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Summary 
 
In land and shallow marine seismic data processing, the first 
break picks are often utilized to image the near-surface 
structures. However, in many areas, the first arrivals of a 
shot gather present a shingling pattern with the true first 
arrivals disappearing at the far offset due to a velocity 
reversal in the near surface. First arrival traveltime 
tomography is valid only for velocity increasing with depth, 
and refraction methods may be needed to interpret shingling 
data by utilizing later refraction arrivals if that occurs. 
Therefore, it is essential to recognize where shingling occurs 
in the seismic data. Since seismic datasets are typically very 
large, we develop an automated shingling recognition 
scheme by applying an unsupervised machine learning 
method in which the machine learning task is to infer a 
function to describe a hidden structure from “unlabeled” data. 
We test our approach on both synthetic and real datasets. The 
result shows 100% accuracy in synthetic cases, and also 
shows promising results in marking a primary shingling zone 
with 94.2% accuracy in a real data application.  
 
Introduction 
 
Shingling data is different from ordinary shot records in 
which the first arrival branches emerge with increasing 
linear moveout with offset. The shingling effects simply 
exhibit one or more branches gradually disappearing into 
long offsets. Thus, it is difficult to track the first arrivals. In 
a shot gather, the first arrivals look like in the pattern of a 
Christmas tree (Sun and Zhang, 2013), a phenomenon that 
has been widely observed in the Middle East, Africa, South 
America, and the Permian basin in Texas, where the near-
surface structures consist of alternating high and low-
velocity layers. 
 
In real cases, one set of seismic data usually contains both 
shingling records and non-shingling records, and it presents 
a section of shingling after a section of non-shingling 
because the geological structures are continuous or vice 
versa (Diggins, 2016). It is difficult to distinguish shingling 
and non-shingling manually because there may be a 
considerable number of records in a seismic dataset. 
Developing an automated approach to separate the shingling 
data and the non-shingling data is significant for initially 
characterizing the complexity of the near surface. Motivated 
by the idea of Artificial Intelligence (AI), we employ an 
automated recognition scheme by utilizing an unsupervised 
machine learning method which is realized via a Fuzzy C-
Means (FCM) clustering algorithm (Dunn, 1973; Bezdek, 
1981). The unsupervised machine learning algorithm helps 
cluster the seismic records into two or more groups 

according to the primary characteristics of each group. In 
this case, the seismic dataset would be assembled into two 
groups: shingling gathers, and non-shingling gathers. After 
applying the machine learning method and obtaining the 
results, one can process the shingling or non-shingling data 
with different near-surface imaging methods or workflows. 
 
We test the proposed approach in both synthetic and real 
cases, and the result shows that the accuracy with synthetics 
is 100%. However, it is difficult to evaluate the absolute 
accuracy of real data applications because some gathers are 
difficult to distinguish as shingling or non-shingling even 
with the human eye. Nevertheless, in this study, we can still 
calculate a relative percentage for the real data test as the 
quality control of the implementation. Except for those shots 
which are difficult to distinguish as shingling or non-
shingling using our judgment, the accuracy of this real data 
test is 94.2%. We also observe that the result is reliable 
because it marks the primary shingling zone in the whole 
survey line, and that is meaningful for further data 
processing procedures. 
 
Method 
 
Figure 1a is a regular shot gather (non-shingling). The first 
arrivals are connected, and the slopes of the first-arrivals are 
increasing gradually. However, Figure 1b shows a shingling 
shot gather extracted from a real dataset. The direct wave 
and the first-arrival branch can be distinguished in this 
vibrator data. The first-arrival branch fades away quickly at 
far offset, and then an apparent event nearly parallel to the 
initial first-arrival branch comes out with a constant time 
shift. Since the pattern of shingling seismic data looks like a 
Christmas tree, it is also usually called Christmas tree 
seismic data (Sun and Zhang, 2013).  
 

 
Figure 1: (a) A regular seismic shot gather (non-shingling). (b) A 
shingling seismic shot gather. (c) A sketch map of seismic gathers 
distribution in a survey line. 
 

In practice, as shown in Figure 1c, the whole survey usually 
contains both shingling gathers and non-shingling gathers, 
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and the shingling gathers or the non-shingling records must 
be locally continuous across several or many traces because 
the velocity structure anomaly should not just affect a single 
trace.  
 

Our goal is to distinguish shingling gathers and non-
shingling gathers in seismic data. Therefore, it can be 
classified as a clustering analysis problem. Clustering 
analysis is a type of unsupervised machine learning method 
which is a direct clustering scheme. A sample labeling 
procedure is not required before the implementation. The 
objective of cluster analysis is to assign observations to 
groups (called clusters) so that observations within each 
group are similar to one another concerning variables or 
attributes of interest. The group number can be defined 
according to the purpose of a specific problem. There are 
many clustering algorithms (Estivill-Castro, 2002), and 
FCM (Dunn, 1973; Bezdek, 1981) is a classical one which 
is widely used in pattern recognition. It is based on 
minimization of the following objective function: 
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where � is any real number greater than 1, ��� is the degree 

of membership of ��  in the cluster � , ��  is the ���  of d-
dimensional measured data, �� is the d-dimensional center of 

the cluster, and ‖∙‖ is any norm expressing the similarity 
between any measured data and the center. N denotes the 
length of input data, C is the number of clusters. In this study, 
C is equal to 2, that is, one cluster is shingling, and another 
one is non-shingling. 
 
Fuzzy partitioning is carried out through an iterative 
optimization of equation (1), with the update of membership 
��� and the cluster centers �� by: 

��� =
1

∑ �
‖�� − ��‖
‖�� − ��‖

�

�
���

�
���

  ,     (2) 

 

�� =
∑ ���

� ∙ ��
�
���

∑ ���
��

���

       (3) 

This iteration will stop if ����� �����
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where � is a termination criterion between 0 and 1, and � is 
the iteration step. This procedure converges to a local 
minimum or a saddle point of ��. 
 
The algorithm is composed of the following steps: 

1. Initialize � = ����� ������, �(�)  

2. At the k-step calculate the centers vectors �(�) =
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4. If ��(���) − �(�)� < �  then STOP; otherwise return 

to step 2. 
 
Synthetic test 
 
We created a synthetic seismic dataset which includes 230 
shots in total. Among these, 91 shots are non-shingling 
records, and 139 shots are shingling data. The distribution of 
the shot gathers is shown in Figure 2a. Figure 2b and Figure 
2c present sample gathers of shingling and non-shingling 
used in this test. 
 

 
Figure 2: (a) A sketch map of seismic gathers distribution in the 
synthetic test. (b) A sample shot gather of non-shingling records. (c) 
A sample shot gather of shingling records. 

 
A preprocessing step needs to be implemented before the 
clustering: resizing the shot gathers. Because each shot 
gather may include different numbers of traces, the matrix 
size of each shot gather is different. Additionally, because of 
the high sampling rate, the matrix size of one shot gather is 
usually too large, and it would increase the computation 
burden for the clustering implementation. Therefore, we 
regard each shot gather as a gray picture and resize the image 
into a 20 × 20 matrix. 
 

 
Figure 3: The gray pictures of two example shot gathers. (a) A 
sample shot gather of non-shingling records. (b) A sample shot 
gather of shingling records. 
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We then implement the FCM algorithm, and the 
optimization is stopped after 14 iterations. Figure 4a displays 
the clustering results, and Figure 4b is the misfit curve which 
displays the misfit of equation (1). We observe that the FCM 
algorithm separates the input data into two groups, cluster 1 
and cluster 2, respectively (Figure 4a). We should emphasize 
that the clustering methods only work on classifying the 
input data into two or more groups but would not tell the 
meaning of each group. Users must define the sense of each 
group. However, it is not a tiring issue in this study. Because 
one can check one shot among all the data in one group, the 
meaning of this group is revealed. The shot gathers which 
are in cluster 1 are non-shingling records, and the ones in 
cluster 2 are shingling records. Comparing with the true data 
shown in Figure 2, we can claim that the proposed fuzzy 
learning method obtains a performance of 100% accuracy in 
this synthetic test. 
 

 

Figure 4:  Synthetic test. (a) The clustering result of the synthetic 
dataset. (b) The misfit curve which is calculated by equation (1).  

 
Real data application 

We then apply the described method to a real dataset. This 
data is acquired in the Middle East. There are 2526 unique 
shots, and the length of the survey line is 76 km. This real 
dataset is similar to the synthetic test. It consists of a length 
of non-shingling gathers following a length of shingling 
gathers, and the pattern is repeated in the whole survey line.  

According to Sun and Zhang’s (2013) study about the 
generation mechanism of shingling seismic data, shingling 
effects occur in the area with a thin high-velocity layer 
intruding in the near-surface. The thickness of the thin high-
velocity layer should be in the range of ����/2 (the half of 
the minimum wavelength) and ��/2 (the half of the center 
wavelength) of this layer. One cannot observe apparent 
shingling effects if the thickness of the thin high-velocity 
layer is out of this range. However, the indiscernible 
shingling might be observed if the thickness of the thin high-
velocity layer is critical. We emphasize this because in real 

cases, the geological structure is locally continuous, and the 
thickness of a layer is changing gradually. Thus, the seismic 
records should change from non-shingling to shingling (or 
shingling to non-shingling) progressively but not suddenly. 
The shot gathers in the transitional zone are usually difficult 
to recognize as shingling or non-shingling, even by the 
human eye.  

We perform the same procedures for this real dataset, and 
Figure 5 shows the recognition result. We observe that the 
whole dataset is separated by two clusters. After checking 
the shot gathers, we found that cluster 1 is non-shingling, 
and cluster 2 is shingling.  

 

 

Figure 5: Real data application. (a) The clustering result of the real 
dataset. (b) The misfit curve which is calculated by equation (1). 

 

767 shingling gathers are recognized. We also observe that 
most of the shingling gathers are continuous regarding the 
whole survey line. However, there are still some outliers.  

We display the recognized shingling gathers in another way 
(Figure 6, top). The blue dots represent the shingling shots 
that we found. The gray shadows mark the areas with 
shingling occurring; there are 7 zones in total. We then check 
the original dataset, and we use the green and red color 
(Figure 6, middle) to mark the non-shingling and shingling 
zone which are recognized by eye. We found that the small 
gaps in the top figure are the transitional zones, such as the 
gaps between zone 1 and zone 2; also zone 3 and zone 4. The 
transitional area means that the gathers are changing from 
non-shingling to shingling, or from shingling to non-
shingling. According to our above description related to the 
shingling generation mechanism, we believe that the 
thickness of the thin high-velocity layer in those areas jumps 
out of the specific range (from ����/2 to ��/2 ) gradually. 
Therefore, the shingling effects in this area are not apparent, 
and it is difficult to tell if they are shingling or non-shingling 
even by close inspection. This means we do not have a true 
standard to calculate the accuracy in the real case. 
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Nevertheless, we still estimate a relative percentage for 
evaluating the result. We ignore those shot gathers which are 
difficult to distinguish with the eye and calculate the 
accuracy using the result of the rest data. In this way we 
found the accuracy to be 94.2%.  

With respect to velocity structure, we assume that we cannot 
observe the apparent shingling effects because the thickness 
of the thin high-velocity layer in these zones is too small. We 
can draw the geological sketch map of the near-surface in 
this area (Figure 6, bottom). This is a three-layer velocity 
structure, with the velocity of each layer (v1, v2, and v3) 
increasing with depth. A red line marks the incursion of a 
thin high-velocity layer, and the velocity of this layer is 
usually close to v3. The geologic interpretation of this may 
an erosional surface of a lava flow covered by subsequent 
sedimentation. 

 

Figure 6: Real data application. Top: the display of shingling 
recognition result. Middle: the true shingling and non-shingling 
distribution in the whole survey line, which is recognized by eye. 
Bottom: the near-surface sketch map of the entire area. 

 

We display the sample gathers of non-shingling, transitional 
zone, and shingling of this real dataset (Figure 7). We can 
observe that Figure 7a and Figure 7c are easy to classify as 
a non-shingling and a shingling gather. However, to tell 
which group Figure 7b belongs is difficult. The shot 
sequence of these three shots is 500, 1200, and 2000, 
respectively from Figure 6. Figure 7b is in the transitional 
zone, and our algorithm regards it as a non-shingling gather.  

Although there are mis-recognitions such as the shingling 
gathers around sequence 200 and 300, in general, our 
approach marks the central shingling zone successfully. 
Additionally, we found that all the gathers recognized by the 
proposed method present apparent shingling or non-

shingling effects, and this brings another benefit if a training-
based deep learning approach is required for further 
improving the recognition ability. Our solution can provide 
a ready-made training database, and avoids wasting human 
time on labeling a huge number of samples one by one in the 
preparatory stage.  

 

 

Figure 7: Real data application. (a) A shot gather in the non-
shingling zone. (b) A shot gather in the transitional zone. (c) A shot 
gather in the shingling zone. 

 

Conclusions 
 
We propose a shingling recognition method which employs 
unsupervised machine learning. The recognition is 
implemented via an FCM algorithm. It is not like a training-
based method; our approach avoids wasting time on labeling 
samples for network training and is a direct clustering 
scheme. Additionally, it is also user-friendly and fast. One 
can input the dataset into the algorithm, and the clustering 
result is then given. For the computation cost for the real data 
test (2526 shots), the clustering procedure was finished in 
1.5 min on an ordinary PC. 
 
We test the proposed method on a synthetic case and a real 
dataset. The results are promising. For the synthetic test, the 
recognition accuracy is 100%. In the real data application, 
an accuracy of 94.2% is achieved. Additionally, our method 
marks the central shingling zone accurately. That is 
meaningful since with the clustering result one can separate 
the shingling data and non-shingling, and process them with 
different workflows. As a straightforward fuzzy learning 
method, our solution can provide the labeled samples for a 
training-based scheme if higher recognition ability is 
pursued by such approaches like deep learning, and it would 
save the time on labeling the samples manually before 
training. 
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