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Abstract
With the development of Geophysics, a variety of geophysical methods are used to study the 
underground structure, so there are more and more inversion results with different physical 
properties. How to get the interpretation result from a variety of geophysical inversion results 
is a problem. The fuzzy C-means clustering (FCM) technique has been used in the geophysical 
interpretation process. To obtain better interpretations of inversion results, we added the a pri-
ori constraint information in the FCM method by using a guided FCM to cluster the multi-geo-
physical inversed results. Through model tests, it was proven that the guided FCM clustering 
technique performed better at characterizing the distributions of the layered medium than 
that without the guided FCM. In terms of field data applications, the guided FCM clustering 
can present more reasonable results for complex geophysical inversed data, and the findings 
demonstrate the practicability of using this method for interpretations of multi-property geo-
physical inversion results.
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Network (NN) techniques are widely used. SVM and 
NN have some precedent in oil and gas reservoir fore-
casts [7-11], but both of them are supervised learning 
classification methods that need a sufficient number of 
samples. Conversely, the FCM clustering algorithm is an 
unsupervised learning classification method that does 
not require enormous sample sizes [12-15].

The FCM algorithm has been widely used in the 
processing and analysis of remote-sensing images and 
medical images [16-18], and this approach also has 
been applied to geoscience problems including soil clas-
sification [19,20] and the determination of hydrochem-
ical facies distributions in groundwater [21]. In terms of 

Introduction
With the development of geophysical methods, we 

can get a lot of different geophysical inversion results. 
But how to used these inversion results and how to 
combine these different geophysical inversion results? 
Interpretations are the ultimate goal of geophysical in-
version results, and the traditional method to explain 
geophysical inversion results is based on the certain 
experiences of geologists. In recent years, many geo-
physicists have begun to apply classification algorithms 
during geophysical data processing and inversion stud-
ies [1-6], among which the fuzzy C-means clustering 
(FCM), Support Vector Machine (SVM), and Neural 
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geophysical research, Paasche, et al. [22] used the FCM 
clustering technique to integrate information from sep-
arate inversions of cross-well, geo-radar, and seismic 
data in their investigation of an alluvial aquifer. Orfanos 
and Apostolopoulos [23] took a double-block model of 
the density and resistivity of two-dimensional inversion 
results as a data set, and then, data were clustered with 
the FCM algorithm, the fuzzy classification entropy un-
der different cluster numbers was calculated, and the 
minimum of the classification entropy was verified as 
the correctness of judging the optimal cluster number 
in the model. Ward, et al. [24] classified the three-di-
mensional resistivity inversion results of small-scale 
ore-bearing areas into clusters by using FCM, and each 
data object was extracted in correspondence with the 
maximum value of membership of each category, and 
by subtracting the maximum value from 1, so the dif-
ference could describe the uncertainty of a data object; 
the region where the difference tends to be 0 indicates 
that the region belongs to the obvious stratum, and 
larger differences are indicative of stratigraphic inter-
faces. This notable research provides a way of thinking 
about the geologic explanation based on the member-
ship degree. However, there is a large amount of a pri-
ori information in actual problems, and to combine the 
a priori information in actual problems for better clus-
tering results, Pezdrcy [25] proposed a partial supervi-
sion fuzzy clustering algorithm. To engage in a deeper 
consideration of this problem, Bensaid [26] proposed a 
new semi-supervised fuzzy clustering algorithm. Noor-
dam [27] incorporated a priori geometrical information 
into FCM clustering from the spatial domain to improve 
image segmentation. Sun and Li [28,29] referenced the 
mechanism of model constraint in geophysical inver-
sions and took the model properties for block and back-
ground values as the a priori constraint cluster center; 
then, with this approach, one adds the misfit constraint 
functional of this center and clustering center to the 
objective function of FCM clustering, and subsequently, 
the modified objective function is added to the overall 
objective function of joint inversion so that the physical 
property values in the inversion results approach the 
real physical values of block and background.

There are a few applications of FCM clustering in re-
lation to geophysical and geology integrated interpreta-
tions, especially for multi-physical properties. With the 
development of joint inversion techniques for multiple 
geophysical data, the uncertainties for the inversed 
solutions can be reduced, and the data used in the inter-
pretation work area will become increasingly accurate 
[30-41]. Hence, it is meaningful to study a quantitative 
interpretation technique based on FCM. In this study, 
we apply the guided FCM clustering method to the in-
version results of different physical properties, which 

can get an integrated interpretation underground mod-
el.

Methodology
FCM clustering is an unsupervised classification tech-

nique that can automatically group a set of objects into 
several subsets. In FCM clustering, the cluster center 
only depends on the distance relationship between data 
objects and the number of the initial categories. So, the 
obtained cluster centers are difficult to match with the 
true physical properties, but this problem can be solved 
by adding a priori information into FCM clustering. Sun 
and Li [28] developed a method that can incorporate 
statistical petrophysical data into a geophysical inver-
sion and with it, extract the guided FCM clustering ob-
jective function from the inversion objective function 
and apply the guided FCM clustering into the inversed 
results. The objective function can be written as follows:

( ) ( ) ( ) ( )
22

 = 1  = 1  = 1  = 1  = 1
,  = 1M C M C Cm

FCM ik k ik i k i ik k ki k i k k
u p u x p u p tΦ γ η− + − + −∑ ∑ ∑ ∑ ∑

      
(1)

Where M is the number of data to be clustered, C 
is the number of clusters to be discovered, xi is the ith 
data object, pk is the center of the kth cluster, tk is a given 
kth constraint center, η is a weighting parameter, γi rep-
resents Lagrange parameters [28], μik is a membership 
value that measures the degree of the ith data object 
belonging to the kth cluster, and m is known as the fuzzi-
fication parameter [42].

The term ( ) = 1  = 1
1M C

i iki k
uγ −∑ ∑  will always be zero 

during the minimization process, so drop that term for 
simplicity and the final objective function becomes

( ) ( ) ( )
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The right term called a “guided” term,
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From Eq. (4), the center is affected by η and tk. When 
η→0, the constraint center will not play a role and the 
algorithm regresses to fuzzy C-means clustering. When 
η→∞, the a priori constraint cluster center has become 
the main factor affecting the cluster center value and 
the cluster number should be known at first. A suitable 
η allows for the adjustment of the values for the two 
terms on the right of Eq. (2) to the same order of mag-
nitude. We choose the way of selecting a fixed η is the 
L-curve method [43,44].

The above formula is for one physical property, if 
there are more than one physical property, the eq. (2) 
can be rewritten as followed:
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zation background is 0.0 A/m as shown in Figure 1b. We 
hope that we can get an underground interpretation 
model through the guided fuzzy c-means clustering.

In order to make a comparison, we first conducted a 
single physical property guided clustering experiment. 
Taking the velocity model as an example, because of the 
background velocity of the velocity model is a gradient 
change, we assume that the background velocity is first 
divided into four clustering centers, in which the values 
are 2.3, 3.0, 3.8, 4.5, and the clustering center of the 
block is 3 and 4. And the guide FCM results of velocity 
model as show in Figure 2. We can see that the block 
and the background are obviously fused together. Thus, 
the advantage of using the single method in guiding 
clustering was not strong.

Therefore, we considered introducing multi-physi-
cal guided clustering. Next, the models for velocity and 
magnetization were integrated into a data set, which 
was clustered into six classes by the FCM algorithm 
(Figure 3a) and the guided FCM algorithm (Figure 3b). 
It can be seen that the background and block are clearly 
distinguished in Figure 3b. However, if only the FCM al-
gorithm is used, the result is shown in Figure 3a. Even if 
the magnetization attribute is added, the block cannot 
be distinguished well.

At the same time, we counted the priori constraint 
cluster centers of velocity, the cluster centers of velocity 
for the two clustering algorithms with a single property, 
and the cluster centers of velocity for the two clustering 
algorithms with two properties are shown in Table 1. 
The centers of the guided FCM with two properties and 
the constraint centers paired better.

Then we drew the cross-plots of values for the two 
properties pairings in pairs (Figure 4). As shown in Figure 
4, we found that the cluster of each layer in the physi-
cal property values statistics of guided FCM clustering 
was closer to the true physical property values than that 
of FCM clustering, which shows that the results were 
more consistent with the physical distribution in the 
true model; thus, the guided FCM clustering could be 
used successfully to divide the two blocks. This proved 

( ) ( ) ( )
22

 = 1  = 1  = 1
,  = M C Cm

mFCM k k ik i k k ki k k
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1, xi

2, xi
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3…)T, tk = (tk
1,t-

k
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3…)T, xi
1 means physical property 1 such as velocity, 

xi
2 means physical propery 2 such as magnetization and 

so on.

A quantitative description of the clustering accuracy 
can be provided by the root mean square (RMS) error of 
the Interpretation result:

( )2

 = 1 = 
mN real cal

i ii
RMS

m

m m
Model

N
−∑

         (6)

Where mi
real is the true clustering model, mi

cal is the 
clustering model by the fuzzy C-means clustering, and 
Nm is the number of grids.

Model Testing
Simple model

In order to prove the validity of this method, we de-
signed a 2D underground model. The model scale is 10 
km × 1.4 km (10 km in the horizontal direction and 1.4 
km in the vertical direction) and there are two-block in 
it. The number of grids is 100 × 14, and the horizontal 
and vertical grid spacing are both 100 m. The velocity of 
the left block is 3.0 km/s, the velocity of the right block 
is 4.0 km/s, and the velocity of the background region 
increases linearly from the top (2.0 km/s) of the mod-
el to the bottom (4.8 km/s) as shown in Figure 1a. The 
magnetization of the left block is -1.0 A/m, the magne-
tization of the right block is 1.0 A/m, and the magneti-

Figure 1: The models. a) Velocity model; b) Magnetization model.

Figure 2: Results for the guided FCM of velocity.
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FCM algorithm in dealing with the multi-layered model 
interpretations.

The inversion results were derived from the work 
of Bo, et al.’s previous study [41]. The result area is 30 
km × 6 km (30 km in the horizontal direction and 6 km 
in the vertical direction). The number of grids is 150 × 
30, and the horizontal and vertical grid spacing are both 
equal to 0.2 km. There is a triangle anomalous body in 

that the guided FCM clustering has a higher accuracy 
than FCM clustering in the interpretations of inversion 
results.

Complicated model

In this section, the joint inversion results of the com-
plicated model are considered as an example to illus-
trate the difference of the FCM algorithm and guided 

Figure 3: Results for different clustering methods with velocity and magnetization. a) FCM; b) Guided FCM.

Figure 4: Cross-plot of values for two different physical properties (the following symbols are used to express the 
following features: Cross, center of the guided FCM clustering; diamond, center of the FCM clustering; square, 
constraint center; blue point, class 1; green point, class 2; yellow point, class 3; red point, class 4; orange point, 
class 5; violet point, class 6. a) FCM clustering with velocity and magnetization; b) Guided clustering with velocity 
and magnetization.

Table 1: The different constraint cluster centers of the simple model test.

 Constraint 
center

Guided FCM with a single 
property

FCM with two 
properties

Guided FCM with two 
properties

Class 1 2.3 2.189 2.153 2.256
Class 2 3.0 2.756 2.675 3.006
Class 3 3.8 3.068 3.158 3.780
Class 4 4.5 3.649 3.662 4.536
Class 5 3.0 4.069 4.153 3.000
Class 6 4.0 4.614 4.654 3.999
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guided cluster centers are presented in Table 3.

We found that class 8 appeared at the bottom of the 
model. And, there were some wrong classes under the 
triangle body and the layer interfaces were not very flat.

Then, the inversion results for density, velocity, and 
magnetization were integrated into a data set, which 
was clustered into eight classes by the FCM algorithm 
and guided FCM algorithm. The results are shown in Fig-
ure 8.

By comparing Figure 8a and Figure 8b, it is obvious 
that the effect of guided FCM clustering is better than 
that of FCM clustering, and the thickness and depth of 
each layer corresponded to the true model, especially 
the 7th layer, as it was clustered into the anomaly body 
in FCM clustering and the anomaly body was clustered 
into the 6th layer. However, in the guided FCM cluster-
ing, the 7th layer was classified more accurately, and 
there was only a slight deviation in the shape between 
the high-velocity anomaly body and the true model, 
where the overall shape was similar to the true model.

the model, with higher density, higher magnetization, 
and higher velocity (Figure 5), and the physical property 
values are listed in Table 2. And the true cluster of mod-
el showed in Figure 5. The results of joint inversion are 
shown in Figure 6a, Figure 6b and Figure 6c, which were 
based on the work of Bo, et al. [41].

Our work is to reconstruct the underground mod-
el according to the joint inversion results of the three 
physical properties (Figure 6) and the Table 2.

According to Table 2, the value of the priori constraint 
cluster center coincides with the model property, so we 
divided the data into eight classes for this test. First, we 
do the single physical propriety with the guided FCM. 
The results for the two clustering algorithms along with 
the density inversion results are shown in Figure 7. And, 
the priori constraint cluster centers, cluster centers, and 

Figure 5: The true cluster model.

Figure 6: The joint inversion results. a) Joint inversion 
results for density; b) Joint inversion results for 
magnetization; c) Joint inversion results for velocity.

Table 2: The physical property values of the complicated 
model.

Density (g/
cm3)

Velocity 
(km/s)

Magnetization 
(A/m)

Layer 1 2.10 2.00 0.00
Layer 2 2.20 2.50 0.00
Layer 3 2.30 3.00 0.00
Layer 4 2.40 3.50 0.00
Layer 5 2.50 4.00 0.00
Layer 6 2.60 4.50 0.00
Layer 7 2.65 5.00 0.00
Triangle 
body 2.70 5.50 1.00

Table 3: A priori constraint cluster centers of the model 
and cluster centers for two algorithms.

 Constraint 
center

FCM Guided 
FCM 

Layer 1 (class 1) 2.10 2.102 2.102
Layer 2 (class 2) 2.20 2.198 2.214
Layer 3 (class 3) 2.30 2.275 2.305
Layer 4 (class 4) 2.40 2.352 2.396
Layer 5 (class 5) 2.50 2.427 2.488
Layer 6 (class 6) 2.60 2.502 2.564
Layer 7 (class 7) 2.65 2.571 2.618
Triangle body 
(class 8)

2.70 2.632 2.661
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Figure 7: Results for different clustering methods with density. a) FCM; b) Guided FCM.

Figure 8: Results for different clustering methods with three physical properties. a) FCM; b) Guided FCM.

Figure 9: Cross-plot of values for two different physical properties of three properties (the following symbols are 
used to express the following features: Fork, center of FCM; diamond, center of the guided FCM; violet point, 
class 1; blue point, class 2; ocean-green point, class 3; green point, class 4; yellow point, class 5; orange point, 
class 6; brown point, class 7; red point, class 8). Here, (a) and (d) are the density and magnetization; (b) and (e) 
are the density and velocity; and (c) and (f) are the velocity and magnetization. a-c) Results for the FCM; d-f) 
Results for the guided FCM.
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with three properties was the smallest, which indicates 
that this result was closest to the model.

Field Example
In this study, a section (DSRP2002) of the Baiyun Sag 

in the Pearl River Mouth Basin of the South China Sea 
was selected as the research object, and the location is 
shown in Figure 10. This line passes through the Baiyun 

Next, we drew the cross-plots of values for three 
properties pairings in pairs (Figure 9). We can see that 
the physical properties statistics of both algorithms 
showed a strong normality, but the peak of each layer 
in the physical property values statistics for the guided 
FCM clustering was closer to the true physical property 
values than that for the FCM clustering, which demon-
strates that it is more consistent with the physical dis-
tribution in the true model. This finding proves that the 
guided FCM clustering has a higher accuracy than FCM 
clustering in inversion result interpretations.

The model RMS errors of different clustering algo-
rithms with different data were analyzed separately 
(Table 4). The model RMS of the guided FCM clustering 

Table 4: Model RMS errors of the clustering model.

 RMS
The FCM clustering of density 0.886
The guided FCM clustering of density 0.621
The FCM clustering of three properties 0.604
The guided FCM clustering of three properties 0.478

Figure 10: Location of the regional structure and deep reflection seismic profile (DSRP2002) in the Baiyun Sag of 
the Pearl River Mouth Basin (modify from Huang, 2005 [45]).

Table 5: Statistics for the density and magnetization in 
the South China Sea (School of Ocean and Geosciences, 
Tongji University, 2011-2015).

 Density g/cm3 Velocity km/s

Sedimentary 
formation

2.10-2.40 1.5-4.8

Upper crust 2.40-2.85 4.8-6.4

Lower crust 2.85-3.00 6.4-7.0

Lower crust high-
velocity layer

3.00-3.25 7.0-7.8

Moho surface 3.25-3.35 7.8-8.1
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The comprehensive geophysical exploration team of 
Tongji University (2011-2015) produced a statistical ta-
ble for the density and magnetization in the South China 
Sea on the basis of research statistics for the rock den-
sity, velocity, and magnetic characteristics (see Table 5), 
and based on this work, We obtained the joint inversion 

Sag and is located at the intersection of the Eurasian 
Plate, the Pacific Plate, and the Indo-Australian Plate. 
The geological conditions are complicated, and Huang 
[45] conducted a detailed analysis of the velocity struc-
ture in this area.

Figure 11: Joint inversion of the DSRP2002 section of the South China Sea and clustering results for the a) 
Density; b) Magnetic susceptibility; c) Velocity; d) FCM; and e) Guided FCM.
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method produces more accurate results for interpreta-
tions of complicated data. In summary, the method has 
demonstrated the practicality and effectiveness of the 
proposed method for interpretations of multi-physical 
geophysical data.
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