
Introduction 
Data assimilation (DA) uses dynamic data, such as pro-
duction, pressure, and 4D seismic (4DS), to reduce uncer-
tainties and improve the quality reservoir models and 
production forecast. Well data is more detailed in time 
and 4DS is more detailed in space, so both types of data 
are important and play complementary roles. Incorporat-
ing 4D seismic (or time-lapse seismic, TLS) in the data 
assimilation makes the process more complex due to the 
higher amount of data to be assimilated, requiring more 
robust methods and better computational resources 
(processing capacity and memory). The development and 
application of permanent seismic monitoring technologies 
have increased in the last years, with two outcomes. On 
one side, these technologies improve the overall seismic 
quality, in terms of signal resolution and repeatability. On 
the other hand, a massive amount of data is generated 
from the multiple monitors, making the incorporation of 
4DS data in the DA process even more complex. There-
fore, it is necessary to seek robust DA methods capable of 
dealing with such a huge amount of data effectively and 
efficiently. 
This text summarizes the paper published by Maschio et 
al. (2024), which aims to assess the performance of an 
iterative ensemble smoother method, named Subspace 
Ensemble Randomized Maximum Likelihood with a local 
analysis scheme (SEnRML-LA) implemented by Silva 
Neto et al. (2021) to assimilate a big datasets. The main 
advantage of the method SEnRML-LA is its efficiency in 
terms of memory consumption, which makes it very suit-
able to assimilate huge volumes of observed data. A de-
tailed analysis of the computational requirements with 
increasing data-set size was performed by Silva Neto et 
al. (2021). The authors made it clear the advantages of the 
SEnRML-LA method compared to other ensemble-based 
methods. Details about the method can be found in Silva 
Neto et al. (2021). 

Application 
The case studied in this work is the UNISIM-IV, a reser-
voir model based on the UNISIM-III benchmark case 
representing a giant field composed of fractured car-
bonate karst reservoir from the pre-salt province. The 
production strategy consists of 17 vertical wells, eight 
producers and nine injectors. The recovery strategy in this 
benchmark case assumes that the injectors reinject all the 
produced gas in the reservoir. Furthermore, each injection 
well operates in WAG cycles of 6 months, except for well 
I16, which only injects gas.  
The observed data assimilated in this work was generated 
from the UNISIM-IV-R and is composed of well and 4D 
seismic data for seven pairs of monitors. The 4DS data 
are the impedance ratios (between two consecutive moni-
tors) in 15 seismic horizons, totaling 105 maps to be 
assimilated. To our best knowledge, this is state of the art 
in terms of practical applications in data assimilation. 
There are a total of 86004 data points to be assimilated: 
69426 related to TLS data plus 16578 related to well data. 
It is worth mentioning that this amount of data is very 
challenging for most ensemble-based assimilation meth-
ods. 
The case related to the simultaneous assimilations of 4DS 
and production data is named ”TLS-Well” and the case 
assimilating only well data (used for comparison purpos-
es) is named ”Well”. 

Results 
Figure 1 shows the NQDS for 3 producers (P14, P15, and 
P16), indicating that TLS data improved the well data 
match. Figure 1 also shows the water rate curves for P16 
comparing the prior ensemble (gray) and the posterior 
ensemble for the cases TLS-Well (blue) and Well (green). 
Analyzing the posterior simulation curves, one can see 
that there is a trend of underestimation of water produc-

tion for the Well case, as also depicted in the NQDS plot. 
On the other hand, the inclusion of the seismic data im-
proved the well data match. The seismic data provides 
spatially rich information related to the reservoir fluid 
distribution and this allows the assimilation method to 
better detect the influence between a given attribute 
(relative permeability, for example) and the fluid move-
ment, improving as a consequence the well data match. 

Figure 2 shows the time-lapse maps (acoustic impedance 
ratios) comparing the observed map with the prior mean, 
and the posterior mean for the cases TLS-Well and Well. 
For the Well case, we run the reservoir simulations again 
for the models of the last iteration to generate the data 
necessary to compute the impedance ratios, since during 
the data assimilation for this case only well data were 
generated. The TLS-Well posterior mean is more similar 
to the observed map compared the Well posterior mean. 

Figure 3 shows the NQD (|NQDS|) for six pairs of moni-
tors, including M1 H2. Notably, the NQD for the case 
TLS-Well is lower that the NQD for the case Well, show-
ing that the case assimilating TLS and wells together 
provides better results comparing to the case assimilating 
only well data. 
Figure 4 shows faults transmissibility multiplier (TM), 
indicating that the Well case practically maintained the 
prior distribution for the Fault 1, meaning that the wells 
data was not enough to constrain this fault transmissibil-
ity and the method (SEnRML-LA) correctly maintained 
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Figure 1: NQDS and water rate (P16). 

Figure 2: Impedance ratio for the map “M1 H2” (Monitor1 

divided by the Baseline, Horizon 2). 
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the uncertainty for this attribute. On the other hand, the 
spatial information from the TLS enabled the uncertainty 
reduction of this fault (TLS-Well case). Fault 2 is located 
in a region of the reservoir close to the wells’ locations. 
This explains why both cases reduced the uncertainty in 
the transmissibility multipliers of this fault similarly. 

Figure 5 shows a forecast example of a well opened after 
the end of the history period, showing how the models 
can predict a new well performance (without history). 

Note, in Figure 5, that the TLS-Well posterior curves are 
more symmetrically distributed around the reference. 

Another observation is that the oscillations in the P18 
posterior curves for the case Well do not appear in the 
TLS-Well case, in which the behavior of the models is 
very similar to the reference solution. 
More details and results can be found in the full version 
of the paper (Maschio et al., 2024). 

Conclusions and Final Remarks 
In this work, we performed well and time-lapse seismic 
data assimilation in a realistic case that represents chal-
lenges similar to a Brazilian pre-salt reservoir. We em-
ployed the SEnRML method with local analysis to assim-
ilate seven pairs of seismic monitors together with the 
well data. The specific conclusions are: 

 The method SEnRML with local analysis (SEnRML
-LA), proposed by Silva Neto et al. (2021), is able to 
handle big data sets originated from multiple moni-
tor acquisitions, being an alternative to solve practi-
cal problems involving permanent seismic monitor-
ing technologies. 

 The problem solved in this work with the SEnRML-
LA is the state of the art in data assimilation process. 
It was possible to assimilate all the data simultane-
ously, including the 105 horizons for the TLS and 
the wells’ production and pressure data. 

 The data assimilation was successful, in terms of the 
quality of the results and method performance. Good 
convergence was verified for both objective func-
tions (seismic and wells) for the TLS-Well case. For 
the Well case, good convergence was also verified 
for the well objective functions. 

 Finally, this work showed the benefit the TLS data 
gathered from multiple monitors using permanent 
monitoring technologies and proved the robustness 
of the SEnRML-LA method in assimilating all seis-
mic monitors simultaneously. 
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Figure 3: NQD (|NQDS|) for six pairs of monitors. 

Figure 4: Faults transmissibility multiplier (TM). 

Figure 5: Example of forecast result. 
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