
A new method for more efficient  
seismic image segmentation"

Adam Halpert"
!

SEP-140, pp. 211-226!
!

May 25, 2010!

adam@sep.stanford.edu!

Stanford  
Exploration  

Project 



Goals of image segmentation 
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Goals of image segmentation 
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Drawbacks of current method 
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CPU time (Single processor): 
~2.5 minutes 



Topics 
•  Introduction to a “new” method 

– Graph-based segmentation 
– Compare/Contrast to current method 

•  Modifications for seismic data 
– Graph construction 
– Graph edge weighting 

•  Examples and results 
– Synthetic and field data examples 
– Two and three dimensions 

•  Conclusions and future tasks 
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Graph-based segmentation 
•  Any image (seismic or otherwise) can be thought 

of as a graph 
–  Each pixel is a “node” or “vertex” of the graph 
–  Vertices are connected by “edges” 

•  Each edge is assigned a weight 
–  Usually, a measure of similarity or dissimilarity 

between pixels 
•  A segmentation (or graph partition) groups these 

edges into subsets of the image 
–  Edges between vertices in the same subset 

(segment) will have low weights 
–  Edges between vertices in different segments will 

have higher weights 
–  (or vice versa) 
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Previous segmentation method!
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Migrated 
Image!

Weight 
Matrix! Eigenvector! Boundary!

HUGE, Sparse 

Primary drawback: Expense of calculating eigenvectors for 
very large, sparse matrices 

Normalized Cuts Image Segmentation (NCIS)  
Shi and Malik, 2001; Seismic application from Lomask, 2007 
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A new method 
•  Felzenszwalb and Huttenlocher (2004): 

Efficient graph-based image segmentation 
•  Two major goals 

– Capture global aspects of the image 
– Be highly efficient (~linear with number of 

pixels) 
•  Like the NCIS method, this also uses 

individual pixel values to determine the 
likely location of region boundaries 
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Minimum Spanning Tree (MST) 
•  A spanning tree is a path through all nodes 

in a graph (no closed circuits) 
•  A minimum spanning tree is the spanning 

tree with the smallest sum of edge weights 
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Modified from  
Zahn (1971) 
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Fig. 4. Graphs and minimal spanning trees. (a) Weighted linear graph.

(b) Spanning tree. (c) Minimal spanning tree. (d) Illustration of
Theorem 3 showing clusters C1 and C2 and the "inconsistent" cluster-
joining edge (A, B).

tree of graph G is a spanning tree whose weight is minimum
among all spanning trees of G. Fig. 4(c) is the MST for Fig.
4(a). The computational problem of constructing an MST
has been treated by several authors [11]-[13] and is briefly
discussed in the Appendix. It is a surprisingly simple com-

putation.
A partition of the nodes of graph G is a division into two

disjoint nonempty subsets (P, Q). For the graph of Fig. 4(a),
P= (A, B, C) and Q= (D, E, F) constitute a partition. The
distance p(P, Q) across a partition is the smallest weight
among all edges which have one end node in P the other in
Q. The distance p((A, B, C), (D, E, F)) = 8 for the example

above since the other two edges which span across P and Q
are CD and CF with greater weight than edge AD. The set
ofedges C(P, Q) which span a partition will be referred to as

the cut-set of (P, Q) and a link is any edge in C(P, Q) whose
weight is equal to the distance p(P, Q). The set of all links in
C(P, Q) is called the link-set A(P, Q). For the sample parti-
tion above C(P, Q)= (AD, CD, CF) and A(P, Q)= (AD).
Looking at the graph of Fig. 4(a) it seems plausible to

expect that the minimal spanning tree would choose edge
AD as the bridge spanning from set (A, B, C) to (D, E, F)
since that edge does the-job at minimal expense. This is in
fact true as is shown in the following.

Theorem 1: Any MST contains at least one edge from
each A(P, Q).

Furthermore, it is true that the following theorem holds.
Theorem 2: All MST edges are links of some partition

of G.
The following theorem is important because it reveals

the inherent relationship betweenP the MST and cluster
structure.

Theorem 3: If S denotes the nodes of G and C is a non-

empty subset ofS with the property that p(P, Q)<p(C, S - C)
for all partitions (P, Q) of C, then the restriction of any

MST to the nodes of C forms a connected subtree of the
MST.
The significance of Theorem 3 for cluster detection is

illustrated in Fig. 4(d) which depicts the MST for a point
set consisting of two clusters C1 and C2. No partition
(P2, Q2) of C2 is such that p(P2, Q2) >22 and therefore the
hypothesis of Theorem 3 holds since p(C2, C1) = 78>22.
This assures us that the subgraph of the MST which spans
only the nodes of C2 will be a connected subtree as we see in
Fig. 4(d). The same is also true for C1.

It is quite helpful that the MST does not break up the real
clusters in S, but on the other hand neither does it force
breaks where real gaps exist in the geometry of the point set.
A spanning tree is forced by its very nature to span all the
points but at least the MST jumps across the smaller gaps
first. Theorem 2 says that any MST edge is the smallestjump
from some set to the rest of the nodes. We still have the
problem of deleting edges from an MST so that the result-
ing connected subtrees correspond to the observable
clusters. In the example of Fig. 4(d) we need an algorithm
which can detect the appropriateness of deleting the edge
AB and no others.
The following criterion is suggested for this type of two-

dimensional clustering observable by humans. A tree edge
XY, whose weight W(XY) is significantly larger than the
average of nearby edge weights on both sides of the edge
XY, should be deleted. We call such an edge inconsistent.
There are two natural ways to measure the significance re-
ferred to. One is to see how many sample standard devia-
tions separate W(XY) from the average edge weights on
each side. The other is to calculate the factor or ratio be-
tween W(XY) and the respective averages. See Section
XVII for details.
Edge AB in Fig. 4(d) has a length (weight) of 78. There

are four edges which are within two steps of A and their
average length is (21 +22+19+ 15)/4= 19.25. The sample
standard deviation for these four edge lengths is approxi-
mately 2.7 so that the length of edge AB is more than 20
standard deviations in excess of the average lengths at A.
If we assumed a normal distribution for edge lengths, then
one exceeding three or four standard deviations would oc-
cur less than one percent of the time and hence may be re-
garded as significant. A similar situation exists for the
neighborhood of node B. The definition of edge inconsis-
tency depends on several factors-the size of neighbor-
hood explored for each end node, the number of standard
deviations and the factor considered as significant, and
whether or not inconsistency is required at both ends. A
later section discusses our computational experience with
these factors including some difficulties encountered near
the fringes ofthe MST where small sample sizes can give dis-
torted results. Finally, we should mention that AB is the
only edge in Fig. 4(d) which meets our criterion at a signifi-
cance level oftwo standard deviations.

Occasionally we shall refer to a factor of inconsistency
which is the ratio between edge weight and the average of
other nearby edge weights. A factor of 2 usually means the
separation is quite apparent. The example above suggests
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Weighted graph Spanning tree 

MST 
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Pairwise region comparison 
•  Internal difference of a 

graph segment C: 

•  Minimum internal 
difference 

 
•  Difference between two 

segments C1, C2: 

10!

€ 

Int(C) = max
e∈MST (C ,E )

w(e)

€ 

Dif (C1,C2) = min
vi ∈C1 ,v j ∈C2

w((vi,v j ))
€ 

MInt(C1,C2) =min(Int(C1),Int(C2))

Evidence for a boundary between two components? 
Yes, if Dif(C1,C2) > MInt(C1,C2)  
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Edge weight 

Pixels in two different regions 

SALT 

SALT 

SALT 



The algorithm 
1.  Sort the m graph edges by increasing edge 

weight 
2.  For initial segmentation S0, each pixel/vertex 

is its own segment 
3.  For each graph edge q in the sorted list from 

Step 1, if the difference criterion is met, Sq is 
created by merging the two pixels or regions 
the edge connects 

–  Otherwise, do nothing 
4.  Sm is the segmented image 
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Adaptation for seismic data 
•  New algorithm was developed with 

“conventional” images (e.g. photographs) in 
mind 

•  Seismic images have very different 
characteristics 
– Cannot rely on properties such as color 
– Seismic segments are defined more by the 

boundaries between them, rather than the 
character of their interiors 

•  Several important modifications necessary  
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Synthetic example 
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Unaltered algorithm result 
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Field example 
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Unaltered algorithm result 
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€ 

c = Aeiφ

Modification #1 
•  The algorithm seems “confused” by the 

phase information 

•  Solution: As with NCIS, simply take the 
envelope of the data and use amplitude 
only 
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Amplitude - Synthetic 
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Amplitude - Field 
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Modification #2 – Graph construction 

•  Original implementation constructed a 
graph with eight edges per node (pixel) 
– Adjacent pixels only 

•  Acceptable for “conventional” images (e.g. 
photographs), but insufficient for seismic 
images 
– More irregular data 
– Different definition of image “regions” 
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Original stencil 

Modified stencil 
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Modification #3 – Edge weighting 
•  Original implementation: 

“Distance” between two 
pixels’ RGB values 

•  Seismic: We are 
searching for a 
boundary between two 
pixels 
– Don’t necessarily care 

about intensity values at 
the pixels themselves 
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wij = emax(I (p ij ))
2 +d ij

Intensities along the path 
between i and j 

Distance between i and j 
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Synthetic example 
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Unaltered algorithm result 
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Modified algorithm - Synthetic 
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Field example 
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Unaltered algorithm result 
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Modified algorithm - Field 
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CPU time (Single processor): 
< 1 second 
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NCIS vs. PRC 
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PRC 

NCIS 
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Field example 
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3D implementation 
•  Algorithm is easily extended to a third 

dimension 
•  Most significant modification is to the 

stencil used to construct the graph 
– Third axis and additional diagonals 
– Additional information allows for stencil 

“segments” of only three pixels rather than five 
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3D implementation 
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3D implementation 
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Planned enhancements 
•  Incorporation of additional seismic 

attributes 
– Dip variability 
– Frequency 

•  Allow interpreter input to influence the 
segmentation 
– Manual picks can affect edge weights for 

nearby pixels 
– Especially useful for 3D cases 
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Conclusions 
•  A new image segmentation method 

accurately and efficiently segments seismic 
images 
– Successful tests on synthetic, field, 2D and 3D 

data examples 
– Compares favorably to existing segmentation 

schemes 
•  Potential to become a powerful tool for 

interpretation and velocity model construction 
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