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Abstract:

Low permeability reservoirs contain pore-throat systems spanning nanometers to kilome-
ters. Their storage capacity, flow behavior, and development response therefore depend
on scale. Homogeneous medium models cannot adequately represent this heterogeneity
or transfer pore scale mechanisms to reservoir scale predictions. This study synthesizes
methods for characterizing and quantifying heterogeneity and transferring information
across scales. It distinguishes three genetic controls: Sedimentation, diagenesis, and
tectonic deformation. Characterization methods are compared by measurement principle,
resolution, and sampling volume. Fractal analysis, geostatistics, and digital core modeling
are assessed as sources of quantitative descriptors. A published tight sandstone example
illustrates data selection, cross calibration, pore scale indicators, and the transfer of core
measurements to dynamic model inputs. Transferable mechanisms are distinguished from
reservoir specific parameters because pore geometry and dominant flow processes vary
among sandstone, shale, carbonate, and fractured systems. This study identifies four key
research bottlenecks: Cross method calibration, physically consistent nonlinear upscaling,
dynamic heterogeneity, and limited experimental and computational coverage. Priorities are
uncertainty aware data integration, flow linked indicators, coupled dynamic validation, and
efficient multiscale modeling. A unified research framework integrating characterization,
quantification, and cross scale transfer is established. The findings provide a theoretical
reference for microscopic pore-throat flow analysis and macroscopic dynamic prediction,
as well as guidance for the efficient development of low permeability reservoirs.

1. Introduction

pore connectivity, fluid mobility, and the reliability of reservoir
scale prediction (Jia et al., 2012; Wang et al., 2016; Jia, 2017).

As conventional oil and gas resources decline, low per-
meability, ultra low permeability, and tight reservoirs have
become important targets for reserve replacement and produc-
tion growth. Unconventional oil and gas accounted for 23%
of total hydrocarbon production in 2019 (Li et al., 2022a).
The principal constraint on the efficient development of these
reservoirs is severe multiscale heterogeneity, which controls

Multiscale heterogeneity increases uncertainty in reservoir
evaluation and development design. In tight sandstone gas
reservoirs, matrix and fracture heterogeneity can make hori-
zontal well parameter inversion nonunique (Kulga et al., 2018).
History matching may be inefficient, while neural network
estimates remain sensitive to nonuniqueness and data coverage
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Fig. 1. Overall framework of multiscale heterogeneity research in low permeability reservoirs.

(Farhoodi et al., 2019; Hui et al., 2021; Li et al., 2025b). These
issues also affect fractured vuggy carbonate development,
CO; and hydrogen storage, and geothermal operations, where
heterogeneity complicates monitoring and injection/production
planning (Ren and Trevisan, 2020; Xu et al., 2022).

At pore scale, surface and boundary effects influence
flow. At core scale, pore topology controls mobility, while at
reservoir scale, sedimentary architecture and fractures shape
flow pathways (Qiao et al., 2022). These scale dependent
effects challenge continuum and Darcy flow assumptions. Mul-
tiscale modeling links pore scale imaging and flow simulation
with reservoir scale upscaling (Durlofsky, 1998; Gerritsen
and Durlofsky, 2005; Bultreys et al., 2016). Recent studies
have further examined digital rock modeling, deep learning
assisted pore imaging, and the effects of unresolved poros-
ity on multiphase flow (Sadeghnejad et al., 2021; Wang et
al., 2021). This study revolves around two main topics: The
characterization and quantification of multiscale heterogeneity,
and the transfer of pore scale information to engineering
models while preserving the dominant flow mechanisms.

This study links reservoir geology, petrophysics, and en-
gineering. It focuses on pore structure characterization, het-
erogeneity quantification, representative elementary volume
(REV) analysis, upscaling, and nonlinear flow transfer. The
workflow in Fig. 1 links the research background and the
adverse effects on development, genetic origins of multiscale
heterogeneity, experimental and quantitative characterization,
and scale transfer mechanisms, and finally extends to reser-

voir simulation, production prediction, and field application.
Studies were screened for (i) characterization methods and
quantitative heterogeneity descriptors in low permeability,
tight, shale, carbonate, or fractured reservoirs; (ii) REV, ho-
mogenization, or pore/core to reservoir transfer; and (iii)
implications for production, carbon capture, utilization, and
storage, underground gas storage, geothermal energy, or artifi-
cial intelligence assisted modeling (Hui et al., 2025). Table 1
summarizes the framework. The workflow may transfer across
formations, but pore size distributions, wettability, fracture
connectivity, and flow regimes require lithology and site
specific calibration.

2. Multiscale heterogeneity in reservoirs

2.1 Genetic controls on heterogeneity

Sedimentation, diagenesis, and tectonic deformation gen-
erate heterogeneity across nested spatial scales, from pore
systems to reservoir architecture. Sedimentation is a primary
control on reservoir heterogeneity. Fluctuations in flow energy
and provenance produced alternating delta front channels,
mouth bars, and sheet sands. Sand body thickness, median
grain size, and sorting coefficients vary by 40%-80%. These
observations indicate that depositional energy and provenance
create spatially variable textures; the petrophysical conse-
quence is that coarser, better sorted channel sands tend to
preserve more primary intergranular pores than clay rich
deposits (Veloso et al., 2016). This inherited pore contrast is
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Table 1. Integrated framework linking characterization, quantification, and scale transfer across scales.

Scale transition Data

Descriptor

Transfer / uncertainty

Pore to core SEM, FIB-SEM, microfluidics

Core to REV CT, NMR, HPMI, core tests
Well to interwell

Logs; tests; tracers; seismic

Reservoir to decision Models; simulation; production data

Pore size; surface area; fractal
dimension

Connectivity; tortuosity;
movable fluid; REV

Porosity; flow units;
connectivity

Permeability; pressure/stress
response

Pore-throat flow; connectivity
limits

Effective flow; REV and stress
uncertainty

Reservoir model; resolution
mismatch

Production; CCUS/UGS;
upscaling uncertainty

Notes: Carbon capture, utilization, and storage (CCUS); underground gas storage (UGS).

Table 2. Six level spatial scale hierarchy of heterogeneity in
low permeability reservoirs.

Scale Range Heterogeneity Controlling
type factor
Nanopore <1 um Diagenetic Clay mmerals,
organic matter
. . Grain
Mi Diagenetic/
Icropore  um-mm : . arrangement,
Sedimentation .
cementation
. . Differential
Diagenetic/ .
Core cm . cementation,
Microfractures .
microfractures
. . Sedimentar
Sedimentation/ A -ary
REV dm-m microfacies,
Fractures
fracture
Sandbody
Interwell 10-100 m  Sedimentation distribution,
facies transition
Reservoir ~ 100 m Sedlmgntatlon/ Basin evolution,
Tectonics faults

subsequently modified by compaction, cementation, and dis-
solution (Xi et al., 2019; Malki et al., 2023; Alkareemawi et
al., 2025), whose effects vary with mineral composition, pore
fluid chemistry, and burial conditions.

Tectonic deformation and diagenesis also generate frac-
tures from microscopic cracks to field scale zones; together
with matrix pores, these may form dual porosity flow networks
(Correia et al.,, 2017; Li et al.,, 2025a, 2026b). Fracture
density, orientation, aperture, and connectivity are lithology
and structure dependent, so their effects on permeability and
matrix fracture exchange require local characterization (Kim
and Schechter, 2009; Li et al., 2021; Su et al., 2022). The
three genetic controls interact across scales and should not be
assigned individually to a single scale.

2.2 Hierarchical structure of multiscale
heterogeneity

Scale transfer links measurements and models across these
levels. Table 2 gives operational definitions. The three ge-

netic controls are observed across six nested spatial levels:
Nanopore, micropore and pore-throat, core, REV, interwell,
and reservoir. These levels provide an organizing scheme
rather than universal physical boundaries. The relevant scale
depends on lithology, connectivity, fracture extent, and the
measurement or modeling objective (Lu et al., 2024). Fig.
2 shows the spatial hierarchy of heterogeneity from pore
to reservoir scales, illustrated by representative observations
including focused ion beam-scanning electron microscopy
(FIB-SEM), digital cores, well logs, interwell correlations, and
three-dimensional (3D) geological models.

2.3 Section summary

This section summarizes the multistage formation of het-
erogeneity in low permeability reservoirs. Sedimentation, dia-
genesis, and fracturing jointly define a six level hierarchy from
nanopores to kilometer scale reservoirs. The key implication
is that heterogeneities with different scales and origins are
mutually nested, and single scale observations cannot fully
constrain subsurface reservoir attributes. This creates a clear
need for multiscale joint characterization and physically con-
sistent information transfer across scales.

3. Characterization: Measurement and data
selection

3.1 Nanometer-micrometer scale
characterization

Pore scale characterization provides information on fluid
occurrence and flow in low permeability reservoirs. The main
methods differ in measurement principle, resolved pore size
range, and sampled volume.

(1) Gas adsorption. CO, adsorption characterizes pores
of about 0.35-2 nm, whereas N, adsorption covers approx-
imately 2-50 nm. Brunauer-Emmett-Teller, Barrett-Joyner-
Halenda, and Frenkel-Halsey-Hill (FHH) analyses estimate
surface area, pore size distribution, and fractal characteristics.
Their outputs depend on the selected model and pore size
interval; comparisons require consistent fitting procedures.
Gas adsorption identifies nanopores but does not resolve 3D
connectivity. Combining CO; and N, adsorption extends pore
size coverage, particularly in shale and tight sandstone (Li et
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Fig. 2. Spatial hierarchy of heterogeneity from pore to reservoir scales.

al., 2024).

(2) Scanning electron microscopy (SEM) and FIB-SEM.
SEM images identify pore types and mineral distributions at
nanometer resolution; serial FIB-SEM imaging reconstructs
3D pore architecture. Image stitching can extend the observed
range, but the resolution sample volume tradeoff remains:
High resolution volumes are small and may not represent the
formation (Lai et al., 2018; Blunt et al., 2025).

(3) Micro-CT. This method nondestructively images core
plugs at voxel sizes of about 0.5-5 pum, resolving larger pores
and microfractures but missing many submicron pores (Huang
et al., 2025). Dual scale models therefore represent unresolved
micropores as an effective porous medium within the resolved
pore network. Image based connectivity metrics can then be
evaluated within the resolution limits of the scan (Mehmani
and Prodanovié, 2014; Masihi et al., 2022; Bao et al., 2025a).

(4) Microfluidic rock chips. Photolithography and na-
noetching reproduce selected pore-throat geometries and en-
able real time observation of displacement, imbibition, and
gas miscibility (Godoy et al., 2025). Chip designs based on
digital core images can quantify preferential pathways and
local flow patterns. However, two-dimensional chips do not
reproduce the full 3D mineral and fracture network. Their
observations require calibration against core experiments or
pore scale simulations before scale transfer (Jiang et al., 2025;
Pan et al., 2026; Yang et al., 2026).

3.2 Micrometer-centimeter scale
characterization
This scale covers intact core plug samples. The main ob-

jective is to evaluate pore-throat structure and fluid occurrence
using complementary measurements.

(1) High-pressure mercury intrusion (HPMI). HPMI es-
timates pore-throat distributions over roughly 3 nm-100 pm
and provides displacement and median pressures; derived
fractal measures can be used to compare samples (Jouini et
al., 2023). Because mercury enters through throats, the inferred
pore distribution is throat constrained. Constant rate mercury
intrusion can distinguish pore and throat contributions, but its
pressure limit may leave the smallest pores unmeasured (Lai
et al., 2018).

(2) Nuclear magnetic resonance (NMR). The transverse
relaxation time (7>) spectrum reflects fluid volume in pores
of different sizes; short and long components are commonly
associated with bound and more mobile fluids, respectively.
A calibrated 7> cutoff can estimate fluid fractions. NMR is
nondestructive and can be cross calibrated with HPMI and
adsorption data, although conversion to pore size depends on
surface relaxivity and other assumptions (Fan et al., 2019). In
tight sandstone, NMR derived movable fluid indicators have
been related to pore-throat structure and flow capacity (Li
et al., 2018). Direct analysis of echo signals has also been
proposed where low signal to noise ratios make relaxation
time inversion uncertain (Wu et al., 2020).

Because no single method covers the full pore size range
and topology, studies combine CO,/N, adsorption, HPMI,
NMR, and micro-computed tomography (micro-CT), calibrat-
ing measurements within overlapping intervals before con-
structing a continuous distribution (Lu et al., 2024; Jamalian
and Tavakoli, 2025b). The methods answer complementary
questions: Adsorption extends the nanopore range, HPMI
constrains throat entry sizes, NMR tracks fluid bearing pore
populations, and micro-CT resolves larger pore geometry and
connectivity. In the Ordos Basin, a seven method study re-
ported abundant nanopores together with a smaller population
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of large throats that influence flow (Li et al., 2026a). This
observation cautions that pore abundance and flow contribution
are not equivalent: The smaller throat population may be
important for transport even when nanopores dominate counts
or surface area. The combined measurements broaden the
description, but do not eliminate uncertainty. Curve splicing
can introduce systematic error because methods rely on dif-
ferent physical principles and calibration parameters; matched
sample calibration and uncertainty reporting are therefore
needed. FHH applicability and NMR-HPMI conversion, for
example, depend on model choice and surface relaxivity.

3.3 Meter-kilometer scale characterization

Characterization at this scale extends core scale informa-
tion to wells, interwell zones, blocks, and the reservoir. It
combines static geophysical measurements with dynamic well
test data.

(1) Well logging. Logs provide continuous vertical profiles
and, with image logs, help identify fractures, bedding, and
dissolution features (Ge et al., 2014; Bi et al., 2024). Core
HPMI/NMR measurements can calibrate log based estimates
of pore structure, fractal descriptors, and irreducible water sat-
uration (Subhakar and Chandrasekhar, 2016; Matias-Gutierres
et al,, 2025). Machine learning interpretation may extend
these relationships along wells, but reliability depends on
representative training data and independent validation (Li et
al., 2022b; Jamalian et al., 2025a).

(2) Seismic characterization. Seismic data constrain lat-
eral heterogeneity between wells, although limited impedance
contrast can restrict resolution in low permeability formations.
Prestack inversion and amplitude versus offset attributes may
improve lithology and fluid discrimination. Seismic lithology
probabilities and porosity were combined with sequential
Gaussian simulation to constrain interwell models (Gunning
and Glinsky, 2007; Ashraf et al., 2020). Microseismic data can
provide supplementary fracture information (Pi et al., 2025).
These results remain dependent on well control and seismic
resolution.

Frequency domain pulse well test models can interpret
pressure responses between active and observation wells.
Applications to channelized reservoirs, interlayer compartmen-
talized systems, and gas storage field cases assess spatial vari-
ation in flow barriers, preferential pathways, and transmissibil-
ity. Results depend on model assumptions, well configuration,
and data quality; comparison with conventional interference
test interpretations should be made for the specific field
and operating conditions (Fokker et al., 2012). Tracer-based
workflows provide complementary constraints for calibrating
reservoir heterogeneity (Doorwar et al., 2021).

3.4 Cross scale integration of characterization
data

Measurements at different scales differ in physical princi-
ple, resolution, and spatial coverage. Cross scale integration
therefore requires calibration in overlapping intervals and
explicit treatment of sampling and measurement uncertainty.
Fig. 3 shows two complementary routes for cross scale in-
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tegration. Bottom-up upscaling links pore characteristics and
pore network models to well, interwell, and reservoir models.
Top-down downscaling uses the large scale framework to
guide parameter estimation and core scale calibration. Machine
learning tools may assist scale alignment, but their outputs
require geological and physical validation. Table 3 compares
representative characterization methods, applicable ranges, ob-
tainable information, and corresponding heterogeneity param-
eters from nanopores to interwell scales.

(1) Upscaling. Bottom-up integration calibrates overlap-
ping pore size intervals and links SEM/FIB-SEM, micro-
CT, core measurements, logs, and seismic data in sequence
(Chen et al., 2024). Each step adds a different constraint:
Imaging resolves geometry, core tests measure bulk response,
and logs and seismic extend the interpretation spatially. Errors
can accumulate across these transfers, while small samples
may not be representative of the formation when extrapolated
beyond the REV. Applications include linking thin section
or SEM descriptors to core properties, comparing plug and
full-diameter cores to assess bedding related anisotropy, and
relating carbonate pore types to electrical response (Dou et
al., 2011; Shedid, 2019; Tavakoli et al., 2022). These examples
illustrate the transfer question of whether a feature resolved
at one scale predicts an independently measured property at
another, and of whether the resulting relationships, which
remain lithology specific, can be recalibrated before transfer
to other formations.

(2) Downscaling. Top-down workflows use seismic and
logging data to define the large scale framework, then apply
statistical downscaling or conditional simulation to infer finer
scale properties (Table 3). Their reliability depends on well
constraints, training data, and whether inferred small scale
variation is geologically plausible (Cataldo and Leite, 2025).

(3) Machine learning. The bottom-up and top-down routes
are complementary. Microscopic experiments constrain pore
scale mechanisms, while well logs and geophysical observa-
tions constrain the larger scale framework. Their combination
can connect local pore descriptions to spatially distributed
reservoir properties, provided that the transfer is calibrated
and its uncertainty is tracked (Mishra et al., 2020). Deep
learning methods, including image reconstruction, generative
adversarial networks, and diffusion models, may help align
data collected at different resolutions (Davoodi et al., 2026).
Their predictions must still be checked against geological
evidence. In particular, reconstructed pore topology should be
evaluated for geological plausibility.

3.5 Section summary

This section presents the main characterization technolo-
gies in sequence from the microscopic to the reservoir scale.
Static imaging, dynamic microfluidics, core experiments, geo-
physical methods, and dynamic well tests provide complemen-
tary information on pore geometry, topology, petrophysical
properties, and spatial architecture. Their main limitation is
not a lack of measurement tools but the difficulty of fusing
observations that differ in resolution, field of view, and phys-
ical measurement principle.
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Table 3. Comparison of representative multiscale characterization methods.

Method Range Information Heterogeneity parameters
CO; adsorption  0.35-2 nm Micropore volume, specific surface area Micropore fractal dimension
N, adsorption 2-50 nm Mesopore volume, pore size distribution FHH fractal dimension Dy, D,

FIB-SEM 5 nm to several um 3D pore topological structure

micro-CT 0.5-5 pum 3D macropore network

HPMI 3 nm-100 pm Capillary pressure, throat size distribution
NMR nm-mm T, spectrum, movable fluid fraction

Well logging dm-m Continuous petrophysical property profile
Seismic 10-100 m

Lateral heterogeneous architectural pattern

Areal porosity, coordination number
Pore/throat topological parameters
Displacement pressure, fractal dimension
T, cutoff value, irreducible water
Variation coefficient, rhythm type

Acoustic impedance variation

4. Quantification: Indicators and models

4.1 Fractal theory

Fractal theory uses statistical self similarity to describe
pore geometry complexity. In low permeability reservoirs,
its application depends on the measured pore size interval
and fitting method (Mandelbrot, 1983). Some studies report
associations between fractal descriptors and permeability, but
the direction and strength vary with lithology, measurement
method, and scale (Cai et al., 2020). Published models have
also combined fractal descriptors with threshold pressure ef-

fects to analyze spontaneous imbibition; such results should be
interpreted within their assumptions and data conditions (Zuo
et al., 2024).

Monofractal methods use a single dimension to summarize
geometric complexity, whereas multifractal methods describe
spatial variation across pore populations. Fractal descriptors
can be calculated from adsorption, HPMI, NMR, or image
data using methods such as FHH, capillary bundle, relaxation
spectrum, and box counting models (Liu et al., 2018; Jouini
et al., 2023). The resulting values depend on the measurement
principle and pore size interval; for example, adsorption and
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mercury intrusion curves may show different segment bound-
aries (Chen et al.,, 2025). Fractal dimensions are therefore
best used for comparisons made with consistent methods
and sampling conditions (Zhang et al., 2018), rather than as
interchangeable measures across scales.

Multifractal analysis extends a single fractal dimension
by describing the distribution of local scaling behavior. It
can distinguish spatially mixed pore populations that a single
descriptor may not resolve (Jouini et al., 2022). Interpre-
tation depends on data resolution, pore size coverage, and
calibration among measurement methods.Multifractal analysis
can describe spatially mixed organic pores, inorganic pores,
and microfractures in shale, and has been compared with
permeability and development indicators (Han et al., 2024). Its
application is limited by inconsistent multi method calibration
and the need to validate model specific parameter relationships
for each lithology and scale.

4.2 Geostatistical method

Geostatistical modeling begins by specifying the variable
Z(x) used to estimate the variogram. Continuous variables may
include porosity or permeability. Facies should be represented
by indicator variables rather than arbitrary numeric codes.
The choice should match data distribution, sampling support,
and modeling objective. The variogram is given by (Liu et
al., 2018):

1 N (h)

y(h) = INR) I; [Z(x;+h) — Z(x;))? (D

In Eq. (1), y(h) is semivariance at lag distance A; h is the
spatial lag; Z(x) is the modeled variable at location x; and
N(h) is the number of data pairs separated by #.

The variogram is summarized by the sill, range, and
nugget, which describe overall variation, spatial correlation
length, and unresolved or measurement scale variability, re-
spectively. These parameters are estimated for the selected
variable and dataset; they should not be generalized as fixed
distances across formations. Kriging and sequential Gaussian
simulation use the variogram to constrain spatial structure
and generate multiple realizations for uncertainty assessment
(Srivastava, 2013).

Two point geostatistics may miss branching or curved
sedimentary bodies, whereas multiple point methods use train-
ing images to reproduce more complex architecture and con-
nectivity (Strebelle, 2002). Performance depends on training
image quality, which is governed by outcrops, dense well
data, or process based models. The Lorenz coefficient can
supplement model assessment when flow units and input data
are representative and should be interpreted alongside spatial
support and flow assumptions (Handhal et al., 2021).

4.3 Heterogeneity evaluation based on digital
core

Digital core methods segment 3D images to quantify pore
geometry and topology. Descriptors may include pore-throat
size, coordination number, tortuosity, and shape factor. Their
representativeness depends on image resolution, segmentation
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choices, and sampled volume (Xu et al., 2020). REV analysis
should be performed for the target property and flow process,
not porosity alone. The averaging volume V is increased
in increments of AV until the selected quantity ¢, such
as porosity, permeability tensor components, a connectivity
descriptor, or effective flow response under specified boundary
conditions, meets a stated dimensionless relative tolerance 6.
The minimum volume satisfying this property specific criterion
is reported as the REV for that quantity and condition. The
units of ¢ depend on the selected property; the relative change
ratio and 0 are dimensionless (Mehmani et al., 2020):

oV V) (V)| _ s o
q(V)

If the estimated REV exceeds plug dimensions, the sample
may not represent the target property. This can occur in low
permeability rocks with abundant nanopores or long range
fracture correlations, and convergence may depend on the
measured quantity and boundary conditions. Dual scale pore
network models address unresolved micropores by represent-
ing them as an effective medium within resolved macrop-
ores. Coupled SEM and computed tomography (CT) models
have also been used to estimate tight sandstone permeability
(Mehmani et al., 2020). Machine learning reconstruction and
classification can extend digital core analysis, but require vali-
dation against pore connectivity and flow properties. Joint CT
and HPMI measurements can link pore-throat descriptors to
core scale flow response; such relationships remain conditional
on imaging resolution, segmentation, and lithology (Yang et
al., 2023; Xu et al., 2024).

4.4 Section summary

This section compares three mainstream quantification
tools: Fractal theory, geostatistics, and digital core technol-
ogy. These methods characterize microscopic pore geometry,
macroscopic spatial distribution, and 3D pore networks, re-
spectively. Fractal dimensions describe geometric complex-
ity, variograms and related statistics describe spatial conti-
nuity, and digital core metrics describe 3D pore topology.
The comparison shows that each method has a clear scale
window and equally clear limitations: Fractal theory lacks
unified multi experiment calibration standards, geostatistics
depends strongly on training image quality, and stable REV
identification remains difficult for strongly heterogeneous low
permeability reservoirs.

5. Multiscale transfer mechanism

5.1 REYV theory and applicability

REV theory requires a volume large enough to average
pore scale variability yet small enough to preserve reservoir
scale resolution (Bear, 1972). In low permeability reservoirs,
unresolved nanopores, fracture correlation lengths larger than
core plugs, and nonlinear flow can prevent one volume from
representing all properties. Statistical elementary volumes,
separate matrix/fracture continua, and local basis or dis-
crete fracture models address different parts of this problem
(Tchelepi et al., 2007).
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5.2 Upscaling: From microscale to macroscale

The methods below differ in how they construct effec-
tive properties and in their sensitivity to heterogeneity and
boundary conditions. Three fundamental upscaling theories are
distinguished:

(1) Analytical upscaling. Volume averaging and asymptotic
homogenization derive effective properties from pore scale
equations (Durlofsky, 1991; Renard and de Marsily, 1997).
Local conservation equations are averaged over an REV;
closure relations and boundary conditions then relate averaged
flux to averaged pressure gradients, yielding an effective per-
meability tensor. This transfer depends on the averaging vol-
ume and boundary assumptions. Coupled nonlinear processes
can invalidate a single rate independent effective property
(Whitaker, 1986):

v. (I:(Vp—pg)) —0 )
(= —<MK> (V{p)— p) @

Here, K is permeability, (-) denotes volume averaging over the
REV, v is flow velocity, p is pressure, ([ is dynamic viscosity,
p is fluid density, and g is gravitational acceleration.

Rate sensitive upscaling represents the dependence of
effective two phase properties on displacement rate and should
be calibrated over target rate and saturation ranges. The
multiscale finite volume method uses local basis functions
to transfer fine scale permeability contrasts to coarse grids
(Jenny et al., 2003). The principal error sources are unresolved
connected channels or fractures, coarse grid resolution, and
boundary condition mismatch. Applicability should be as-
sessed by comparing pressure and flux with fine grid solutions
across representative heterogeneity levels.

(2) Numerical upscaling. Fine grid flow is solved within
coarse blocks to estimate effective properties (Arbogast, 2004).
For two phase flow, relative permeability may depend on
displacement rate and require iterative calibration. Threshold
pressure effects can make equivalent properties grid size
dependent (Cai, 2014). Two stage coarsening from core to
geological model and then simulation grid can reduce com-
putational cost, but accuracy should be reported for the tested
model, grid, and flow conditions (Lohne et al., 2006; Sharifi
and Kelkar, 2012).

(3) Computational homogenization. Multiscale finite ele-
ment, finite volume, and variational methods use local basis
functions to represent fine scale effects on coarse grids. The
multiscale finite volume method constructs basis functions
from local flow solutions and can represent strong permeability
contrasts. Grid design, connectivity, boundary conditions, and
nonlinear terms such as threshold pressure affect convergence
and error. Validation against fine scale pressure and flux
solutions is needed for each intended heterogeneity range
(Mgyner and Lie, 2016).

Published workflows link pore structure, core measure-
ments, well logs, seismic data, and fracture models, but each
requires a defined transfer target and field specific calibration.
Examples include: (1) relating pore structure descriptors to
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porosity and permeability, with calibration against core mea-
surements (Rahimi et al., 2018); (2) combining well logs and
seismic attributes to constrain lithology and physical property
models (Pecanha et al., 2019); (3) using gravel content and
grain size as mesoscopic descriptors and comparing core ultra-
sonic measurements with well log responses (Liu et al., 2022);
(4) coupling pore and fracture network descriptions with
discrete fracture models to assess scale dependent controls
on shale gas productivity (Tian et al., 2022); (5) integrating
core measurements to map capillary heterogeneity (Hingerl et
al., 2016); and (6) transferring digital core flow descriptors
to reservoir simulation with uncertainty assessed by sampling
and probability analysis (Aslannezhad et al., 2025).

5.3 Nonlinear transfer mechanisms in low
permeability reservoirs

At pore scale, interfacial forces and geometric constraints
can produce nonlinear flow responses that complicate transfer
to reservoir models (Cai and Hu, 2019). Their importance
depends on lithology, fluid properties, pressure, and pore size
distribution.

(1) Threshold pressure gradient effect. As shown in Fig. 4,
low permeability flow may require a critical pressure gradient
because of boundary layer yield stress, nanopore interfacial
forces, or non Newtonian behavior (Cai, 2014). Experiments
and coupled models have described a dynamic resistance
gradient that varies with displacement pressure, rather than a
fixed rock property (Sun et al., 2019). Therefore, a laboratory
threshold measured at one condition may not transfer directly
to reservoir simulation and may misrepresent flow capacity
far from the well. Threshold pressure behavior departs from
classical Darcy flow below a condition dependent pressure
gradient. The response should be measured over relevant fluid,
stress, and rate conditions; a single threshold value should not
be treated as a universal rock property.

(2) Scale differentiation of boundary layer and movable
fluids (Fig. 5). Adsorbed boundary layers reduce effective flow
diameter, with a larger relative effect in smaller pore-throat
(Sun et al.,, 2019). NMR derived movable fluid indicators
have been related to pore structure in tight sandstone, but the
relationship depends on surface relaxivity, cutoff selection, and
sample calibration (Li et al., 2018). Equivalent permeability
may vary with pressure gradient, so core scale parameters
require validation before upscaling.

(3) Stress sensitivity effect. As shown in Fig. 6, Effective
stress changes can close or deform pore-throat and alter per-
meability. The magnitude and direction depend on lithology,
stress path, confining pressure, and measurement protocol;
core stress sensitivity curves require broader sampling be-
fore reservoir scale transfer (Jones and Owens, 1980; Cai et
al., 2020).

(4) Gas slippage effect (Fig. 7). Gas slippage can increase
apparent gas permeability relative to liquid permeability in
small gas filled throats, especially at lower pressure. Its contri-
bution should be evaluated using the pore size distribution and
pressure range of the target formation (Jones and Owens, 1980;
Javadpour et al., 2021).
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Fig. 5. Schematic of scale differentiation of boundary layer
and movable fluids. As pore size decreases, the boundary layer
occupies a greater proportion of the pore space.

(5) Fracture matrix fluid exchange effect. In fractured
reservoirs, capillary imbibition transfers fluid between matrix
and fractures. The response depends on pore structure, wet-
tability, fracture geometry, and boundary conditions. Transfer
from pore and network observations to core or reservoir scale
recovery therefore requires calibration under representative
conditions (Zuo et al., 2024; Zhang et al., 2025; Liu et
al., 2026).

5.4 Evolution of dynamic heterogeneity during
reservoir development

During production and injection, stress changes, fluid re-
distribution, particle migration, and geochemical reactions can
alter pore-throat structure, connectivity, and relative perme-
ability. Depletion may compact the matrix or close fractures;
injection may reopen conductive pathways, while dissolution
or precipitation modifies pore geometry. The dominant process
and its direction depend on rock type, fluid chemistry, stress
path, and operating conditions (Wu et al., 2021; Hui et
al., 2024; Bao et al., 2025b; Cheng et al., 2026).

Dynamic heterogeneity can be tracked with time lapse

illustrate how pressure conditions influence gas flow through

measurements of permeability, pore structure, fracture con-
nectivity, and fluid saturation, together with pressure and
production/injection data. Coupled models should include pro-
cesses relevant to the target lithology and be calibrated against
laboratory or field observations.

6. Conclusions and research priorities

This study links the genetic origins of heterogeneity with
multiscale measurement, quantitative description, and scale
transfer. Four bottlenecks limit engineering application: Cross
method calibration and uncertainty; property and rate depen-
dent nonlinear upscaling; time evolving heterogeneity under
coupled stress, fluid, and chemical processes; and limited
experimental coverage and computational efficiency.

Research should prioritize (1) matched sample calibration
and uncertainty propagation across measurement methods; (2)
flow linked heterogeneity indicators tested against indepen-
dent measurements; (3) nonlinear upscaling validated across
lithologies, heterogeneity levels, and operating conditions; and
(4) time lapse datasets and coupled models that track stress,
fluid, and chemical evolution. Each workflow should dis-
tinguish transferable mechanisms from parameters requiring
local calibration, and conclusions should be tested against
independent core and field data.
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