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ABSTRACT 

Geostatistical seismic inversion has been successfully carried out to characterize a thin reservoir 

of the Air Benakat Formation in Indonesia’s Jambi sub-basin. The objective of this paper is to 

characterize detailed P-impedance of the thin reservoir in the Jambi sub-basin using 

geostatistical seismic inversion rather than deterministic seismic inversion. Geostatistical 

seismic inversion is believed to be able to enhance vertical resolution and accurately map sub-

seismic features. This algorithm uses a geostatistical model, which is constrained by probability 

density function and a variogram as the input models. The method was applied to eight wells 

and three-dimensional seismic data that consist of 198 inline and 261 crossline. Prior to 

performing geostatistical seismic inversion, sensitivity analysis was carried out by cross-

plotting petrophysical data to identify the petrophysical properties of the reservoir target. The 

geostatistical seismic inversion considered 50 realization models that were used as inputs in 

estimating the probability of the existing subsurface layer and the calculated P-impedance 

models to obtain the most probable P-impedance model that is useful for characterizing the 

detailed thin reservoir of the Air Benakat Formation in the Jambi sub-basin. The geostatistical 

seismic inversion results show a higher resolution of P-impedance compared to the 

deterministic seismic inversion and are able to resolve thin reservoirs below tuning thickness. In 

addition, this method is able to optimize better correlation between seismic and petrophysical 

properties of the thin reservoir with an average thickness below five metres, which is well 

modelled with reference to both seismic and well data. 
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1. INTRODUCTION 

The resolving power of seismic data is highly dependent on the seismic bandwidth, which is 

generally lacking low frequencies and high frequencies. Seismic inversion is one of the most 

powerful techniques to broaden the seismic bandwidth by adding the low- and high-frequency 

content. In addition, seismic inversion is able to integrate the seismic and well log data to 

generate a quantitative geological model of the reservoir, including the P-impedance (Mukerji 
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et al., 2001; Lang & Grana, 2017). This geological model is directly related to the layer 

properties rather than the interface properties, which is associated with geological data such as 

lithology, porosity, and net pay. Therefore, the quantitative geological model has been 

recognized as an industrial tool for reservoir characterization.  

The seismic data contain reflection information that is associated with a P-impedance change in 

the subsurface (Avseth et al., 2005). The reflection data is transformed into geological 

information that is laterally and vertically distributed (Bacon et al., 2003; Haris et al., 2017). 

The development of seismic inversion techniques has been very fast, and there have been 

varying options for algorithms coming from the conventional up to the superior algorithm 

(Haris et al., 2018). A conventional algorithm such as sparse-spike of deterministic seismic 

inversion is only generating a single P-impedance model, which is useful for figuring out 

general features of the potential reservoir (Shrestha & Boeckmann, 2002; Francis, 2005). 

Further, sparse-spike of deterministic seismic inversion tends to produce smooth a P-impedance 

model that minimizes its variability due to the frequency limitation of the real seismic data. The 

new approach of geostatistical seismic inversion is applied to improve the limitation of 

deterministic inversion. 

Geostatistical seismic inversion is the superior algorithm that considers the stochastic method 

by using Sequential Gaussian Simulation to solve non-uniqueness problems via statistical 

analysis to produce equally probable models (Sancevero et al., 2008; Bosch et al., 2010). This 

algorithm produces a high vertical resolution for imaging thin reservoirs (Torres et al., 1999). 

Therefore, selecting the geostatistical seismic inversion algorithm is crucial for characterizing 

the detailed thin reservoir of the Air Benakat Formation in the Jambi sub-basin. 

In this work, we applied geostatistical seismic inversion to delineate a thin reservoir of the Air 

Benakat Formation in the Jambi sub-basin part of the South Sumatra Basin. The study area has 

a hydrocarbon potential to be explored (Bishop, 2001; Ginger & Fielding, 2005). The purpose 

of this paper is to increase vertical resolution and to accurately map sub-seismic features of the 

thin layer reservoir using a geostatistical model where probability density function (PDF) and a 

variogram as one of the input models. We demonstrate the comparison between the result of the 

deterministic seismic inversion and the result of the geostatistical seismic inversion. 

 

2. METHODOLOGY 

The detailed characterization of the thin reservoir of the Air Benakat Formation in the Jambi 

sub-basin was carried out by applying geostatistical seismic inversion. To get a better 

understanding of the advantage of geostatistical seismic inversion, we compared its result to the 

deterministic seismic inversion result. These two seismic inversion algorithms were applied to 

three-dimensional post-stack seismic data and data from eight wells. Each well contains gamma 

ray, density, neutron porosity, sonic, and resistivity data. This work was performed using CGG 

Jason software. A well–seismic tie was applied to eight wells, and we obtained the average of 

the correlation coefficient of 0.75. This means that the seismic and well data have a good match 

in terms of geological data and seismic features.  

The deterministic seismic inversion is based on the Constrained Sparse Spike Inversion for 

calculating P-impedance over the entire survey area (trace gate), which is a type of trace-based 

inversion. This inversion was based on the convolutional model between the reflection 

coefficient and seismic wavelet. To reduce the uncertainty, a low-frequency model was used as 

a guide. This low-frequency model was built from the low-pass filter of P-impedance log 

interpolation and used the geological horizon as a guide.  



Haris et al.   957 

Geostatistical inversion inverts the reflection seismic data with the most complex geostatistical 

algorithm (Havelia et al., 2017). The essential step in this inversion is the geostatistical 

modelling that generates the PDF and experimental variogram from well data in every target 

reservoir (Haas & Dubrule, 1994; Sulistiono et al., 2015). The step is continued by simulating 

the number of initial models based on the PDF and variogram (Robinson, 2001). The initial 

models were analysed and we decided the best parameter to be chosen. We had to pay much 

attention to the decisive step of the geostatistical seismic inversion by setting the noise level 

and sampling rate. 

The key differences between the deterministic and geostatistical seismic inversion were in the 

realization model, as the deterministic seismic inversion only resulted in one P-impedance 

model, whereas geostatistical inversion resulted in multiple P-impedance models (Sams & 

Saussus, 2010; Nunes et al., 2017). The multiple models of realization provided the quantity of 

the non-uniqueness and uncertainty of the inversion result (Francis, 2006; McCrank et al., 

2009). The geostatistical inversion was generating a realization model that was bounded by the 

probability density function from seismic and well data. The uncertainty model was determined 

based on the multiple realizations model. 

 

3. RESULTS AND DISCUSSION 

In this work, we applied the two seismic inversion algorithms to data from eight wells and 

three-dimensional seismic data that consisted of 198 inline and 261 crossline. Prior to 

performing the seismic inversion, a feasibility study was carried out to analyze the P-impedance 

dimension in the target zone (Hermana et. al., 2017). This feasibility study defined the cutoff 

value of P-impedance to separate the target zone (sand) and non-target zone (shale). The cutoff 

value of the gamma rays was defined at 90 American Petroleum Institute (API) units , and the 

target zone was indicated by a gamma ray measurement of less than 90 API. Moreover, the 

resistivity cutoff was 2.5 ohms with the target zone indicated by resistivity higher than 2.5 

ohms. The cutoff value of P-impedance, which was correlated to gamma rays (y-axis) and 

resistivity (color) as shown in Figure 1, was defined at 25,000 gr/ccft/s. This means the 

lithology with a P-impedance higher than the cutoff was classified as a reservoir, and the 

lithology with a P-impedance lower than the cutoff was considered as a non-reservoir. 

 

 

Figure 1 Cross-plot with P-impedance as the x-axis, gamma rays as the y-axis, and resistivity as color. 

P-impedance cutoff was defined at 25,000 gr/ccft/s (red line) 
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This P-impedance cutoff was correlated to a low gamma ray (less than 90 API) measurement 

and high resistivity (greater than 2.5 ohms), which represents the sand lithology and the 

hydrocarbon bearing. The reservoir target was indicated by high impedance because the 

lithology types of the reservoir were glauconitic sand with higher mineral density and hardened 

facies. The hardness of the reservoir rock has a direct effect on the acoustic wave propagation. 

The geostatistical seismic inversion relied on vertical and lateral variograms. The vertical 

variogram was determined from data from eight well logs, whereas the lateral variogram was 

defined by P-impedance (the result of deterministic seismic inversion). Figure 2 shows the 

vertical and lateral variograms for layer M, which was an exponential-type variogram. This 

exponential-type variogram was chosen in order to obtain more variation of the thin feature. 

Figure 2a illustrates the PDF of the relation between P-impedance and porosity from data from 

eight well logs. The target data is indicated in yellow and the non-target data is marked in 

green. The data with a high PDF is clustered in a small curve (shown in green). Figure 2b 

displays the vertical variogram from data from eight well logs; its range was determined at 10 

metres. Figure 2c presents the lateral variogram; its range was defined at 1200 metres. This 

defined variogram was then used as input for the geostatistical seismic inversion. 

After completing geostatistical modeling, a simulation of the reservoir model was performed 

using a Monte Carlo Markov Chain method. This step was for generating initial models by 

simulating random number well log data in the variogram and PDF. This initial model was built 

based on an iteration using the Monte Carlo Markov Chain algorithm. Each initial model 

resulted in one realization of an inversion result and discrete properties model. In this work, we 

performed the simulation 50 times; thereby, the most probable model was determined based on 

the average of 50 simulated models. Thus, the probability model was calculated based on these 

50 models, then this probability model being quantification of the uncertainty. 

 

   
(a) (b) (c) 

Figure 2 The statistical analysis for layer M that consists of: (a)  the probability density function; (b) 

vertical variogram from porosity data; and (c) lateral variogram from P-impedance data (gr/ccft/s). The 

red, green, and yellow colors indicate the experimental, non-target, and target variogram models, 

respectively 

 

Figure 3 shows the seismic inversion result from the geostatistical and deterministic seismic 

inversions. The figure illustrates the different results from these two algorithms. The 

geostatistical seismic inversion produced higher resolution P-impedance and was able to 

display the sub-layer features that the deterministic seismic inversion was unable to resolve it. 

The thin reservoir in layer M was clearly identified in the geostatistical inversion results, which 

was correlated to the presented sub-layer in the ADP-10 and ADP-19 wells (ellipse (a) in 

Figure 3) rather than in the deterministic seismic inversion result (ellipse (c) in Figure 3). This 

thin reservoir was difficult to directly identify by the seismic section, but it could be detected by 

well log data. In addition, the thicker reservoir (ellipse (b) in Figure 3) in layer N was clearly 

and continuously imaged in the geostatistical seismic inversion result rather than in the 
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deterministic seismic inversion result (ellipse (d) in Figure 3). 

 

 

Figure 3 The comparison between the geostatistical seismic inversion result (top) and deterministic 

seismic inversion result (bottom) for line AB, where the inserted well log data are P-impedance. The 

ADP-09 well was not included in the inversion process, but it was used to verify the inversion result 

 

The evaluation of the seismic inversion result was not only focused on the resolving power, but 

also on predicting the inversion result. Thus, we carried out a blind test analysis over data from 

one well. The ADP-09 well was not included in the inversion process, but it was used to verify 

the inversion result. Figure 3 shows the advantage of geostatistical seismic inversion in 

predicting the inversion result compared to the deterministic seismic inversion. The 

geostatistical seismic inversion result indicated a better match with the ADP-09 well than the 

deterministic seismic inversion result. This good match was confirmed by the high correlation 

coefficient and low root means square (RMS) error compared to the deterministic seismic 

inversion. The geostatistical seismic inversion had a correlation coefficient of 0.512 and an 

RMS error of 2414.5 gr/ccft/s with respect to P-impedance of well log data. In contrast, the 

deterministic seismic inversion had a correlation coefficient of 0.472 and an RMS error of 

2523.4 gr/ccft/s. 

 

  

(a) (b) 

Figure 4 The comparison of: (a) the predicted P-impedance; and (b) the frequency spectra  

The advantage of the geostatistical seismic inversion is clearly seen in Figure 4, which 
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illustrates the comparison of the predicted P-impedance and the frequency spectrum. The target 

zone’s depth range varied from 1200 to 1380 metres, with the red and blue curve showing the 

geostatistical and deterministic inversion results, respectively. Figure 4a shows the P-

impedance of both algorithms that vary from 2000 to 29,000 gr/ccft/s. However, it can clearly 

be seen that geostatistical seismic inversion produces more detailed P-impedance in terms of 

vertical variation. Furthermore, the spectrum frequency analysis showed that the geostatistical 

seismic inversion had a higher amplitude spectrum compared to the deterministic seismic 

inversion, as shown in Figure 4b. These two pieces of evidence verified that the geostatistical 

seismic inversion produced detail-scale heterogeneities of P-impedance by offering higher 

resolution rather than the deterministic seismic inversion.  

Detailed analysis of the geostatistical seismic inversion result was performed by quantifying the 

probability model. Figure 5 shows a cross-section of the probability model based on the 

geostatistical seismic inversion. The thin reservoir in layer M in Figure 3 ellipse (a) has a 

probability of 60% for the existence of the layer based on the probability model, which is 

shown in Figure 5. The thicker reservoir in layer N (ellipse (b) in Figure 3) indicates a 

probability of 80%. These predictive probabilities were based on 50 realizations.  

Comparing the P-impedance to the probability model, we can conclude that the variogram has 

been satisfactorily distributing the well data. The probability model was a combination of the 

geostatistical model and seismic data; thus, the realization is not continuous because of the non-

continuity of the seismic reflection. In general, the geostatistical seismic inversion provided a 

more geologically reasonable realization than the deterministic seismic inversion.  

 

 

Figure 5 The probability model for line AB, which was produced based on 50 realizations. The black 

ellipse shows the target reservoir 

 

Further detailed analysis of the geostatistical seismic inversion result was performed by 

observing the discrete properties model. Figure 6 shows the discrete properties model, which is 

illustrated in contrasting colors to differentiate the target zone (sand) and non-target zone (clay). 

The sand reservoir is indicated in yellow and the clay is illustrated in green. The discrete 

properties model indicated a good match with all available wells, including the ADP-09 well 

that was used as a blind test. In general, the reservoir, whether thin or thick, was delineated very 

well in the discrete properties model. 

The discrete properties model was determined to be the most probable model based on 50 

inverse realizations. Therefore, this model represents the highest probability of determining the 

sub-surface reservoir distribution. The thin layer under tuning thickness can be identified using 

this discrete properties model. This means that the thin layer has been successfully distributed 

via geostatistical seismic inversion. The continuity of the thin reservoir in layer M was 



Haris et al.   961 

definitely distributed, but it can be improved by incorporating the ADP-09 well into the 

inversion process. In addition, by increasing the range value in the lateral variogram, the thin 

reservoir can be extended. However, the uncertainty of the model was increasing as a 

consequence of increasing the range values.  

 

 

Figure 6 The discrete properties model for line AB. The black ellipse shows the thin reservoir. 

 

 
(a) 

 
(b) 

Figure 7 The P-impedance map along layer M, which was produced by: (a) geostatistical seismic 

inversion; and (b) deterministic seismic inversion 
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The advantage of the discrete properties model compared to inverted P-impedance was that the 

discrete properties model was able to clearly delineate between the target zone and non-target 

zone. This means that not the entire delineated target zone in the inverted P-impedance was 

classified as a target zone in the discrete properties model. This model was the average of 50 

inverse realizations. The probability of the discrete properties model was higher in the area that 

was close to a well. 

The detailed analysis of the inverted P-impedance is illustrated in the P-impedance map. Figure 

7 shows the P-impedance map of layer M, which was produced by the geostatistical seismic 

inversion and deterministic seismic inversion. The significant difference was clearly identified 

in the distribution of the target reservoir, where the geostatistical seismic inversion illustrated 

continuous target zone (Figure 7a) rather than the deterministic seismic inversion (Figure 7b). 

The distribution of the thin reservoir is indicated by the red area inside the circle. The thin 

reservoir represents the sand lenses in the high structure. The red area indicates hydrocarbon 

potential. 

 

4. CONCLUSION 

Geostatistical seismic inversion has been successfully applied to the thin reservoir of the Air 

Benakat formation in the Jambi sub-basin by producing high vertical resolution and accurately 

mapping sub-seismic features of the thin reservoir rather than by using the deterministic seismic 

inversion. The reservoir target was identified as glauconitic sandstone with a relatively high P-

impedance, which was based on the cross-plot analysis. The geostatistical seismic inversion 

model was not limited to the tuning thickness of seismic data, as it was based on simulations by 

considering the PDF and variogram model. In addition, the geostatistical seismic inversion was 

constrained by the probability model and the discrete properties model, which was useful in 

delineating between the target zone and non-target zone. The detailed analysis of the inverted P-

impedance showed that the geostatistical seismic inversion illustrates continous target zone 

rather than the deterministic seismic inversion. The thin layer distribution was indicated by the 

high P-impedance with the certainty of 60%, which was based on the simulation model run 50 

times. 
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