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Abstract
Heterogeneous carbonate reservoirs pose a significant challenge for accurate permeabil-
ity prediction, crucial for reservoir characterization and production planning. This study 
addresses this challenge by presenting an integrated multi-method workflow that syner-
gizes petrophysical rock typing with hydraulic flow unit (HFU) delineation. Applied to 
the post-salt Albian carbonate reservoir of the Linguado field in Brazil, the methodology 
transcends the limitations of standard empirical correlations. Porosity was initially as-
sessed using wireline logs and then compared with laboratory sample data from boreholes 
LIN03 and LIN10. The acoustic, density, and neutron porosity values for LIN03 yielded 
Pearson correlation coefficients (R2) of 0.29, 0.21, and 0.14, respectively. In contrast, 
LIN10 exhibited slightly better results with R2 values of 0.51, 0.50, and 0.37. The con-
sistency of the approach was confirmed across both wells, with the larger dataset from 
LIN10 yielding marginally stronger initial correlations, where the sonic porosity was 
selected for subsequent permeability estimates due to its relative superiority over other 
estimates. After addressing this initial challenge, a permeability estimate was calculated 
using Timur’s empirical equation, yielding an R2 of 0.12. This outcome underscores the 
need for more reliable models that can incorporate reservoir zoning based on lithofacies, 
flow zones, and hydrodynamic flow units. This categorized method led to the formula-
tion of regression equations for each hydrodynamic flow unit. While refined analysis can 
achieve greater accuracy by integrating results from multiple assessment techniques, the 
hydrodynamic flow units proved critical for accurately evaluating permeability relative 
to laboratory results, demonstrating the effectiveness of this method. The permeability of 
LIN03 showed an R2 = 0.97, whereas LIN10 presented an R2 = 0.98. These values can be 
used to forecast possible flow zones in additional oilfield boreholes. An advanced step in 
estimation methodologies was reached when the provided methodology culminated in a 
linear regression analysis to estimate permeability inside each hydrodynamic flow unit of 
the post-salt reservoir in southeastern Brazil.
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1  Introduction

Approximately 7% of Earth’s surface is covered by carbonate rock, which contains nearly 
all the world’s hydrocarbon reserves. These rocks host around 70% of the Middle East’s 
extensive oilfields, which represent over 60% of global oil reserves and 40% of global 
natural gas reserves (Lucia et al. 2003; Lucia 2007). In contrast to siliciclastic reservoirs, 
carbonate rocks pose greater challenges for characterization due to their lithological com-
plexity. They frequently undergo intense diagenetic processes, including cementation, dis-
solution, dolomitization, recrystallization, and biological activity (Gomes et al. 2008).

The recognition of these elements through petrophysical studies is essential for evaluat-
ing reservoir behavior, which is crucial for identifying flow units. These units represent 
different parts of a reservoir exhibiting similar flow characteristics. The identification of 
these units enables the evaluation of permeability, which estimates the efficiency with which 
fluids traverse a reservoir. This approach aids in identifying and characterizing reservoirs, 
predicting their performance, and optimizing production plans (Al-Tooqi et al. 2014).

Integrating geological and petrophysical data enables the development of a rock-fluid 
reservoir model. This investigation distinguishes between the rock types that make up res-
ervoirs and those that do not. A petrophysical rock type (PRT) is a technique for classify-
ing rocks based on their physical properties, particularly porosity (ϕ) and permeability (k). 
Understanding reservoir behavior relies heavily on certain properties, particularly in dif-
ferentiating between pore geometry, mineral content, and specific fluid-flow characteristics. 
Analytical techniques play a vital role in developing flow models for reservoirs, as these 
models connect flow characteristics to the PRT (Amaefule et al. 1993). The models are 
based on several laboratory experiments with rock samples (Gomaa et al. 2006).

Experimental measures of ϕ and k, thin-sheet analysis, pore structure inspection with an 
electron microscope, capillary pressure mercury injection quantification, and pore throat 
size distribution are all considered within this methodology (Jooybari et al. 2010). Thus, 
the reservoir volume can be divided into a few PRT with: (a) various bands of petrophysi-
cal properties, such as ϕ, k, water saturation, capillary pressure, or different connections 
between the fundamental assets; and (b) depositional facies and diagenesis are standard 
diagenetic features that determine the pore type, geometry, and petrophysical properties 
(Skalinski and Kenter 2015).

Conversely, log interpretation relies on various assessment procedures and is aligned 
with other methods. The combined results of these assessments reveal the presence of litho-
facies or electrofacies, and it is expected that this will lead to similarities among the models 
proposed by different techniques. Reservoir classification is seen as a collaborative effort 
that involves reservoir engineering, petrophysics, and geology (Hollis et al. 2010).

In the literature, there are motivating works on the theme presented in the previous para-
graph (Beiranvand et al. 2007; Al-Tooqi et al. 2014; Skalinski and Kenter 2015; Mehrabi 
et al. 2019). Beiranvand et al. (2007) identified reservoir rock types based on integrated 
data from core descriptions and petrographic analyses, mercury-injection capillary pressure, 
wireline logs, geophysical data, lithological, and pore-scale diagenetic history, which were 
then used to define the flow units and reservoir zones. The research contributed to a better 
understanding of flow unit distribution and reservoir modeling in this complex carbonate 
reservoir.
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Al-Tooqi et al. (2014) used conventional core analyses, petrographic analysis, bulk 
chemistry, and mercury-injection capillary-pressure data to define PRTs. Skalinski and 
Kenter (2015) proposed a method for identifying and characterizing carbonate reservoirs 
by integrating geological attributes, petrophysical properties, and dynamic behavior. This 
approach aims to improve reservoir modeling by better understanding the influence of dia-
genetic processes and fractures on fluid flow.

Mehrabi et al. (2019) focused on classifying reservoir rock types and their distribution 
using a sequence-stratigraphic framework. It identifies different reservoir zones and rock 
types and interprets how these differences are related to the tectono-stratigraphic frame-
work. The research also integrates data from cored intervals, electrofacies, and sequence 
stratigraphy to build a comprehensive reservoir model.

In terms of Brazilian reservoirs, those of the pre-salt layer are marked by complex car-
bonates exhibiting different kinds of ϕ and k. Research on this reservoir type has flow-unit 
segmentation strategies that primarily combine petrophysical techniques with rock types 
and geological classifications. This methodology aims to improve understanding of the con-
nections between facies, diagenesis, and reservoir quality (Penna and Lupinacci 2020, 2021; 
Rebelo et al. 2022; Zeitoum et al. 2024; Rocha et al. 2025).

Classical hydraulic flow unit approaches remain among the most widely used techniques 
for improving permeability prediction in heterogeneous reservoirs because they integrate 
pore geometry, permeability, and connected porosity into a physically meaningful frame-
work. Foundational studies by Amaefule et al. (1993) established the use of hydraulic flow 
units for uncored intervals, while more recent studies have demonstrated the applicability 
of FZI- and HFU-based workflows in carbonate reservoirs with strong heterogeneity and 
diagenetic overprint. For example, Khalid et al. (2020) showed that HFU methods improve 
reservoir zonation and permeability prediction, whereas Alizadeh et al. (2022) integrated 
FZI and well logs into artificial neural networks to improve permeability estimation in het-
erogeneous reservoirs.

More recently, machine learning approaches have become strategic tools for permeability 
prediction in carbonate systems. Studies by Al Khalifah et al. (2020), Xu et al. (2023), and 
Khalid et al. (2024) demonstrated that machine learning models can significantly improve 
permeability prediction by incorporating multiple logging responses and nonlinear rela-
tionships. In addition, physics-based machine learning approaches, such as the discrepancy 
modeling framework proposed by Akmal and Pyrcz (2025), have shown strong potential for 
integrating physical constraints with data-driven methods.

While integrated approaches have been successfully applied to the well-studied pre-salt 
reservoirs, their implementation in complex but distinct post-salt carbonate formations is 
less documented. These reservoirs exhibit intricate facies variations and diagenetic over-
prints that similarly defy simple porosity–permeability transforms (Carrasquilla and Silva 
2019; Carrasquilla and Abreu 2023; Carrasquilla and Rocha 2025). Therefore, a critical 
question persists: Can a core-calibrated, flow-unit-based framework be effectively estab-
lished and translated into a log-driven predictive model for post-salt carbonates?

This study answers this question by developing and validating a comprehensive work-
flow for the Linguado field. We demonstrate how systematically integrating core and log 
data to define Hydraulic Flow Units (HFUs) enables the derivation of unit-specific perme-
ability transforms, achieving a step-change in prediction accuracy compared with conven-
tional methods.
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2  Geological background

Campos is one of the sedimentary basins delineated along the southeastern Brazilian conti-
nental shelf border, formed during the fragmentation of the supercontinent Gondwana. The 
tectonic adjustment of the plates during the Mesozoic era resulted in the fragmentation of 
extensive and largely stable continental blocks. In contrast, marine conditions dominated 
the basin during the Albian-Cenomanian period (Okubo et al. 2015). This research was 
performed on the Linguado oilfield within this basin, situated at 40° 50′ 00" west longitude 
and 22° 50′ 00" south latitude (Fig. 1).

Figure  2A illustrates the geological section of the Campos Basin, a typical Brazilian 
coastal basin. This figure illustrates this section’s examined segment within a dashed red 
rectangle, specifically the post-salt layer’s calcarenites. The salt layer is seen in purple in the 
illustration. Figure 2B presents an enlarged view of the section analyzed in the stratigraphic 
column of the Campos Basin, delineated by a dashed red rectangle in Fig. 2A (Okubo et al. 
2015).

In this figure, the Macae Group consists of the Goitacas Formation, which includes the 
Quissama, Outeiro, Imbetiba, and Namorado Formations. The Quissama Formation (1) is 
an Albian carbonate reservoir in the lower section of the group, comprising clastic and 
oolitic carbonates that are locally fully dolomitized. The Outeiro Formation has calcilutite, 
marl, and shale of Albian age in its proximal section, whereas turbiditic sandstones from 
the Namorado Formation are present in its distal region. Subsequently, calcilutites from the 
Imbetiba Formation (4) in the proximal section of the Goitacas Formation, dating to the 
Cenomanian period, are presented. The turbiditic sandstone of the Namorado Formation (3) 
exists within the same geological age as the distal section of the Goitacas Formation, which 

Fig. 1  Map of the location of the investigated oilfield in the southwest of the Campos Basin, with inter-
ception at longitude 40° 50′ 0″ west and latitude 22° 50′ 00″ south (A) and contour map of the basement 
depth (B), highlighting the locations of the Wells LIN03 and LIN10 (modified from Bruhn et al. 2003)
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comprises poorly sorted conglomerate and sandstone. The Namorado Formation, located 
in the distal part of the Goitacas Formation, is important to both the Outeiro and Imbetiba 
Formations. The Outeiro Formation contains Upper Albian turbidites, while the Imbetiba 
Formation comprises Middle to Upper Cenomanian turbidites (Formoso et al. 1991).

The Quissama Formation consists of grainstones and packstones composed of oncoids, 
ooids, peloids, and various bioclasts. These elements are connected to northern shoals 
formed in high to medium-energy environments. The Outeiro Formation is distinguished 
by fine carbonate strata alternating with marl and wackestone. This formation was produced 
due to a gradual rise in sea level that resulted in the submergence of the shallow carbonate 
platform of the Quissama Formation (Fig. 3). Moreover, these carbonate rocks are abundant 
in pelagic microfossils, such as calcispheres (notably pistonellids), planktonic foraminifera, 
and radiolarians (Okubo et al. 2015).

3  Materials and methods

The data from wells LIN03 and LIN10 of Linguado oilfield includes gamma-ray (GR), 
shallow (RXO), deep (RT) resistivities, bulk density (RHOB), neutron porosity (NPHI), 
and delay-time (DT) logs, together with ϕ and k laboratory data. The selected boreholes 
are approximately 700 m apart and possess a superior dataset compared to the other 25 
wells of the oilfield. The laboratory ϕ was measured with the helium porosimeter in core 
samples, representing the effective porosity (ϕe) as it pertains to the interconnected pore 
spaces accessible to the gas. The permeability was measured in the laboratory by flowing 
helium through a sample and measuring the flow rate or pressure drop (Petrobras 2012; ANP 
2019). These data were initially interpreted using the Interactive Petrophysics (IP) software 

Fig. 2  A The general geologic section shows the basins along the eastern margin of Brazil. The four main 
mega sequences are PR (Pre-Rift), R (rift), T (Transitional, including the Evaporate Section), SC (Shal-
low Carbonate), MT (Marine Transgressive), and MR (Marine Regressive). B A closer look at the stra-
tigraphy of the post-salt carbonates of the Campos Basin, focusing on the studied region, the dolomites 
and the calcarenites of the Quissama Formation (1), Outeiro Formation (2), Namorado Formation (3), 
Imbetiba Formation (4), and Goitacas Formation (5) (modified from Okubo et al. 2015)
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(Geoactive 2023), and calculations and visualizations were also conducted using the MAT-
LAB platform (MATLAB 2021).

Many empirical relationships relate ϕ and k, among them the Timur approach (Timur 
1968), which is one of the best-known models for predicting k, derived using the equation:

	
ka = b

(
ϕc

e
SWIRR

)
,� (1)

where k is the permeability (mD), a = 0.5, b = 93, and c = 2.2 are regression constants, ϕe is 
the effective porosity (%), and SWIRR (%) is the irreducible water saturation. The DT log 
measures the acoustic transit time in the formation, and DT porosity (ϕDT) obtained from 
this log is expressed by:

	
ϕDT = ∆tLOG − ∆tMAT

∆tFLU − ∆tMAT
,� (2)

where ϕDT is the travel time porosity (µs/feet), ΔtLOG is the measured interval travel-time 
(µs/feet), ΔtMAT is in the rock matrix (µs/feet), and ΔtFLU is in the saturating fluid (µs/feet). 
As it is a carbonate reservoir, ΔtMAT = 45 μs/feet for limestone and ΔtFLU = 230 μs/feet for 

Fig. 3  Lithofaces of wells LIN03 (left) and LIN10 (right) located in Fig. 1b (modified from Okubo et al. 
2015)
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oil from the oil zone. As ϕDT indeed measures primary porosity, and it was used to asses the 
values that most closely align with ϕe, the laboratory measurements (Nugent 1984).

On the other hand, k, ϕ, and the capillary pressure parameters are related by the Winland–
Pittman method. This empirical equation has demonstrated efficacy as a cut-off criterion for 
finding commercial hydrocarbon reserves in stratigraphic traps (Winland 1972). The regres-
sion equation derived from laboratory data is:

	
r35 = 5.40

(
k0.59

ϕ0.86

)
,� (3)

where r35 represents the predicted pore throat radius (μm) at 35% mercury saturation during 
the injection capillary pressure test, k denotes the permeability (mD), and ϕ signifies poros-
ity (%) (Aguilera 2002). This equation can predict comparable r35 values for core samples of 
a specific petrophysical rock type (PRT) or flow unit (FU) in wells lacking capillary pressure 
data. This equation can be simplified in the form:

	
r35 = 2.67

(
k
ϕ

)
,� (4)

which calculates the pore-throat radius at 35% mercury saturation, with k measured in mD 
and ϕ expressed as a percentage (Omeje et al. 2022).

The stratigraphic modified Lorenz plot (SMLP) technique was subsequently employed 
to examine the dataset. The SMLP method is a laboratory-generated cross-plot of ϕ and 
k derived from core data. This strategy is a highly effective FU discriminating technique 
grounded in geological structure, cumulative storage capacity (ϕh, %), and cumulative flow 
capacity (kh, %). kh represents the product of k and h (thickness, m), whereas ϕh denotes the 
product of ϕ and h (%). The formulae:

	
kh =

([
k1 (h1 − h0) + k2 (h2 − h1) + . . . ki (hi − hi−1)∑

ki (hi − hi−1)

])
,� (5)

and

	
ϕh =

([
ϕ1 (h1 − h0) + ϕ2 (h2 − h1) + . . .ϕi (hi − hi−1)∑

ϕi (hi − hi−1)

])
,� (6)

delineate the mathematical expressions employed for their computation, where ki, ϕi, and hi 
represent the permeability (mD), porosity (%), and thickness (m) of the respective layers. 
kh and ϕh represents the cumulative flow and storage capacity (Tiab and Donaldson 2015).

The reservoir quality index (RQI), flow zone indicators (FZI), and the Winland–Pitt-
man approach were employed to allocate the FU across the reservoir (Pittman 1992). The 
equation

	
RQI = 0.0314

(
k
ϕ

)
,� (7)
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was used to calculate the RQI, where k represents the permeability (mD), and ϕ is the sonic 
porosity (%), which is the connected porosity (Amaefule et al. 1993). FZI is a function of 
RQI, expressed as:

	
FZI = RQI

ϕz
,� (8)

where ϕz is the pore volume to grain volume fraction, defined as:

	
ϕz = ϕ

1 − ϕ
.� (9)

Each straight line signifies analogous pore throats, and an FU is identified based on FZI in 
the cross-plot between ϕz and RQI on a log–log scale. PRT constitutes the geological frame-
work, whereas ϕh is the basis for the graphical technique to estimate reservoir FU (Gunter 
et al. 1997).

Samples exhibiting different FZI values are organized in supplementary parallel lines, 
illustrating a characteristic hydraulic flow unit (HFU) and analogous pore throat properties. 
The mean FZI value most accurately reflects the characteristics of each zone with a minimal 
margin of error. HFUs are computed utilizing the parameters k and ϕ as inputs in conjunc-
tion with the PRT concept. Consequently, the HFU is calculated using the RQI in conjunc-
tion with ϕZ cross-plot when the value of ϕZ = 1 is plotted on a logarithmic scale. Low 
HFU values result from rocks characterized by poorly sorted, fine grains with a substantial 
surface area and elevated tortuosity. Conversely, elevated HFU values result from rocks 
characterized by well-sorted, coarse grains with a reduced surface area and a diminished 
formation factor and tortuosity (Dunham 1962).

The equations for k in each HFU are solved using a linear regression (Amaefule et al. 
1993):

	
k =

(
FZI2ϕ3)

(0.031 (1 − ϕ))2 ,� (10)

where k, FZI, and ϕe are as defined above.
The central philosophy of our methodology is to use detailed core data from key wells 

to uncover the reservoir’s underlying hydraulic structure. This geological–petrophysical 
framework is then used to train the response of conventional geophysical logging. The sub-
sequent steps, detailed below, follow this progression from core-scale analysis to logging-
scale application.

This logical progression is summarized in the workflow diagram (Fig.  4), where the 
dynamic parameters for the reference well LIN03 were assessed and subsequently applied 
to the blind test well LIN10, utilizing the existing correlation between the two boreholes. In 
summary, this work adopts the following order for the determination of permeability: Win-
land–Pittman method, SMPL, RQI, FZI, and HFU, and the sequence culminates in a linear 
regression to estimate the permeability in each HFU in the post-salt reservoir in southeast-
ern Brazil, which becomes the innovation of the estimate (Lichotti 2016).
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4  Results and discussions

The application of our integrated workflow produced a transformative improvement in per-
meability estimation. Moving from a generic empirical model (Timur equation, R2 = 0.12) 
to specific HFU models increased the coefficient of determination to R2 > 0.97, effectively 
bridging the gap between well-log predictions and core measurements. The following sec-
tions detail the steps that led to this result.

The log data for the wells LIN03 (Fig. 5A) and LIN10 (Fig. 5B) are organized into tracks: 
(1) depth (m); (2) temperature (°F); (3) fluids; (4) GR (°API) log; (5); NPHI (%, blue) and 
RHOB (r/cm3, red) logs; (6) DT (μs/feet) log; (7) shallow RXO (pink) and deep RT (red) 
resistivity logs (Ω m). Data for LIN03 is between 1750 and 1890 m in depth, with potential 
reservoir rocks located between 1800 and 1890 m. For LIN10, the data range from 1720 
to 1900 m in depth, with prospective reservoir rocks identified between 1770 and 1890 m.

The qualitative comparison of the log data indicates that the rocks possess similar geo-
logical properties, with correlations between the electrofacies of the two wells evident in 
the GR (track 4) and DT (track 6) logs. The GR log indicates elevated values in both wells 
at shallow depths (50 and 100 ºAPI), suggesting the presence of finer-grained, more argil-
laceous carbonate facies, such as wackestones, mudstones, or marly intervals. However, this 
interpretation should not rely exclusively on GR response, since high GR values in carbon-

Fig. 4  All steps of the workflow followed in this study (Lichotti 2016)
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ate reservoirs may also reflect shale content, stylolites, uranium enrichment, or dolomitiza-
tion. Therefore, the interpretation of wackestone was supported by lithological descriptions, 
core information, and the associated petrophysical behavior. GR measurements fall below 
40 ºAPI at intermediate and deep levels, indicating a zone with low wackestone composi-
tion, which is essential for optimal reservoir rock quality. The DT log indicates elevated 
values (70 and 100  us/ft) at shallow depths, explaining why wackestone results in long 
transit durations that align with the variations observed in the GR log. At intermediate and 
deep depths, the DT log exhibits significant oscillations, with values ranging from 60 to 
100 us/ft, a phenomenon commonly observed in carbonate reservoirs due to the variability 
of these rocks.

The RHOB and NPHI logs (track 5) converge at intermediate depths, with RHOB on the 
left and NPHI on the right; this convergence is generally associated with hydrocarbon accu-
mulations (indicated by yellow shading). The green shading signifies the presence of water, 
with RHOB on the right and NPHI on the left. The curves sometimes reverse at significant 
depths, corroborating the existence of a probable transition zone and a potential water zone 
at higher depths, as indicated by the resistivity data analysis. The RT and RXO logs (track 
7) show values below 20 Ω m in the pink-shaded area at shallow depths, indicating their 
presence in non-reservoir zones. At intermediate depths, the value rises to approximately 
200 Ω m, indicating hydrocarbon accumulation. Both resistivity curves exhibit lower values 
with increasing depth, indicating a transition zone that stabilizes at approximately 4 Ω m, 
corresponding to a water zone. The overlap and subsequent separation of these two resis-
tivities upon entry of drilling mud indicate the permo-porous characteristics of the forma-

Fig. 5  A Wells LIN03 (blind test) and B LIN10 (reference). Tracks: (1) depth (m); (2) temperature (°F); 
(3) fluids; (4); GR (°API) log; (5) NPHI (%, blue) and RHOB (g/cm3, red) logs; (6) DT log (μs/feet); (7) 
shallow RXO (pink) and deep RT (red) resistivity logs (Ω m) (Petrobras 2012; ANP 2019)
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tion being examined. RT resistivity exceeds RXO at depths containing hydrocarbons and is 
lower in regions with water, according to Da Costa et al. (2019).

The comparison of porosity derived from logs with core porosity served as a critical 
quality check and selection process. Although all correlations showed dispersion inherent to 
heterogeneous carbonates, the porosity derived from sonic flow (ϕDT) matched the effective 
core porosity most closely (Fig. 6). This confirmed its suitability as the main input param-
eter for subsequent permeability modeling, as it more closely reflects the interconnected 
pore network relevant to fluid flow.

The NPHI log was directly measured ϕ, while it was indirectly estimated using the DT 
(ϕDT) and RHOB (ϕRHOB) logs. The comparison of these estimates with the laboratory data 
produced R2 values of 29.08% and 51.20%, 20.82% and 50.31%, and 13.87% and 37.01% 
for the ϕDT, ϕRHOB, and ϕNPHI across both wells, respectively (Fig.  6). As ϕDT measures 
primary porosity and was used to identify the values that most closely align with ϕe, the 
laboratory measurements. Consequently, the ϕ estimate derived from the DT log is slightly 
superior to other alternatives and was chosen for the subsequent calculations.

Figure 7A illustrates the r35 curves of the Winland–Pittman method for LIN03, whereas 
Fig. 7B presents those for LIN10, described through a crossplot of ϕ vs. k. The red curves 
depicted collectively correspond to the pore necks’ respective values (r35). The delineations 
of the individual point clusters were determined using k-means clustering in the IP program 
(Geoactive 2023).

The clusters identified through k-means analysis should not be interpreted as definitive 
depositional lithofacies classifications. Instead, they represent petrophysical groupings 
defined by similarities in porosity, permeability, pore-throat radius, reservoir quality index, 
flow zone indicator, and hydraulic flow unit behavior. The lithological affinity of each clus-
ter is therefore inferred from the associated petrophysical characteristics and the regional 
geological framework for the studied interval. Consequently, the clusters are more appro-

Fig. 6  Comparison between laboratory ϕ and estimated ϕ with sonic, density and neutronic logs for wells 
A LIN03 and B LIN10
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priately described as petrophysical facies or hydraulic classes with probable correspondence 
to grainstones, packstones, wackestones, or cemented intervals, rather than as strictly vali-
dated lithofacies.

In examining group 1 (green), characterized by mega-pores of 10 mm, cemented grains 
are predominant. The macro-pores of group 2 (yellow) vary from 2 to 10  mm. Specific 
locations within this group can be associated with packstones and uncemented grainstones. 
Meso-pores ranging from 0.5 to 2 mm are in group 3 (light blue). This group’s lithology 
mainly consists of packstones, cemented packstones, wackestones, and grainstones. Finally, 
group 4 (pink) contains micro-pores with a pore size under 0.5 mm and a more significant 
proportion of points associated with packstones, cemented packstones, and wackestones.

The Winland–Pittman analysis proved particularly useful for distinguishing pore-system 
classes with different hydraulic behaviors. The identified mega-, macro-, meso-, and micro-
pore groups reflect variations in pore-throat radius, permeability, and connectivity, allowing 
differentiation between intervals with high flow capacity and tighter reservoir zones. There-
fore, the pore-throat classes are not only descriptive categories, but also important indicators 
of reservoir quality and fluid-flow efficiency.

Fig. 7  Distribution of pore sizes with Winland (1972) R35 curves for wells LIN03 (A) and LIN10 (B): 
green (≥ 10 μm), yellow (2–10 μm), blue (0.5–2 μm), and pink (< 0.5 μm), corresponding to, respective-
ly, mega (grainstones), macro (not cemented grainstones and packstones), meso (cemented packstones, 
wackstones, and few grainstones) and micro (packstones, cemented packstones and wackstones) pores
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The most productive intervals correspond to the flow units associated with larger pore-
throat radii and better pore connectivity, particularly the mega- and macropore groups 
identified by the Winland–Pittman method. These intervals are generally related to grain-
stones, uncemented grainstones, and packstones with lower tortuosity and higher perme-
ability. In contrast, intervals dominated by meso- and micropores, commonly associated 
with cemented packstones and wackestones, tend to show poorer reservoir quality due to 
smaller pore throats and lower connectivity.

For the FU analysis, laboratory measurements of ϕ and k from drill cores were used for 
LIN03, yielding the SMLP cross-diagram of ϕh vs. kh along the borehole in the reservoir 
region. The quantity of FU was ascertained at the inflection points shown on the curves. The 
signify changes in slope in the diagram, indicating fluctuations in the flow characteristics 
of the porous medium. The initiation of an FU and the conclusion of a preceding FU are 
defined by the presence of inflection points (red dots). Horizontal lines, typically flat, sig-
nify impediments to the movement. The curves’ nearly 45°-sloped segments show the FU’s 
substantial flow capacity, as indicated by the green arrows between the red inflection points. 
This approach exemplifies the challenges that may arise while delineating FU. In LIN03, 
seven inflection sites are observed on the curve, determining eight FUs (Fig. 8A). Figure 8B 
illustrates the same technique employed for LIN10. Following the SMLP methodology, the 
FU number for both wells was set to 8.

The flatter segments of the SMLP curves are interpreted as flow barriers or low-flow 
zones, generally associated with wackestones, cemented packstones, and intervals domi-
nated by meso- and micropores. In contrast, the steeper segments of the curves represent 
preferential flow channels, commonly related to grainstones, uncemented packstones, and 
intervals with mega- and macropores, where permeability and pore connectivity are higher.

The hydraulic flow units identified in this study should not be interpreted as strictly con-
tinuous layers distributed uniformly throughout the reservoir. Instead, they represent recur-
ring hydraulic classes defined by similar porosity, permeability, pore-throat radius, and flow 
behavior. Although local heterogeneity may produce discontinuous HFU occurrences along 
the reservoir profile, the vertical recurrence of similar petrophysical signatures suggests that 
some hydraulic classes can be recognized repeatedly where comparable depositional facies 
and diagenetic conditions are present. Therefore, the HFUs were used as representative 
flow-related groupings rather than as laterally continuous stratigraphic bodies.

The HFU values for the samples vary from 0.14 to 21.17 for LIN03 (Table 1) and from 
0.071 to 259.67 for LIN10 (Table 2). For each FU, the k equations were derived by linear 

Fig. 8  Stratigraphic modified Lorenz plot (SMLP) for wells LIN03 (A) and LIN10 (B), with red dots 
indicating the inflection points of the curves and green arrows for the flow units
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regression, and R2 indicates the goodness of fit for LIN03 (Table 1) and LIN10 (Table 2). 
For LIN03, the values exceed 80% for the initial five HFUs and fall below 80% for the 
remaining three.

Conversely, for LIN10, these values exceed 90% for the initial five HFUs and fall below 
90% for the next three. The data with corresponding FZI values were categorized into the 
same HFU according to the parameters established by the cluster analysis. This process was 
executed to enhance the representation of the HFU in the reservoir. On the contrary, these 
images illustrate the ϕz vs. RQI crossplots, in which the HFUs and clusters are distinctly 
represented in eight different colors for LIN03 (Fig. 9) and LIN10 (Fig. 10).

The successful grouping of data into distinct HFUs in the FZI-ϕz plot (Figs. 9 and 10) 
validates the existence of discrete petrophysical populations within the reservoir, each with 
a unique pore bottleneck architecture. The high R2 values of the permeability equations for 
the lower FZI units (Tables 1 and 2) indicate that these zones are internally consistent. The 
lower R2 in the higher FZI units likely reflects their more vugular or fractured nature, where 
permeability becomes less controlled solely by interparticle porosity, a crucial insight for 
reservoir modeling.

Figure 11 shows the correlation between the k estimated using ϕDT and the laboratory 
k for wells (A) LIN03 (R2 = 88.55%) and (B) LIN10 (R2 = 96.39%). The k estimate by the 
RQI method was calculated utilizing the laboratory (track 6) and DT (track 7) porosities for 

Table 1  Hydraulic flow units, ranges of corresponding flow zone indexes, equations for permeability based 
on sonic log porosity of well LIN03
HFU FZI ranges Permeability equations R2 (%)
1 0.14–0.25 k = ϕ3(0.14/ (0.031 (1 − ϕ)))2 92.59

2 0.25–0.38 k = ϕ3(0.31/ (0.031 (1 − ϕ)))2 96.51

3 0.38–0.53 k = ϕ3(0.43/ (0.031 (1 − ϕ)))2 98.68

4 0.53–0.87 k = ϕ3(0.71/ (0.031 (1 − ϕ)))2 97.92

5 0.87–1.49 k = ϕ3(1.10/ (0.031 (1 − ϕ)))2 95.32

6 1.49–3.08 k = ϕ3(2.14/ (0.031 (1 − ϕ)))2 34.05

7 3.08–6.65 k = ϕ3(4.54/ (0.031 (1 − ϕ)))2 35.87

8 6.65–21.17 k = ϕ3(9.20/ (0.031 (1 − ϕ)))2 35.18

Table 2  Hydraulic flow units, ranges of corresponding flow zone indexes, equations for permeability based 
on sonic log porosity of well LIN10
HFU FZI ranges Permeability equations R2 (%)
1 0.071–0.25 k = ϕ3(0.19/ (0.031 (1 − ϕ)))2 92.59

2 0.25–0.38 k = ϕ3(0.31/ (0.031 (1 − ϕ)))2 96.51

3 0.38–0.67 k = ϕ3(0.48/ (0.031 (1 − ϕ)))2 98.68

4 0.67–2.14 k = ϕ3(1.23/ (0.031 (1 − ϕ)))2 97.92

5 2.14–4.78 k = ϕ3(3.23/ (0.031 (1 − ϕ)))2 95.32

6 4.78–7.89 k = ϕ3(6.06/ (0.031 (1 − ϕ)))2 34.05

7 7.89–18.00 k = ϕ3(11.86/ (0.031 (1 − ϕ)))2 35.87

8 18.00–259.68 k = ϕ3(22.82/ (0.031 (1 − ϕ)))2 35.18
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LIN03 (Fig. 12) and LIN10 (Fig. 13). The data illustrate the lithofacies in track 2, the SMLP 
curve in track 3, the FZ in track 4, the FU in track 5, and the k-estimates in tracks 6 and 7.

In both figures, the black dots represent the k values obtained from laboratory measure-
ments on plugs. The k-curve is a compound of the regression curves for each HFU. The 
concordance between the estimates and the laboratory results indicates that the models are 
coherent. The coefficient of determination R2 is 0.90 for LIN03 and 0.89 for LIN10 when 
utilizing laboratory ϕ (track 6 in both figures). Utilizing ϕDT yields R2 = 0.97 for LIN03 and 

Fig. 10  Pore volume to grain volume fraction (ϕz) versus reservoir quality index (RQI), calculated with 
sonic porosity for well LIN10

 

Fig. 9  Pore volume to grain volume fraction (ϕz) versus reservoir quality index (RQI), calculated with 
sonic log porosity for well LIN03
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R2 = 0.98 for LIN10 (track 7 in both figures). The correlation between the k-peaks in red 
(track 6) and pink (track 7) and the black FU curve (track 5) is observable. Consequently, 
the k model generated from the FU equations is reliable in both wells.

The two boreholes were analyzed to identify ways to correlate the zones identified in 
both wells and to better understand the carbonate reservoir. The eight FUs identified for 
each well were primarily analyzed in the reservoir zone, which had similar patterns (Fig. 14, 
track 4). The similarities between the traditional logs were examined in a second step. The 
GR, RHOB, NPHI, and DT logs showed the same behavior in both wells studied, confirm-
ing the previously observed correlations between the FUs (Fig. 15, tracks 2–4).

Although the methodology showed strong agreement between LIN03 and LIN10, the 
present validation remains local in scale and should not be interpreted as definitive proof of 
field-wide transferability. The two wells are separated by approximately 700 m and exhibit 
similar geological and petrophysical characteristics, supporting the reproducibility of the 
workflow under comparable reservoir conditions. However, additional wells distributed 
across the field’s different structural and depositional domains would be necessary to evalu-

Fig. 11  Correlation between the permeability estimated using the sonic k and the laboratory k for wells 
LIN03 (A) and LIN10 (B)
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ate the lateral continuity of the hydraulic flow units and the broader applicability of the 
permeability transforms.

5  Conclusions

This study utilized geophysical well logs and petrophysical laboratory data from two bore-
holes to assess the permeability of a carbonate reservoir in the Linguado oilfield, located 
in the Campos Basin, southeastern Brazil. The research aimed to address the challenges in 
the evaluation and was motivated by the notable variation in carbonate rocks. Porosity was 
first determined using various logs, and the results were compared with those obtained from 
laboratory testing. The neutron porosities (0.14 and 0.37) and density porosities (0.21 and 
0.50) had the lowest Pearson’s coefficient of determination (R2) in wells LIN03 and LIN10. 
The sonic log gave better results (0.29 and 0.51), and therefore, it was employed to evaluate 
all permeabilities.

Fig. 12  Tracks for well LIN03: (1) depth (m); (2) lithofacies; (3) Stratified modified Lorenz curve; (4) 
flow zones; (5) flow unities, flow zone index is plotted as shading and reservoir quality index as the black 
curve; (6) the red curve is the permeability estimate (mD) using laboratory porosity, and the black dots are 
the laboratory permeability. (7) The pink curve is the permeability estimate (mD) using sonic log porosity, 
and the black dots are the laboratory permeability
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The Timur assessment had an R2 of 0.12, indicating the need for more reliable mod-
els that, for example, divide the reservoir into zones based on lithofacies, flow zones, and 
hydrodynamic flow units. This grouping yielded regression equations for each hydrody-
namic flow unit, demonstrating the approach’s effectiveness. Combining the different equa-
tions into a single expression, we obtained R2 = 0.97 for LIN03 and R2 = 0.98 for LIN10, 
based on the reservoir quality index.

Eight flow units were identified in both LIN03 and LIN10, indicating that the reservoir 
can be subdivided into recurring hydraulic classes with similar petrophysical behavior. The 
correspondence of these flow units between the two wells suggests that the same hydraulic 
architecture may be recognized under comparable geological conditions. However, these 
flow units should not be interpreted as strictly continuous layers throughout the entire field, 

Fig. 13  Tracks for well LIN03: (1) depth (m); (2) lithofacies; (3) Stratified modified Lorenz curve; (4) 
flow zones; (5) flow unities, flow zone index is plotted as shading and reservoir quality index as the black 
curve; (6) the red curve is the permeability estimate (mD) using laboratory porosity, and the black dots 
are the laboratory permeability (mD). (7) The green curve is the permeability estimate (mD) using sonic 
log porosity, and the black dots are the laboratory permeability (mD)
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since local variations in facies, diagenesis, and structural position may affect their vertical 
and lateral distribution.

From this result, the flow zones and units in both wells could be identified, allowing 
LIN10 to be effectively used as a blind test. The productive zones in both wells exhibit 
mega- and macropores, attributable to lithofacies with uncemented grains, indicating favor-
able permeoporous characteristics consistent with the reservoir quality index study. The 
wells are 700 m apart and vertically offset by 30 m, suggesting that wellbore placement 
on the structural height of the carbonate ramp influences each borehole’s reservoir quality 
and productivity. This study concludes that integrating petrophysical and geological data 

Fig. 14  Comparing petrophysical results for wells: A LIN03 and B LIN10: (1) depth (m); (2) lithofacies; 
(3) Stratified modified Lorenz curve; (4) flow unities, flow zone index is plotted as shading and reservoir 
quality index as the black curve; (5) the red curve is the permeability estimate (mD) using laboratory 
porosity, and (6) the black dots are the laboratory permeability (mD). (7) The pink curve is the perme-
ability estimate (mD) using sonic log porosity, and the black dots are the laboratory permeability (mD); 
flow zones
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enhances the inference of reservoir characteristics, enabling their application and extrapola-
tion to other wells in the studied oilfield.

This study culminates in more than just an improved permeability curve for two wells. 
It provides a transferable framework for characterizing heterogeneous carbonate reservoirs. 
By rigorously integrating geological (flow units) and petrophysical (core-well log) data, we 
move from descriptive rock typification to predictive modeling of hydraulic units.

The workflow demonstrates that the key to accurate permeability prediction lies not in 
seeking a universal transformation, but in using core data to decode the reservoir’s hydrau-
lic architecture and then calibrating well log responses to it. This approach significantly 

Fig. 15  Comparing basic logs for wells: A LIN03 and B LIN10: (1) depth (m); (2) GR (°API) and DT (μs/
feet); (3); NPHI (%) and RHOC (g/cm3) (4) RXO and RT (Ω m); (5) SMLP and kHFU; and (6) flow zones
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reduces risk in evaluating non-core intervals and new wells in the Linguado field and offers 
a validated strategy for analogous post-salt carbonate reservoirs worldwide.
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