-
bours and mutual k-nearest neighbours, and both op-
tion gave almost identical clusters. Hence we chose the
k-nearest neighbours, since that option has much less
likelihood of making the graph-Laplacian disjointed.
Similarly we tested various numbers of nearest neigh-
bours. Here we saw variations if the number of neigh-
bours became too low, but for 40 and above, we saw
no change in the clustering only in the computational
time. The next choice comes when creating the graph-
Laplacian weight matrix, in this case we chose an l2metric, but another popular choice is angular distances
as used in [5]. For oil predictions we wanted to include
data locality, which makes the angular distance metric
a less sensible choice.

We recognize that the work presented here would
benefit greatly from a comparison to other similar oil
predicting approaches, but unfortunatelywe are not aware
of any published approaches with which we can do a di-
rect comparison, especially not on any of the datasets
which we have access to. The closest we can get to such
a comparison is to the work shown in [12], however
their results are preliminary and does not show enough
detail to make a fair comparison.

Looking at the clustering results it is interesting how
sharp, yet structurally consistent, the clustering appears
to be. Especially the small oil-reservoirs and oil-bearing
channels in the field example are interesting to see. If
our clustering is accurate, then it suggest several new
possible drilling locations. For instance, it would be
sensible to place an injection well at the same x coordi-
nate as P2 but around y = 3 km, as this would probably
push the large oil reservoir between those two locations
into the production well. However, while the cluster-
ing we found looks sensible, the error is still relatively
high, and as such should not be trusted more than the
accuracy permits, so drilling based solely on this would
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likely be inadvisable. Regarding the error, some of the
error stems from the data itself and as such is likely
to remain despite improving the clustering. However
some of the error is due to the overly simple model
for borehole production given in (15), and could prob-
ably be improved significantly, especially in the field
example where we have high heterogeneity. A more re-
fined borehole production model should be linked with
the total amount of oil in the oil chambers intersecting
the borehole, and perhaps even account for directional
pressure gradients made by injection wells.

One other thing we have tried, but haven’t included
here is to take the unstructured mesh that the seismic
data resides on, and interpolate it onto an octree mesh
[2, 3]. While this was possible, it was not very practical
for these particular problems, since they originate on a
highly irregular mesh that either requires extensive ex-
trapolation or looses significant amounts of data when
using the inscribed data cube. For other problems that
exists on amore regularmesh the octree approach could
be beneficial.

In this work we still rely on standard inversions to
produce our input parameters. It would be interesting
to see how the clustering would work if used with the
raw seismic data as features rather than the inverted pa-
rameters.

7. Conclusions
We have developed a simple semi-supervised clus-

tering approach that can be used in a wide range of ap-
plications. We applied our clustering to seismic datasets
with the goal of finding oil, which is phenomenologi-
cally a hard task. We managed to find reasonable re-
sults with simple assumptions and limited computational
resources. For future work, we have illustrated various
ways to increase the accuracy, or expand the domain of
applicability.
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