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1. INTRODUCTION 

1.1. Deterministic and Stochastic Signal processing 

Signal processing of recorded seismic onshore or offshore acquisition surveys consists in 
three main steps: 

 Step 1: Pre-processing of the data. The purpose of pre-processing is to extract 
reflected waves from individual shots, by filtering out the parasitic events created by 
direct and refracted arrivals, surface waves, converted waves, multiples and noise. It 
is intended to compensate for amplitude losses related to propagation. Pre-
processing includes the computation and application of static corrections.  Records 
are then sorted in common mid-point gathers or common offset gathers. 

 Step 2: is the conversion of common mid-point gathers or common offset gathers 
into time or depth migrated seismic sections. This second step includes the 
determination of the seismic velocity model, with the use of stacking velocity 
analyses, or tomography methods. 

 Step 3:  is the inversion of time or depth seismic amplitude traces into in depth 
geological, petrophysical and geomechanical properties at the seismic scale. 

 
The classical approach to seismic signal processing is called deterministic processing because 
it relies on the application of deterministic geophysical laws to each step of the processing. 

 Deterministic signal processing is a knowledge based answer to the problem of 
extracting valuable seismic “signal” from a set of recorded measurements in the time 
domain and converting it into reliable reservoir “properties” in the depth domain.   

 It has to deal with noise removal and limited resolution of seismic images that impact 
their reliability for characterizing reservoirs.  

 It mainly aims at modeling the full seismic signal as a composition of fully 
characterized waves. 

 
The main issue with deterministic signal processing is that earth sub surface is far from being 
a homogeneous layered medium. Oil bearing reservoirs are fortunately located inside 
layered anisotropic geological environments, which make them accessible to seismic 
investigation, but local heterogeneities, combined to seismic limited resolution and coverage 
create uncertainty on seismic measurements and makes it difficult to properly parameterize 
the deterministic processing flowcharts.  
 
Stochastic signal processing offers a consistent mathematical framework (a probability 
model) for processing seismic data, capturing the uncertainty on the processing input data 
and translating it into confidence intervals on the processing results 

 It provides an objective answer to the problem of the reliability of seismic images for 
reservoir characterization. Instead of providing a single processing output, it provides 
an estimation of it, a probability P50 figure, meaning that the actual “true” but 
inaccessible result has 50% chance for to be above or below it. 
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 It also quantifies the reliability of each processing step in terms of a P10 P90 
confidence interval attached to the P50 processing output,(10% and 90% chance for 
the “true” result to be above the P10 P90 probability value), whether uncertainty 
comes from the presence of noise or from limited resolution of the seismic recording. 

 It operates in the depth / time domain where it provides objective best estimates of 
seismic signal and noise as well as velocity fields and inverted reservoir properties.  

 It only requires the choice of relevant probability models with modeling of the spatial 
average and covariance of the recorded data, not of the data themselves. 
 

Stochastic signal processing make use of the same geophysical laws that its deterministic 
counterpart at each step of the seismic data processing. The parameterization of these 
geophysical laws is empirical for the deterministic approach and mathematical for the 
stochastic one, through the use of the probability theoretical framework.  
The result is that stochastic processing enables to optimize and automate deterministic 
processing flowcharts and at the same time provide a quantification of the reliability of each 
step of the processing (uncertainty management). 

1.2. Probability Models for processing seismic data 

The stochastic framework for translating deterministic geophysical processes into stochastic 
ones is the one developed by Georges Matheron in the “Theory of Regionalized Variables” 
(1) that is of variables with coordinates in the time or space domains, and in “Estimating and 
choosing”(2)that discusses how to choose a probability model for estimating a regionalized 
variable.  
This mathematical framework is usually known under the name of “Geostatistics” but this 
term can be misleading when it does not clearly differentiate statistics from probabilities. 
Geostatistics have been widely used in the oil industry by geologists for designing stochastic 
ways of populate a 3D space with reservoir properties, by extrapolating well data possibly 
“controlled” by seismic information. 
Although rooted in the same theoretical background, stochastic signal processing involves 
another set of “geostatistical” or “topo probabilistic” mathematical models. The specificity 
of these models is that they integrate the deterministic laws of geophysics as being valid 
only “on average”. They then look for optimizing their parametrization by minimizing the 
residual part of the measurements (whether well or seismic data) that is not captured by the 
geophysical laws.  
When compared to standard deterministic ways of optimization, the “cost function” 
involved in the stochastic model is no more the minimization of the difference between the 
modeled and the measured data, but of the difference between the modeled and the 
unknown signal or reservoir property sampled by the data. This difference is called 
estimation error and is unknown by definition.  

                                                 
1
   G. Matheron: Theory of regionalized variables, Les Cahiers du Centre de morphologie mathématique de 

Fontainebleau, Ecole Nationale Supérieure des Mines (1971) 
2
 G. Matheron: Estimating and Choosing: An Essay on Probability in Practice, Springer-Verlag (January 1989) 
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The probability model framework allows for minimizing the estimation error “in probability”, 
that is guaranteeing that the average of the estimation error is zero and its variance 
minimum. These mathematical results can be further verified when acquiring new data and 
comparing them to their stochastic estimates.  
When compared to probability models used by geologists, stochastic signal processing is a 
way of populating a 3D space with reservoir properties inverted from seismic data and 
“controlled” by well information. 
To better understand how these probability models are designed and operate, we shall first 
review the basic definitions and the assumptions they involve, before discussing their 
specification with actual seismic data, and their operations at each step of the seismic signal 
processing. 
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2. BUILDING PROBABILITY MODELS FOR SIGNAL PROCESSING 

2.1. Regionalized Variables 

The “Theory of Regionalized Variables” calls the subsurface property and or seismic signal a 
regionalized variable z(x) that is a variable z with coordinate x in a 1D 2D or 3D space or time 
domain.  
The probability model considers z(x) as the unique outcome of a Random Function (RF) Z, 
defined at any location (x) in space as a random variable (RV) Z(x). This formalism is helpful 
as it enables to differentiate the unknown exact value of Z(x) at non sampled or measured 
locations from the estimated value Z*(x) built from existing available sampled or measured 
data.  
A set of few verifiable stationarity assumptions allows for characterizing the RF Z from its 
unique outcome, that is the set of available information z(α) values of the regionalized 
variable z at sampled locations α. 

2.2. Stationarity, spatial trends and variograms 

Theory shows that in practice, only the spatial behavior of the average and covariance of the 
random function Z may be objectively reconstructed from experimental data.  
This is enough to solve most of the filtering, estimation and simulation problems posed by 
the processing of seismic signal and the characterization of oil and gas reservoirs. 
This statement is of major importance as it explains why stochastic processing never 
attempts to model the regionalized variable z(x) itself but only the spatial behavior of the 
average value and the dispersion of the random variable Z(x).  This is not a limitation of the 
probability theory, but more a “realism threshold” that cannot be exceeded without the risk 
of leading to unrealistic results depending on unverifiable assumptions. 
The operational counterpart of this self-limitation of the probability model is that modeling 
of the spatial average and covariance of the RF Z from experimental data is not only possible 
but simple and robust, and further leads to reliable and verifiable processing results. 
The probability model then relies on a set of stationarity assumptions(invariance by spatial 
translation) on the spatial behavior of the average or mean value m(x) of Z(x) and its 

variance²(x) and  covariance C(x,y) between Z(x) and Z(y). These assumptions can be 
verified by computing experimental statistics on the recorded data. 
 

 Assumptions of stationarity implies that the average m(x) of Z(x) at location x is a 
constant (stationarity of order 1) throughout the modeled area and so for the 

variance ²(x) and covariance (C(x,y)) of Z(x) (stationarity of order 2).  
Stationarity of order 2 implies that the spatial covariance C(x,y) only depends on h, 
distance between x and y locations. A weaker stationarity assumption is that only the 
increments Z(x) - Z(y)  are stationary and their covariance is called variogram). 
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Figure 1: Relationship between variogram and covariance 

 

 Assumption of non-stationarity of the average of Z(x) implies that m(x) depends on 
the location x. It is no more constant and varies in space as “low frequency” spatial 
trends or drifts. The way m(x) varies must be specified explicitly (through external 
drifts) or implicitly (through internal polynomial drifts) in the probability model.  In 
the non-stationary case, the spatial covariance C(x,y) may also depend on the 
locations x, and y and its mathematical formulation must take x and y coordinates 
into account. 

2.3. Mathematical frameworks 

Probability models designed for signal processing decompose the RF Z as follows: 
For each processing step, at location x: 

Z(x)= m(x)+ R(x) 

 Z(x) successively represents the true (unknown) seismic signal (processing step 1) , 
seismic gathers and velocity (step 2) and subsurface property at location (x) (step 3). 

 m(x) is the average value or global trend fluctuation of Z(x) at location (x) 
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 R(x)=Z(x)-m(x) is the residual of Z(x) or local fluctuation around m(x) at location(x). 
 
In this non stationary model, the average value m(x) is modeled using the deterministic 
formulation of the geophysical law involved in the processing step. 
This formulation may be analytic (example: V0, k function for a building velocity model) or 
given as a shape factor (example: seismic velocity map) 
The residual R(x) accounts for the local unknown fluctuations around m(x). These correspond 
to local spatial variations of the seismic signal, velocity field or reservoir property that are 
not captured by the deterministic law m(x). R(x) is supposed to be stationary of order 1 
(average 0) andbut not necessarily of order 2 (use of stationary or non stationary covariance 
functions) and not correlated to m(x). 

2.4. Examples 

2.4.1. Wave separation 

When processing VSP data, wave separation consists in decomposing the full measured wave 

field into down going and up going wave fields and remove all acquisition noise. 
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.  

Figure 2 : VSP wave separation 

The probability model considers the measured seismic amplitude data 𝑎m(x,t )at offset x for 

time t as a realization of a random function (RF)𝐴m(x,t) defined in offset space and time axis. 
A first basic model decomposes this RF as the sum of two non correlated factors, that are 

independent RF representing the true unknown amplitude 𝐴(x,t) and the noise 𝑁(x,t) : 

𝐴m(x,t)=𝐴(x,t)+ N(x,t)  

In the same way, and depending of the processing step, the true unknown 
amplitude 𝐴(x,t) can be itself composed as the sum of different wave fields: (direct, 

reflected, surface waves; down going and  up going ) represented by RFs  𝐴i(x,t) 
 

𝐴(x,t) = ∑ 𝐴i(x,t)

𝑖

 

Each of these RFs is characterized by its expectation (or average amplitude value at location 
(x,t)  
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𝐸(𝐴i(x,t)) 

and variance (equivalent to the amplitude energy) 

𝐸 {[𝐴i(x,t)-𝐸(𝐴i(x,t))]
2

} 

The 𝐴i(x,t)RF may show non stationary features (spatial drifts or trends in the x,t space) for 
their expectation due to geophysical effects such as energy dispersion function of the 
distance from the source, amplitude attenuation with time …  and may  be written as  

𝐴i(x,t)= mi(x)+ Ri(x) 
with mi(x)being the drift function and Ri(x)residual 0 average stationary amplitudes  
 
In the following, and in order to simplify the example, let’s assume that suitable signal 
processing transformations as spherical divergence correction, AGC … have been applied and 

that mi(x)= 0 and 𝐴i(x,t) = Ri(x) 
 

 
Figure 3 :Z-axis component of a 3C VSP  

Raw VSP (left) and Flattened VSP after amplitude compensation (right) 
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2.4.1. Pre stack data stack processing 

The ultimate step of pre stack data processing is the stacking process that leads to building the 

3D amplitude cube useful for interpretation. 

 

𝐶𝑎𝑚(ℎ𝑥, ℎ𝑡)  =  𝐶𝑎(ℎ𝑥, ℎ𝑡)  + 𝐶𝑛(ℎ𝑥, ℎ𝑡)  

Summary: 
Probability model for separating VSP flattened down going wave from full 

VSP data set 
Measured VSP amplitude  
 

),(),(),( txNtxAtxAm 
 

),( txA  true flattened  wave to be separated 

),( txN non flattened waves and noise 

  
 ),( txAE m  =  0 (stationary amplitude) 

 

   2
),(),( txAEtxAE mm 

 (Variance or energy) 
 

  2
),(),(

2

1
),( txmmtxA hthxAtxAEhh

m
  Variogram Am 

   2
),(),(),(),( txAEhthxAtxAEhhC mtxmmtxAm

  Covariance Am 

With :
 

Covariance Am is the sum of covariance A (true flattened wave amplitude) and 
N (non flattened amplitudes) 
 

),()0,0(),( txAAtxA hhChhC
mmm

 Variogram/covariance 
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Figure 4 : Stack processing from Pres stack NMO corrected data to stacked traces   
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The Pre stack amplitude gather (flattened after NMO correction) is modeled as the sum of 
signal and noise: 
 

Am(x,t)=A(x,t)+ N(x,t) 
 
Am(x,t), A(x,t), N(x,t)  stationary RF 
Average amplitude: 

E(Am(x,t)) =  E(A(x,t)) =  E(N(x,t)) = 0 
 
Variance (Energy) 

σ2(Am(x,t))=σ2(A(x,t))+ σ2(N(x, t)) 
 
Spatial covariance (time direction) (autocorrelation function) 

CAm(ht) =  E(Am(t). Am(t+ht)) 
 
Variogram 

γAm(ht)) =
1

2
 E[(Am(t) − Am(t+ht))

2] =  CAm(0) −  CAm(ht) 

 
When computing stacked traces from pre stack gathers the unknown “true” stacked 
amplitude is expressed as  





tN

i

i

t

txA
N

tA
1

),(
1

)(

 
With  

tN number of offset traces considered for the stack at constant time t, 

 ),( txA i ): pre stack unknown “true” amplitude at offset ix and constant time t, 
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2.4.2. Velocity model building 

Building a reliable velocity model from well and seismic data is a key part of the time to 
depth conversion of geophysical data for the geological model building 
 

Am(x,t)=A(x,t)+ N(x,t) 

E(Am(x,t)) =  E(A(x,t)) =  E(N(x,t)) = 0 

σ2(Am(x,t))=σ2(A(x,t))+ σ2(N(x, t)) 

CAm(ht) =  E(Am(t). Am(t+ht)) 

γAm(ht)) =
1

2
 E[(Am(t) − Am(t+ht))

2] =  CAm(0) −  CAm(ht) 

Summary:  
Probability model: Stochastic modeling of Pre stack amplitude gather (flattened after 

NMO correction) as the sum of signal and noise: 
 

Am(x,t), A(x,t), N(x,t ) Stationary RF 
Average amplitude: 

Variance (Energy) 

 
Spatial covariance (time direction) (autocorrelation function) 

 
Variogram 
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Figure 5 : Building a velocity model for depth converting time interpreted horizons 

 
The probability model considers the measured depth marker data z(xα) for a given 
geological horizon at locations α as a realization of a random function (RF) Z(x) defined in a 
2D space. 
in the case of the  depth conversion and velocity modeling of a single layer, the RF Z, 
representing the depth of the layer, is decomposed as the sum of two non correlated 
factors, that are independent RF representing the average or trend depth value m(x ) and 
the local depth residual fluctuationsZR(x) around the trend m(x ):  
 

)()()( xZxmxZ R  
The trend m(x ) is a non stationary RF expressed as the product of the layer interval velocity 
by the horizon interpreted time  T(x). 
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Figure 6 : Probability model decomposing depth into trend and residuals 

 
Depending on the analytic formulation of the velocity lawV(x) chosen for the layer,        m(x ) 
can be expressed as : 





L

l

ll xfbxm
1

)()( with 𝑓𝑙(x ) expressing V(x) as a set of functions of 𝑇(𝑥) 

In the case of a constant velocity for the layer m(x) = A * T(x) 
 

In the case of a seismic velocity map input m(x) = A * Vseis *T(x) 
 

In the case of a V0,k velocity function:   m(x) ≈
V0

K
(eKT(x) − 1) 

 
The “residual“ depth ZR(x) expresses the depth impact of the uncertainty on the time 
interpretation TR(x)and on the velocity function VR(x) 
 

ZR(x)= VR(x) * T(x) +  TR(x) * V(x)  
 
ZR(x)  is a stationary RF of order 1 (Average = 0) as E(TR(x)) = E(VR(x)) =0  but not 
stationary for the order 2 (variance) as Var ZR(x) obviously depends on the values of T(x) 
and V(x) at location x.  
 
To fully define the probability model, the covariance function of Z(x) is required.  
It is a non stationary covariance function that depends: 

 on the status of 𝑚(x ), that may be fully defined with no uncertainty on the 
𝑏𝑙coefficients, fully uncertain, or defined with Bayesian constraints (a priori 
knowledge)  on the 𝑏𝑙 coefficients 

 on the covariance function of the time and velocity residuals 𝑇𝑅(𝑥) and 𝑉𝑅(𝑥) 
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Summary : 
 

 
Figure 7 : Probability model for single layer V0,k velocity model building 

 

The probability model for stochastic depth conversion is a non-stationary model where the 
average depth varies according to shape factors computed as functions of the time 
interpretation. The shape factor or external drift depend on the average velocity law 
considered for the depth conversion. 
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3. STATISTICAL INFERENCE OF PROBABILITY MODELS 

By restricting the stationarity assumptions (invariance by spatial translation) to the spatial 
behavior of the average and covariance of the Random Function, probability models are built 
in a way that allows for their statistical inference and the validation of their parameters from 
available data.  
Basic experimental statistics (average, variance and spatial correlations) are computed that 
will guide the user’s choice of: 

 the probability model appropriate to the processing step 

 the size and geometry of the spatial neighborhood  

 the modeling of the experimental spatial covariance or variogram functions  

3.1. Choice of the probability model 

Models used in seismic signal processing are expressed as Z(x)= m(x) + R(x) where m(x) is 
given as a geophysical deterministic law and R(x) is assumed to be a stationary (constant on 
average) Random Function.  
In practice, simple computations of spatial averages on the result of the stochastic 
processing step enable to verify the stationarity assumption on the computed residuals (no 
spatial trend). Cross plots between computed trend and residuals can also confirm that they 
are uncorrelated. Should it not be the case, the probability model assumptions are not 
matched and the choice of the model should be questioned. In practice, the choice of the 
geophysical law that represents m(x) must be modified. 

3.2. Choice of the spatial neighborhood 

Stationary assumptions depend on the size and topology of the processed datasets 
(scattered well data, seismic traces, seismic cubes, regular grids …).  
In practice, when assuming full stationarity, experimental statistics are computed over the 
whole data set that is on a global spatial neighborhood. When assuming local stationarity 
only, experimental statistics are computed on local subsets of the data sets, that is on local 
spatial neighborhoods. 

3.3. Choice of the covariance/variogram model 

The key characteristic of probability models used in seismic signal processing is that they 
account for the spatial correlation between data values through the covariance or variogram 
functions.  
In practice, the computation and modeling of covariance and variogram is performed during 
the spatial analysis of the stochastic processing step. Experimental covariances and 
variograms are computed as spatial statistics on the data sets as follows (example on a 1D 
data set). 
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Figure 8 :Experimental variograms computed as the statistical average of all squares of 
increments Z(x+h) – Z(x) for a given distance h 

 

The experimental variograms computed for successive h lags must then be modeled using 
admissible mathematical functions called variogram models that have the required 
properties of covariance functions defined in the probability model. 
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Figure 9 : Example of experimental and modeled variograms on a 2D data set 

 
Experimental variograms on the 2D data set (above left) are computed in 4 main directions 
for 20 lags (above right). They show similar behavior for lags 1 to 10, meaning that the 
spatial variability inside the 30 *30 units’ field is isotropic. They reach a constant sill value at 
lag 10 called the range.  
The variogram model used to fit the experimental variogram (below left)  is a nested  
isotropic model that is the sum of a nugget effect and a spherical variogram (below right). 
Nugget effect accounts for the random component the data set and the spherical variogram 
for its structured component. 
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3.4. Examples 

3.4.1. Wave separation 

 

 
 

Figure 10 : Example of experimental and modeled variograms on VSP data 

 
The experimental variogram of V S P data (figure 10 a) after amplitude compensation and 
flattening is computed in the vertical time and horizontal depth directions (figure 10 b). The 
horizontal variogram computed in the offset direction shows how energy is split between 
short range structures corresponding to up going wave and noise and large range structure 
associated to down going wave signature.  It is modeled using 2D factorized covariance 
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functions that are the product of two 1D covariance functions operating respectively in the 
horizontal and vertical dimension. 
 

3.4.2. Pre stack data processing 

 
 

Figure 11 : Variography (spatial analysis) of a pre-stack gather 

The experimental variogram of  NMO corrected gather data displayed in figure 11 a  is 
computed in the vertical time  and horizontal depth directions as shown in figure 11 b. The 
horizontal variogram computed in the offset direction shows how energy is split between 
short range structures corresponding to up going wave and noise and large range structure 
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associated to down going wave signature.  It is modeled using 2D factorized covariance 
functions that are the product of two 1D covariance functions operating respectively in the 
horizontal and vertical dimension. 
Interpretation and modeling of the experimental variograms computed in the offset and 
time directions on pre stack gather data enables to assess the signal and noise content of the 
seismic measurements in terms of contributive (signal) and non contributive (noise) part to 
the stacking process. 

3.4.3. Velocity model building 

 
 

 Figure 12 :Non stationary depth trend and depth residuals modeled as a combination 
of time  and velocity residual variograms 
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Figure 13 : Modeling the velocity law parameters by minimizing well depth residuals 

 

 Input: Given the time interpreted horizon and well depth markers, the average 
velocity law chosen for depth conversion and a range of a priori constraints on 
the velocity law parameters the variogram models for uncertainty on the time 
interpretation and on velocity residuals around the average velocity law,  

 Optimization of velocity model parameters and velocity model performance : 
The spatial data analysis consists in combining the time and velocity residual 
variogram residuals into a variogram of depth residuals and on the well residuals 
around the depth spatial trend derived from the choice of the velocity law . 
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4. OPERATING PROBABILITY MODELS 

Once the probability model Z(x) = m(x) + R(x) is defined with its stationarity assumptions and 
specified with the modeling of the average m(x) and of the covariance of R(x), it is ready 
perform a number of estimation and simulation operations.  

4.1. Estimation 

The estimation operator is called Kriging. It consists in best estimating the unknown value of 
Z(x) at any location x0, through an optimal linear combination of surrounding sampled 
data Z(xi) at locations xi.   
 

 
 




N

i

iik xZxZ
1

0

* ()(   

The optimal kriging weighting factors 𝜆𝑖 are obtained by minimizing the variance of the 
estimation error Var (Z(x0) −  Zk

∗(x0)), that is of the unknown error made when replacing 

unknown value of Z at location x0 by the linear combination  
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And the minimized kriging estimation variance is equal to: 
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Notice that the kriging weights 𝜆𝑖 only depend on the covariance function C(h) and on 
the locations x0, and xi, and not on the data values themselves, thanks to the stationarity 
assumptions. 
 

The exact formulation of the kriging operator depends on: 

 The stationarity assumptions of the model: 
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o simple kriging for stationary models with known constant average and a 
covariance function 

o  intrinsic kriging for intrinsic models with unknown constant average  and  a 
variogram function 

o Non stationary kriging for non-stationary models with definition of external 
drift functions or polynomial drift functions internal to the model. 

o Bayesian kriging when a priori  distributions are given for the coefficients of 
the external drifts 

 The target variable to be estimated  
o Kriging when the variable Z(x) itself is estimated  
o Factorial kriging when only a spatial component of Z(x) is estimated.  

 The number of variables defined in the model 
o Univariate kriging in the case of a single variable Z(x) 
o Co kriging when several variables 𝑍𝑖(x) are defined in the model  

 

As a linear estimator, the kriging operator allows for estimating values of Z(x) itself but also 
of any linear derivative of Z(x) , such as averages over spatial domains, gradients, 
convolutions … 
The limitation of the kriging operator is that, as it is a linear estimator operating on additive 
variables, it is not able to solve all seismic signal processing and inversion issues. 
When nonlinear operations must be performed on the seismic data, kriging does not apply 
and must be replaced by spatial simulation operators. 

4.2. Simulations 

Spatial simulation operators reproduce possible spatial variations of the RF Z according to 
the choice and parameterization of the probability model. Simulations deal at the same time 
with the  parameters of the trend m(x) and with the unknown spatial fluctuations of the 
residual R(x) modeled by the variogram function. 
 
A number of stochastic processes (turning bands, sequential gaussian ...) enable to generate 
numerical spatial simulations that are equi-probable realizations of Z with same mean and 
covariance. At any location x, the average of simulations is equal to kriging estimate and the 
dispersion of simulated values equals the kriging estimation variance. Simulations are said to 
be conditional when they honor the existing available information. 
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4.3. Examples 

4.3.1. Wave separation 

Wave separation is performed through factorial kriging operator 

 

 Factorial kriging operator: 
Covariance decomposition:  

𝐶𝐴𝑚(ℎ𝑥, ℎ𝑡)  =  𝐶𝐴(ℎ𝑥, ℎ𝑡)  +  𝐶𝑁(ℎ𝑥, ℎ𝑡)  
 
Covariance Am is the sum of covariance A (true flattened wave amplitude) and N (non 
flattened amplitudes) 
 
Kriging estimate: 
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Minimizing the variance of estimation error (true flattened down going wave amplitude - 

linear combination of measured flattened wave amplitude) 
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lead to the factorial kriging system 
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Where  

𝐶𝐴𝑚(𝑥𝑖 − 𝑥𝑗 , 𝑡𝑖 − 𝑡𝑗)  is the covariance model of measured amplitude between data points i 

and j,  
𝐶𝐴(𝑥𝑖 − 𝑥0, 𝑡𝑖 − 𝑡0) is the covariance model of true flattened amplitude between data point i 

and target point 0 
 

 

This linear system is called Factorial Kriging system. The solution provides kriging weights i  

used for computing the estimated value ),( 00

* txa   and the associated kriging estimation 

error 2

est  
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Figure 14 : computing local stationarity energy parameters 

 

Statistics computed inside local time offset neighborhoods enable to characterize the local 
variance (energy) of the raw VSP data and the energy of the non flattened waves (upgoing 
wave and remaining noise) 
 
 
 

 
Figure 15 : down going wave estimation and associated estimation variance by factorial 

kriging 

 

 

Factorial kriging gives the best estimate of the wave field to be separated as shown in figures 
14 and 15 for separating downgoing wave from the whole field. 
 

 

Local noise Local variance Raw amplitude 

 

Estimation 

variance 
Filtered amplitude 

Residual 

amplitude 
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Repeating the same workflow for separating upgoing wave from the remaining noise leads 
to the final wave decomposition of raw V S P data shown in figure 16 a into down going 
waves in figure 16 b, upgoing wave in figure 16 c and remaining noise in figure 16 d. 
 

 
 

Figure 16 : VSP stochastic processing using factorial kriging 
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4.3.2. Pre stack data processing 

 

Usual stack  and stochastic stack  

 

 Usual stack computation implies that all offset amplitude weighting factors  are equal  
 

 
Nt number of offset traces considered for the stack at constant time t, 

 
The covariance model for measured amplitude enable to compute the variance of estimation 
of the true unknown stack value estimated by the linear combination of offset data with 
fixed weighting factors (figure 17). 
 

 
 

Figure 17 : Usual stack with computation of estimation variance  
(transformed into spatial quality index) 

 

 Stochastic stack is performed using factorial kriging of true flattened amplitudes  
using measured flattened amplitudes 
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The decomposition of the covariance model for measured amplitudes into covariance of true 
flattened amplitude and remaining non flattened noise enable to compute the variance of 
estimation of the true unknown stack value estimated by the linear combination of offset 
data with factorial kriging weighting factors (figure 18). 
 

 

 
Figure 18 : comparison of usual and kriged stack 
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Figure 18 a displays the usual stacked section. Kriged stack optimizes the weighting factor 
given to each amplitude by minimizing the variance of estimation of resulting stacked 
amplitude. Figure 18 c displays the kriged stack section. 
Figures 18 b and 18 d display the variance of estimation associated to the usual stack and to 
the kriged stack as a spatial quality index S Q I, that is a confidence interval expressed as a 
percentage of the stacked amplitude. Kriging estimation variance is minimized when 
compared to the usual stack. More confidence may be given to the kriged stack amplitude 
section. 
 

4.3.3. Velocity model building 

The depth conversion stochastic operator is called Bayesian Kriging, and more precisely,  
(co)- kriging well depths markers data  with seismic time related external drifts, under 
Bayesian control of external drift coefficient.  
Bayesian Kriging (BK) stands between Simple Kriging (SK) and Kriging with external Drift 
(KED) 
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Figure 19 : Depth conversion and velocity modeling using bayesian kriging 
 

 

In a single layer computation the Bayesian kriging algorithm optimizes the velocity model 
parameters by minimizing the residuals depth mismatches at the well locations ties the 
depth maps to the wells.  
The results are: 
A “posterior” depth map not minimizing the depth residuals within the scope of the bayesian 
“a priori” constraints on the velocity law parameters shown in figure 19 c1 
An estimated depth map tied to the wells shown in figure 19 c2 
An uncertainty map corresponding to the kriging estimation standard deviation shown in 
figure 19 c3 
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Using the same probability model, when solving non linear problems as volumetric 
computations (depth above contact or spill point is a non linear transform of the depth), 
simulation operators are used to compute probability maps, GRV curves and GRV P10 P50 
P90 maps. 

 

 
Figure 20 : Volumetrics computation above a fluid contact 

 
 
The correct way to estimate volumetrics  is to compute volumes on a number of depth 
simulations as shown in Figure 20 a and build a gross volume expectation curve expressing 
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the probability distribution of the actual volume as shown in Figure 20 b. The same 
simulated depth maps can also support the computation of probability maps such as the 
probability to hit the reservoir above the oil or gas contact, as shown in figure 20 c. 
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