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1 General comments

This paper proposes and evaluates a method to define clusters in a population of struc-
tural models obtained by spatial data perturbation. An original feature of the approach
is that the clustering uses only topological distances. I would like to congratulate the
authors for addressing this difficult problem, which is very relevant uncertainty man-
agement in structural studies.

The method builds mainly on previous papers by Thiele et al (2016) and on the DB-
SCAN algorithm. The evaluation is made on two populations of models obtained with
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varying degrees of data uncertainty. The results are very interesting, as the proposed
method does identify relevant population subsets, but only very few clusters manage
to be identified even when the method’s parameters are tuned. This suggests the
structure of the problem is very continuous, and tends to generate models which are
mutually very close one to another when considering the adjacencies of geological
units.

I mainly have form comments, which I hope will will help to improve the paper.

2 Acronyms and wording

Overall, the paper is well written and easy to read, but heavily uses three acronyms:
MCUE, UIM, PGM, which I have not seen in other author’s work working on similar
topics. So, I wonder if we really need these acronyms.

In particular, the term MCUE (Monte Carlo Simulation for Uncertainty Estimation) is
very general and not specific to the proposed method, so I’d recommend to change
the name to better explain that the data are perturbed / sampled to generate a set of
probabilistic geological structural models.

PGM (Probabilitic geological models) is quite clear, but I am not 100

UIM (Uncertainty Index Models) is expanded in the introduction, but not explained be-
fore page 3 (mention to the work of Wellmann and Regenauer-Lieb, 2012), so could be
difficult to understand upfront. Why not just mention a map of local uncertainty?

Another point of vocabulary is the term "geologically incompatible models" and "geo-
logically [in]consistent". To me, geologically incompatible would mean transforming a
reverse fault into a normal fault, or changing the geological history. I understand that
the proposed data perturbation may change a normal fault, but this is not what the
clustering detects. In this paper, consistency / compatibility essentially means topolog-
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ical similarity, so I’d rather use that term. Of course, topological differences may have
implication in the geological history (e.g., the juxtaposition of one formation against
another may create paths for subsurface to migrate), but this is not mandatory. Geo-
metrical variability between models of the same topology could have a similar effect,
see for example Abrahamsen et al (2015). I would recommend to stay with descriptive
terms (topologically similar / dissimilar) in the bulk of the manuscript and discuss the
geological implications in the case studies and in the discussion.

Overall, I think the paper could be improved by more thoughly citing and refering works
on structural uncertainty done by other teams. In Section 4 of Wellmann and Caumon
(2018), we tried to review the various approaches to structural uncertainty assessment,
so I hope this could be a useful entry point.

3 Motivation

The introduction in its present form presents the problem in a very general way, which is
nice... but maybe too general. I think the intro could do a better job to motivate the need
for model clustering, which is the key aspect of this paper. This goes along the lines of
clarifying (or replacing) the term "incompatibility", and possibly also of explaining a bit
more in what sense a categorization of models could help to reduce uncertainties (as
mentioned at the beginning of section 3). This would certainly call for some additional
references to inverse problem theory, which can look around a particular scenario in
model parameter space, but has more difficulties to work with problems of varying
numbers of parameters. Carter et al (2006); Suzuki et al (2008), Cherpeau et al (2012),
Scheidt et al (2018) could be useful references to discuss this.
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4 Heteroscedasticity and error correlation

In Section 1.2 and other places, heteroscedasticity in the data set is invoked to imply
dependency within the data. I agree, but this is not the only reason. Multiple exam-
ples of spatial correlation have been documented in the literature, especially when the
data are interpreted from seismic images (where location errors stem from velocity er-
rors). Although rare, this could also occur in principle with field geological data (e.g.,
poorly calibrated instrument leading to systematic measurement bias in some areas).
At the bottom of page 4, the authors seem to suggest that heteroscedasticity always
implies spatial correlation. I am not sure whether this is correct and would argue that
heteroscedasticity and spatial correlation are two different (and important) aspects of
data uncertainty.

5 What does topology exactly means?

If I understood correctly, the type of topology used in this paper is primarily “Lithological
topology” (sensu Thiele et al., 2016), ie, the nodes of the topological graph represent
faulted, folded and possibly eroded geological formations while the edges of the graph
represent the adjacency between these formations. This is clear from the title of sec-
tion 3.1, but it was not clear to me when I first read the paper, which trigerred many
interrogations. Having now understood that lithological topology is considered, I still
have two comments:

• Considering 1’s on the diagonal seems like a choice that a formation is consid-
ered adjacent to itself (although one could argue that this is not really adjacency).
Did I miss something here? Actually, I do not think the daigonal is so important in
the characterization, so would it make sense to just ignore the diagonal in further
steps?
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• The “lithological topology” considers only geological formations and not the con-
nected components of these formations (termed “cellular topology” by Thiele et
al.), whose number may change from one stochastic structural model to the next.
So, the existence of the same number of lithologies in all structural models seem
like a prerequisite to apply the proposed method. This should be more explicit.
The variability in lithologies only summarizes much of the variability that would
be observed considering the adjacencies of connected components. I suspect
that this contributes to the reason why the clustering algorithm has difficulties to
segragate realizations.

6 Cluster Entropy

I am not completely sure I understand the cluster entropy concept, because I suspect
there is a typo in the equation: I am not sure about the k in the log, and it seems to
me that (if k is indeed a mistake), the result will always be zero (sum of 0 log(0) and
1 log (1)). I suspect there should be some average connectivity involved (probably
A(k)j
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). Maybe I am just missing something,

but in any case some references would be welcome.

7 Minor remarks

• page 3: “flattened to triangulated surfaces or shrink to triple lines”: Unclear to
me.

• page 5: the mention to adjacency, overlap and separation are already made in
Thiele et al. (2016), and only adjacency is used in this paper, so maybe there is
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no need for discussing the combinatorial aspects here.

• It took me som guesswork to unsrstand Table 4. Please explain that the 1-8 codes
correspond to lithologies; having the table of lithologies would help analyzing the
results and following the discussion. The lower right matrix is the difference of
the matrices in the first raw, right? Please add "See text for detail" in the caption,
not all elements are described in the caption.

• Considering the most significant topological classes (page 8) is acceptable but
it is arguable for uncertainty quantification is high dimensional spaces, as it may
artificially reduce uncertainties. I think this should be mentioned.

• Some of the discussion on distances could possibly benefit from references to
the recent book of Scheidt et al (2018).

• The Appendix provides interesting details about spherical orientation

Please see also annotated manuscript.
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