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ABSTRACT 8 

Seismic facies analyses are fundamental to the study of sedimentary, tectonic and 9 

magmatic systems using seismic reflection data. These analyses generally assume that seismic 10 

facies are: (1) well defined, (2) distinct and (3) prevalent patterns in the data. Here, we examine 11 

these assumptions critically. First, we demonstrate how to extract the main seismic facies from 12 

conventional industry seismic reflection data using principal component analysis. Applying 13 

principle component analysis on a large number (up to 1 000 000) of windows (150×150 14 

samples) reveals typical seismic facies showing: (1) horizontal, (2) dipping, (3) displaced and (4) 15 

crisscrossing reflections. These seismic facies are distinct in the sense that the principal 16 

components are orthogonal to one another, i.e. we cannot express any one component as a linear 17 

combination of the others. Next, we show that a small number of seismic facies (100) can 18 

explain most of the variance in the data (>0.6); an assumption that is critical to seismic facies 19 

analyses. Lastly, we show a simple way to map these facies across a seismic section. 20 



INTRODUCTION 21 

Seismic reflection data provides a key source of information in numerous fields of 22 

geoscience, including sedimentology and stratigraphy (e.g., Vail, 1987; Posamentier, 2004), 23 

structural geology (Morley, 2002; Baudon and Cartwright, 2008), geomorphology (e.g., 24 

Posamentier and Kolla, 2003; Cartwright and Huuse, 2005; Bull et al., 2009) and volcanology 25 

(e.g., Hansen et al., 2004; Planke et al., 2005). Seismic facies analyses are an important 26 

component of seismic interpretations, in particular when individual reflections become difficult 27 

to trace. In these cases, seismic facies patterns are traditionally qualitatively assessed and 28 

mapped by expert seismic interpreters (e.g. Payton, 1977; Sheriff, 1980; Bally, 1987; Vail, 1987; 29 

Van Wagoner et al., 1987). While the human ability to recognize patterns is extraordinary, it 30 

does require significant amounts of time, experience, and expertise from interpreters (e.g., Bond 31 

et al., 2012; Bond, 2015; Macrae et al., 2016). Quantitative interpretation techniques involving 32 

seismic attributes and machine learning, have significantly improved in terms of quality and 33 

speed (e.g. Coléou et al., 2003; Chopra and Marfurt, 2008). In line with this development, we 34 

investigate if it is possible to derive key seismic facies quantitatively from seismic reflection 35 

data. 36 

A seismic facies is defined as the character of a group of reflections involving amplitude, 37 

abundance, continuity, and configuration of reflections (Sheriff, 2002). Reflection amplitude, 38 

abundance and continuity are typically described qualitatively as high, medium and low or 39 

quantified using seismic attributes (e.g. Marfurt et al., 1998; Chopra and Marfurt, 2007). 40 

Reflection configurations typically include: (1) parallel, (2) subparallel, (3) divergent, (4) 41 

sigmoidal, (5) oblique and (6) hummocky reflections (Sheriff, 1980) and are usually difficult to 42 

capture numerically. Most conventional seismic interpretations involve a description of the 43 



seismic facies observed in the dataset followed by mapping of these seismic facies throughout 44 

the dataset (e.g. Roksandić, 1978). This approach requires the seismic facies to be: (1) well 45 

defined, (2) distinct from one another and (3) prevalent in the data. This study examines if these 46 

assumptions are reasonable using a quantitative workflow based on principal component 47 

analysis. 48 

Principal component analysis (PCA) is one of the standard procedures of exploratory data 49 

analysis (e.g. Jolliffe, 1986). We can think of principal components as alternative coordinate 50 

axes, which highlight strong patterns in our data. A simple 2-D example illustrates how principal 51 

components reveal the direction of maximum variance (Figure 1), where variance describes how 52 

spread out the data is. Applying PCA to up to a million windows randomly extracted from 53 

seismic reflection data reveals typical seismic facies showing: (1) horizontal, (2) dipping, (3) 54 

displaced and (4) crisscrossing reflections. These seismic facies are distinct in the sense that the 55 

principal components are orthogonal, i.e. we cannot express any one component as a linear 56 

combination of the others. The seismic facies are also prevalent in the data, as they explain most 57 

of the variance (>0.6). Finally, we can even produce a simple facies map by projecting the data 58 

on to the principal components. As such, this study highlights that the basic assumptions of 59 

seismic facies analyses, i.e. that seismic facies are: (1) well defined, (2) distinct and (3) prevalent 60 

in the data are valid; an important requirement for conventional and automated seismic facies 61 

analyses. 62 

3D SEISMIC REFLECTION DATA 63 

This study uses state-of-the-art 3-D broadband seismic reflection data (courtesy of CGG) 64 

from the northern North Sea (Figure 2). The data covers an area of 35,410 km2 and was acquired 65 

using a series of up to 8-km-long streamers towed ~40 m deep. The data recording extends down 66 



to 9 s with a time sampling of 4 ms. The data covers a broad range of frequencies reaching from 67 

2.5 to 155 Hz (Firth et al., 2014). The binning size was 12.5 × 18.75 m. The seismic volume was 68 

zero-phase processed with SEG normal polarity, i.e. a positive reflection (white) corresponds to 69 

an acoustic impedance increase with depth. The data was pre-stack depth-migrated and 70 

subsequently stretched to the time domain. 71 

PRINCIPAL COMPONENT ANALYSIS (PCA) 72 

Principal component analysis (PCA) is a technique used to emphasize variation and 73 

highlight patterns in a dataset (e.g. Wold et al., 1987; Turk and Pentland, 1991). For this purpose, 74 

PCA converts the original dataset (�) into a new dataset (�) using a linear transformation (�): 75 

�� = � (1) 

The goal of the linear transformation (�) is to remove redundancy from the data (Shlens 2014). 76 

This is accomplished by diagonalizing the covariance matrix of the new dataset (��): 77 

�� =
1

� − 1
��
 

(2) 

We can rewrite �� using �: 78 

�� =
1

� − 1
���
  

(3) 

where � = ��
  and is thus symmetric. A symmetric matrix � is: 79 

� = ��
 (4) 



where  is a diagonal matrix and is the matrix of eigenvectors of �. Selecting � ≡ �
  and 80 

substituting Equation 4 into 3 provides: 81 

�� =
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� − 1
���
���
  

(5) 
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(6) 

This selection of � diagonalizes the covariance matrix (��). The principal components of the 82 

data appear as the eigenvectors of � = ��
 and the rows of �. Moreover, the variance of � 83 

along the principal components are the eigenvalues of ��. The analysis is implemented in Python 84 

using the scikit-learn package (Pedregosa et al., 2011) (see Appendix). 85 

In this study, we apply PCA to a 2-D seismic section showing different seismic facies in 86 

the basement (Figure 2). Applying PCA to the entire 3-D seismic volume (1.3 TB) is impractical 87 

and, as we will see, not necessary to extract the main seismic facies from the data. Instead, we 88 

analyze a large number of windows randomly selected from a 2-D seismic section (Figure 2). 89 

During PCA, we can set: (1) the scale of the data, (2) the number of principal components, (3) 90 

the window size and (4) the number of windows. To explore the effects of these parameters, we 91 

conduct a sensitivity analysis. First, we perform PCA using standardized (µ=0, σ=1) or 92 

unstandardized data (µ=12, σ=18 429 696) (Figure 3). Second, we extract different numbers of 93 

principal components (up to 400) from the data (Figures 4, 5). Third, we analyze the effect of 94 

windows sizes ranging from 50×50 to 200×200 samples (Figures 6, 7). A sample has a size of 95 

12.5 m (inline), 18.75 m (crossline) and 4 ms in two-way traveltime. Finally, we explore how 96 

varying the number of windows (1000 to 1 000 000) extracted from the 2-D section affects our 97 

results (Figures 8, 9). 98 



After this sensitivity analysis, we apply PCA to the 2-D seismic section using: (1) 99 

standardized data, (2) 100 principal components, (3) a window size of 150×150 samples and (4) 100 

1 000 000 windows. In addition to extracting the principal components, we can visualize the 101 

distribution of the components in the seismic section (Figure 10). For this purpose, we first 102 

project the window around each point of the seismic section onto each of the principal 103 

components. This gives us an idea of the importance of each component at each point. Next, we 104 

calculate the most ‘important’ principal component at each point, as the one with the highest 105 

absolute projection (Figure 10). This workflow provides us with a simple seismic facies map 106 

showing how much each principal components contributes to the seismic signal at each point of 107 

the data.  108 

RESULTS 109 

Our results consist of principal components and plots showing the variance explained by 110 

each principal component (e.g. Figure 3). The principal components are numbered (1-100) and 111 

sorted with the first components in the upper left corner and the last one in the lower right corner 112 

of the plotted matrix. The variance explained by a principal component is the ratio between the 113 

variance of that principal component and the total variance in the data (i.e. all windows). As 114 

such, the explained variance describes how much of the total variance is explained by each 115 

principal component. The cumulative explained variance is the successive sum of the explained 116 

variance and thus describes how much of the total variance is explained by all principal 117 

components less and equal to this number (Figure 3e,f). 118 

The sensitivity analysis produces results for different: (1) scaling, (2) numbers of 119 

principal components, (3) window sizes and (4) numbers of windows. First, standardized (µ=0, 120 



σ=1) or unstandardized data (µ=12, σ=18 429 696) produces the same results (Figure 3). This 121 

similarity is probably a result of the original seismic amplitudes already being close to zero mean 122 

(µ=12) relative to the large variance (σ=18 429 696). Second, the higher the number of principal 123 

components, the higher the cumulative explained variance (Figures 4, 5). Early principal 124 

components explain most of the variance in the data (Figure 5). Early components also show 125 

typical seismic facies consisting of: (1) horizontal, (2) dipping, (3) displaced and (4) 126 

crisscrossing reflections (Figure 4). Third, smaller window sizes produce simpler patterns 127 

(Figure 6). In general, small windows contain less variance than large ones. Since PCA is able to 128 

capture more of the reduced variance from small windows, the cumulative explained variance is 129 

higher for small windows (Figure 7). Extracted seismic facies are thus simpler for smaller 130 

windows and more complex for larger ones (Figure 6). Intermediate window sizes of 150×150 131 

samples allows us to extract typical seismic facies while capturing most of the variance (>0.6) in 132 

the data (Figures 6, 7). Fourth, the higher the number of windows, the clearer are the extracted 133 

seismic facies (Figure 8). Moreover, the cumulative explained variance converges with the 134 

number of windows (Figure 9). 135 

Projecting the seismic reflection data on to the principal components shows that most of 136 

the variance in the data is explained by the early components (1-20), while less common 137 

features, such as inclined reflections, appear as higher components (60-100) (Figure 10).  138 

DISCUSSION 139 

At this point, we examine the three basic assumptions underlying seismic facies analyses 140 

i.e. that seismic facies are: (1) well defined, (2) distinct from one another and (3) prevalent in the 141 

data. First, numerous studies define typical seismic facies showing: (1) horizontal, (2) dipping, 142 



(3) displaced and (4) crisscrossing reflections (e.g. Payton, 1977; Sheriff, 1980; Bally, 1987; 143 

Vail, 1987; Van Wagoner et al., 1987). In contrast, we are able to demonstrate that these facies, 144 

in fact, arise as the principal components of a large number of windows extracted from the data 145 

(e.g. Figure 4). As such, PCA offers a simple and fast way of extracting the main seismic facies 146 

from seismic reflection data. 147 

Second, the extracted seismic facies are distinct from one another in the sense that the 148 

principal components are orthogonal. The principal components are, by definition, orthogonal 149 

(Shlens, 2014), i.e. the scalar product of any two components is zero. If we think of the scalar 150 

product as a measure of similarity, we see that any two principal components are dissimilar 151 

(Figures 3, 4, 6, 8). In this sense, all principal components are distinct from one another. We can 152 

also think about orthogonality in terms of linear combinations. Because the principal components 153 

are orthogonal to one another, we cannot express any one component (i.e. facies) as a linear 154 

combination of the others. 155 

Third, PCA allows us to quantify how common the extracted seismic facies are in a given 156 

dataset. With PCA, we can calculate the variance explained by each principal component (e.g. 157 

Figure 5a). The cumulative variance explained by the principal components gives us an idea of 158 

the total variance in the data captured by PCA (e.g. Figure 5b). The steep initial increase in 159 

cumulative explained variance highlights that early components explain most variance while 160 

later ones explain less. For later components, the explained variance diminishes and the 161 

cumulative variance converges (Figures 3e,f; 5b; 7; 9). We can thus quantify how much of the 162 

variance in the data is explained by the principal components. 163 

 164 



APPLICATION 165 

After identifying the main seismic facies in the data, we would like to map them across 166 

the seismic section. This is typically done with machine learning, where PCA is used for feature 167 

extraction or dimensionality reduction. Since a full machine learning based facies classification 168 

goes beyond the scope of this paper, we simply show a way of visualizing where different 169 

principal components are dominant in the data. For this purpose, we first project the window 170 

around each point of the seismic section onto each of the principal components and then 171 

determine the principal components with the highest absolution projection (Figure 10). This 172 

calculation produces a simple seismic facies map showing how much each principal components 173 

contributes to the seismic signal at each point of the data.  174 



CONCLUSIONS 175 

This study demonstrates how to extract the main seismic facies from seismic reflection 176 

data using PCA. These seismic facies including: (1) horizontal, (2) dipping, (3) displaced and (4) 177 

crisscrossing reflections appear as the principal components of a large number (1 000 000) of 178 

windows extracted from 2-D seismic reflection data. These seismic facies are distinct from one 179 

another (an important condition for seismic facies analyses) in the sense that the principal 180 

components are orthogonal. Analyzing the variance explained by each principal components (i.e. 181 

facies) reveals that it is possible to explain most of the variance in the data (>0.6) by a small 182 

number of seismic facies (100); a critical assumption for seismic facies analyses. Finally, we 183 

show a simple way to visualize these facies in a seismic section. 184 
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FIGURES 195 

 196 

Figure 1: Simple 2-D example illustrating how the principal components reveal the direction of maximum 197 

variance in the data. This example is based on visualization by setosa.io/ev/principal-component-198 

analysis/. 199 



 200 

Figure 2: a) 2-D seismic section (courtesy of CGG) with b) geological interpretation by Fazlikhani et al., (2017) with BCU: Base Cretaceous 201 

Unconformity; M.Jr.: Middle Jurassic; U.Tr.: Upper Triassic; Base rift surface: NSDZ: Nordfjord-Sogn Detachment Zone; LSZ: Lomre Shear Zone; 202 

BASZ: Bergen Arc Shear Zone; NHP1: Northern Horda Platform 1; LAF: Low angle fault; SB1: Stord Basin 1.203 



 204 

Figure 3: Principal components extracted from unscaled (a) and scaled (b) data with the variance 205 

explained by these components (c,d) as well as the cumulative explained variance (e,f). PCA uses: (1) 206 

100 principal components, (2) a window size of 150×150 samples and (3) 1 000 000 windows. 207 



 208 

Figure 4: 400 principal components extracted from seismic section (Figure 2). PCA utilizes: (1) 209 

standardized data, (2) a window size of 150×150 samples and (3) 1 000 000 windows. Corresponding 210 

variance and cumulative variance explained by principal components are shown of Figure 5. Same color 211 

bar as Figure 2. 212 

 213 



 214 

Figure 5: a) Variance and b) cumulative variance explained by principal components shown on Figure 4. 215 

PCA uses: (1) standardized data, (2) a window size of 150×150 samples and (3) 1 000 000 windows. 216 



 217 

Figure 6: Principal components extracted with window sizes of a) 50×50, b) 100×100, c) 150×150 and d) 218 

200×200 samples. PCA uses: (1) standardized data, (2) 100 principal components and (3) 1 000 000 219 

windows. Corresponding cumulative variance explained by principal components is shown of Figure 7. 220 

Same color bar as Figure 1. 221 

 222 



 223 

Figure 7: Cumulative variance explained by principal components shown on Figure 6. PCA uses: (1) 224 

standardized data, (2) 100 principal components and (3) 1 000 000 windows. 225 



 226 

Figure 8: Principal components extracted using 1 000, 10 000, 100 000 and 1 000 000 windows. PCA 227 

uses: (1) standardized data, (2) 100 principal components and (3) a window size of 100×100 samples. 228 

Cumulative explained variance is shown of Figure 6. Same color bar as Figure 1. 229 



 230 

Figure 9: Cumulative explained variance calculated from 1 000, 10 000, 100 000 and 1 000 000 231 

windows. PCA uses: (1) standardized data, (2) 100 principal components and (3) a window size of 232 

150×150 samples. Corresponding principal components are shown of Figure 8. 233 



 234 

Figure 10: Comparison of original seismic section (top) and its dominant principal component (bottom). PCA uses: (1) standardized data, (2) 100 235 

principal components, (3) a window size of 150×150 samples and (4) 1 000 000 windows. Seismic data courtesy of CGG.236 



APPENDIX 237 

import scipy                      # 1.0.0 238 
import math                       # 2018.0.1 239 
import pickle                     # 0.2.2 240 
import numpy as np                # 1.12.1 241 
import matplotlib.pyplot as plt   # 2.0.2 242 
 243 
import sklearn                    # 0.19.1 244 
from sklearn import decomposition 245 
from sklearn import preprocessing 246 
 247 
import segpy                      # 2.0.4 248 
from segpy.reader import create_reader 249 
 250 
## Load data 251 
filename = "Transect_1.segy" 252 
with open(filename, 'rb') as segy: 253 
    segy_reader = segpy.reader.create_reader(segy) 254 
    data = np.zeros((segy_reader.num_trace_samples(1),segy_reader.num_traces())) 255 
    for n in range(0,segy_reader.num_traces()): 256 
        data[:,n] = segy_reader.trace_samples(n) 257 
 258 
## Scaling 259 
data=preprocessing.scale(data) 260 
 261 
## Visualize original data                 262 
plt.matshow(data, vmin=-5, vmax=5, cmap=plt.cm.gray) 263 
plt.colorbar 264 
plt.show() 265 
 266 
# Parameters 267 
wsize = 100                 # Window size 268 
n_components = 100          # Number of principal components 269 
wnum = 10000                # Number of windows 270 
batch_size = 1000           # Batch size 271 
 272 
# Random selection of windows 273 
xcentres = np.random.randint(wsize, data.shape[0]-wsize, wnum) 274 
tcentres = np.random.randint(wsize, data.shape[1]-wsize, wnum) 275 
 276 
# Principal component analysis 277 
ipca = decomposition.IncrementalPCA(n_components=n_components, batch_size=batch_size) 278 
 279 
windows = np.zeros((batch_size,wsize,wsize)) 280 
for i in range(0,wnum//batch_size): 281 
    n=0 282 
    for j in range(i*batch_size,(i+1)*batch_size): 283 
        windows[n,:,:] = data[xcentres[j]-wsize//2:xcentres[j]+wsize//2, tcentres[j]-284 
wsize//2:tcentres[j]+wsize//2]     285 
        n=n+1     286 
    chunk=windows.reshape((windows.shape[0],wsize*wsize)) 287 
    ipca.partial_fit(chunk) 288 
     289 
# Visualization 290 
plt.figure(figsize=(10, 16)); 291 
for ii in range(ipca.components_.shape[0]): 292 
    plt.subplot(math.sqrt(n_components), math.sqrt(n_components), ii + 1) # It starts with one 293 
    plt.imshow(ipca.components_[ii].reshape(wsize, wsize), cmap=plt.cm.gray) 294 
    plt.grid(False); 295 
    plt.xticks([]); 296 
    plt.yticks([]); 297 
with plt.style.context('fivethirtyeight'): 298 
    plt.figure(figsize=(16, 12)); 299 
    plt.title('Cumulative Explained Variance'); 300 
    plt.plot(ipca.explained_variance_ratio_.cumsum(),'.k'); 301 
    plt.ylim(0,1) 302 
    plt.xlim(0,n_components) 303 

 304 
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