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一、 中文摘要 
 
海域的震測資料因海底及海面的反
射，常有明顯的重複反射。我們用類神經
網路來作主分量分析，此類神經網路是利
用 adaptive learning algorithm 來求出 
Covariance matrix 的特徵向量。我們先對
震測資料作速度分析，然後利用重覆反射
的速度做動態修正，使得重複反射顯現出
水平方向的一致性特質，利用類神經網路
求出主分量，抽取出一致性特質的重複反
射，然後就可以將此重複反射由震測資料
中除去。重複此程序直到其他的重複反射
也都被除去，最後就可得到去除重複反射
的震測資料，以利往後對震測資料作進一
步的處理及解釋。 
 
關鍵詞：類神經網路，主分量分析，重複 
反射，震測資料。 

 
Abstract 
 
 Usually there are many multiple 
reflections in marine seismograms. 
Traditionally, we used K-L expansion to 
extract principal components, here we use 
neural network. The neural network uses an 
adaptive learning algorithm to find the 
principal eigenvectors of a covariance 
matrix. Initially velocity analysis and normal 
moveout (NMO) using multiple velocity are 
applied to the seismic data, so that the 
multiple reflection shows the uniform 
horizontal property.  Then neural network 
can extract one principal component that is 
the multiple reflection with uniform property. 
Afterward, the multiple reflection can 
removed from the seismogram (after NMO). 

The processes are repeated to remove other 
multiples. Finally, the seismic data contain 
the reflections without multiples, and can be 
used to the further seismic data processing 
and interpretation. 
 
Keywords: Neural networks, principal 
component analysis, multiple reflection, 
seismic data. 
 
二、緣由與目的 
 

The principal component analysis 
(PCA) also known as the Karhunen-Loeve 
transformation has been investigated and 
used in many applications.  Given a set of 
random data 
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the eigenvalues and the corresponding 
eigenvectors.  The principal eigenvectors 
can point to the principal directions of the 
distribution of the data. 

     The principal component analysis had 
been applied to seismic data set. Several 
neural networks algorithms have been 
proposed for principal components analysis 
(PCA).  Huang (1999) had successfully 
applied the principal components neural 
network to the analysis of seismic data. 

In this study the neural net with 
unsupervised generalized Hebbian learning 
algorithm (GHA) is adopted to find the 
principal eigenvectors of a covariance 
matrix from a seismogram after NMO. The 
neural net is shown in Figure 1. 
我們可從震測圖形，利用 Velocity 
analysis 與類神經網路的主分量分析，抽
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取重覆反射，並消除之。 
 
三、結果與討論 
 

The procedure of multiple removal is 
shown in Figure 2. The experiments are on 
both synthetic and real seismic data. 

In synthetic data experiment of Figure 3, 
the multiple reflections are suppressed, and 
the two primary reflections are clearly 
shown after the processing. 

In real marine seismic data experiment 
of Figure 4, the multiple reflections are 
suppressed, and the primary reflections are 
clearly shown after the processing also. 
 
四、成果自評 
 
研究內容與原計畫相符程度: 100% 
達成預期目標情況: 100% 
研究成果的學術或應用價值: 建立類神經 
網路於震測重複反射的消除，及幫 
助探油震測解釋 
是否適合在學術期刊發表: 是 
主要發現或其他有關價值: 可以不用傳統 
方法求主分量，而用 Neural network 
來求 
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                      Fig. 1. Sanger’s neural net. 
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Fig. 2.  Steps of multiple removal using neural network. 
 

     
 
 

Fig. 3. Multiple removal on synthetic data. (a) A CMP gather, (b) after multiple removal. 
 

    
 

Fig. 4. Multiple removal on real marine seismic data. (a) A CMP gather of marine seismic  
data, (b) after multiple removal 
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