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Abstract 

Tight reservoirs exhibit complex pore structures and strong heterogeneity, which compli-
cate reservoir characterization. Although spectral induced polarization (SIP) is sensitive 
to pore structure, existing polarization models are formulated at the pore scale and are 
difficult to connect with measurements across different core volumes. We adopted an im-
proved membrane polarization model and coupled it with a three-dimensional imped-
ance network to investigate two-stage SIP upscaling: from pore systems to core-scale net-
works, and from local core volumes represented by subnetworks to larger parent cores. 
The framework was used to determine the representative elementary volume (REV), eval-
uate subnetwork representativeness, examine fracture-controlled heterogeneity, and com-
pare simulations with laboratory measurements. The results show that REV size is con-
trolled by the distribution ranges of pore radius and pore length. Homogeneous networks 
converge with sufficient sampling, whereas subnetworks from strongly heterogeneous 
fractured cores may exhibit relative deviations exceeding tenfold when fracture structures 
are not adequately captured. Impedance network inversion can reproduce measured 
spectra, but the recovered pore distributions are non-unique and represent electrically 
equivalent structures. Laboratory-scale SIP data may not fully capture large-scale hetero-
geneity; integrating logging or imaging information may, therefore, help constrain cross-
scale non-local effects and improve the reliability of comprehensive reservoir evaluation. 

Keywords: tight reservoir; spectral induced polarization; impedance network;  
clay minerals; cross-scale upscaling 
 

1. Introduction 
Tight reservoirs serve as important carriers of unconventional oil and gas resources 

and occupy an increasingly prominent position in the global energy structure. However, 
these reservoirs generally exhibit complex pore structures, low permeability, and strong 
heterogeneity, which pose significant challenges to reservoir characterization and fluid 
identification [1,2]. From a mineralogical perspective, the pore structures of tight reser-
voirs do not exist in isolation but rather are strongly controlled by mineral composition 
and diagenetic evolution. Different rock-forming minerals develop characteristic pore 
types and pore throat configurations during compaction, cementation, and dissolution, 
thereby determining the electrical transport properties of the reservoir [3,4]. These miner-
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alogical effects can be summarized as follows. First, secondary quartz overgrowth or lat-
tice expansion can reduce primary porosity and enhance local heterogeneity. Second, car-
bonate cementation can reduce reservoir space, whereas carbonate dissolution can im-
prove it. Third, clay minerals may clog pore throats, while their intercrystalline mi-
cropores can also provide important storage space and conductive pathways [5,6]. Tradi-
tional logging and seismic methods often suffer from insufficient resolution or limited 
sensitivity to fluids when evaluating such tight reservoirs with complex mineral-pore 
structures, which necessitates the development of new geophysical evaluation techniques. 
The induced polarization (IP) method in electrical exploration, particularly spectral in-
duced polarization (SIP) technology, measures the complex resistivity response of rock 
samples or formations at different frequencies and can effectively reflect information on 
pore structure and fluid properties, having become one of the important geophysical eval-
uation means for reservoirs [7,8]. Numerous experimental studies indicate that induced 
polarization parameters exhibit significant correlations with key reservoir parameters 
such as hydraulic conductivity, specific surface area, and pore radius distribution [9–14], 
providing a theoretical basis for reservoir evaluation using induced polarization data. 

Two primary polarization mechanisms govern induced polarization in porous media 
when metallic particles are excluded from consideration. The first is electrical double layer 
(EDL) deformation polarization. This theory posits that the polarization effect arises from 
charge separation within the electrical double layer (EDL) at mineral grain surfaces, par-
ticularly polarization induced by the tangential movement of counterions in the Stern 
layer [15–18]. The second is membrane polarization theory, first introduced by Marshall 
and Madden [19]. This theory attributes the polarization effect to narrow pore throats 
(narrow pores) in the pore space that exhibit selectivity toward ion transport, which leads 
to the formation and relaxation of ion concentration gradients under an applied electric 
field. Subsequent studies suggest that these two mechanisms may coexist and interact in 
natural reservoirs [20–23]. Recently, Kreith et al. [24] advanced the membrane polarization 
model by treating Stern layer cations as a third ionic species in the solution and assigning 
them a separate ion transport equation. By solving the coupled Poisson–Nernst–Planck 
equations, they computed the microscopic current density within pores, thereby more ac-
curately describing the coupled polarization effects of the Stern and diffuse layers. 

Although existing polarization models can effectively explain the physical mecha-
nisms of induced polarization at the pore scale, actual induced polarization data are typ-
ically acquired at the core sample scale or field exploration scale, where the scales differ 
substantially from the pore scale. Existing polarization models cannot effectively interpret 
such data, and an effective method linking microscopic mechanisms to macroscopic in-
duced polarization data is still needed. Pore network models have been widely applied to 
predict permeability, relative permeability, and electrical parameters in conventional and 
unconventional hydrocarbon reservoirs [25–28], to evaluate CO2 injectivity and caprock 
integrity for geological CO2 storage [29], and to study moisture transport in the vadose 
zone and contaminant remediation in groundwater [30]. Stebner et al. [31] and Maineult 
et al. [32] upscaled pore-scale spectral polarization responses using random pore network 
models, employing the membrane polarization model and the Pelton resistivity model 
[33], respectively. In these approaches, pore-scale units with different electrical or geomet-
ric parameters are connected through two-dimensional or three-dimensional network to-
pologies, and the effective complex resistivity is obtained by solving Kirchhoff’s equations 
at the network nodes. Their studies demonstrated that impedance networks can bridge 
microscopic pore-scale polarization mechanisms and macroscopic electrical dispersion, 
with the statistical distribution and connectivity of individual impedance elements exert-
ing a major control on the bulk SIP response. 
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Building on these foundations, recent studies have further extended both the dimen-
sionality of impedance network modeling and the range of materials investigated by 
broadband SIP. Maineult et al. [34] used three-dimensional impedance networks to repro-
duce the complex resistivity spectra of sand–pyrite–water mixtures, showing that the 
abundance and spatial arrangement of polarizable components strongly influence the 
macroscopic response. In a complementary experimental study, Leroy et al. [35] combined 
broadband SIP measurements of low-pH cement and concrete with membrane- and Max-
well–Wagner-polarization models to relate the observed spectra to pore structure and in-
terfacial electrochemical processes. 

Complementary physics-based simulations have also been used to investigate the in-
fluence of mineral distribution and structural heterogeneity on induced polarization re-
sponses. Wu et al. [36], for example, conducted numerical simulations of submarine 
polymetallic sulfide deposits based on the Poisson–Nernst–Planck equations and system-
atically revealed the relationships between disseminated, vein-like, and massive mineral-
ization structures and IP parameters. Although such physics-based simulations provide 
important insights into the relationship between structural heterogeneity and electrical 
responses, realistic upscaling also requires reliable characterization of pore and fracture 
geometries. In this context, recent microtomography (µCT)-based digital-core studies 
have advanced open-porosity prediction for standard core plugs using supervised ma-
chine learning models and have demonstrated the applicability of digital rock workflows 
to reservoir characterization and flow-related analyses in sandstone and carbonate reser-
voirs [37,38]. These developments indicate that image-derived structural information can 
provide valuable constraints for constructing more realistic pore network models. On this 
basis, determining the representative elementary volume (REV) is essential for ensuring 
that the constructed network adequately captures the structural features controlling mac-
roscopic transport properties and that the simulation results are statistically representa-
tive [39,40]. The REV defines the minimum statistically representative scale, enabling sim-
ulations to adequately capture the connectivity features that govern macroscopic 
transport properties [41] and avoiding sampling bias and spurious results associated with 
sub-REV volumes [42]. In digital rock and pore network modeling, the REV serves as a 
critical bridge between microscopic pore structure and macroscopic property prediction 
[43,44], ensuring the reliability of upscaling electrical responses such as complex resistiv-
ity [45] while optimizing computational resource allocation through balancing resolution 
and representative volume [46]. 

In this study, we adopted an improved membrane polarization model and coupled 
it with a three-dimensional impedance network to investigate two-stage SIP upscaling: 
from individual pore systems to core-scale networks, and from local core volumes repre-
sented by subnetworks to larger parent cores. We determined the REV, evaluated subnet-
work representativeness through repeated extraction, examined fracture-related spatial 
heterogeneity, and compared the numerical results with laboratory measurements of 
block and plug samples. This study further investigated how fracture-related heterogene-
ity affects the relationship between local and global SIP responses and assessed the non-
uniqueness of impedance network inversion. 

2. Materials and Methods 
2.1. Membrane Polarization Model 

Kreith et al. [24] built upon previous membrane polarization models, treated Stern 
layer cations as a third ionic species in the solution, and assigned them a separate ion 
transport equation. The equivalent ion concentrations in the Stern layer of wide and nar-

row pores Sc  are, respectively: 
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where SΣ  is the Stern layer charge density; 1r  and 2r  are the wide and narrow pore 
radii, respectively; and F  is the Faraday constant. By considering their ion transport 
and current continuity equations, the linearized Nernst–Planck equation for the Stern 
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where SD  and Sµ  are the Stern cation diffusion coefficient and mobility, respectively; 

,0Sc
 is the equilibrium Stern layer concentration; M  is the interlayer coupling coeffi-

cient [47]; U  is the axial electric potential; κ  is the inverse Debye length; Bk  is the 

Boltzmann constant; dψ  is the electric potential at the Stern layer; and c∞  is the bulk 
solution concentration. 

Under this assumption, the Poisson equation accounting for cations pc , anions nc , 

and Stern layer ions is given by: 
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2

2
0

p n S
r

U F c c c
x

∂
= − +

∂  
 (4) 

where 0  and r  are the vacuum permittivity and relative permittivity, respectively. By 
solving the coupled Poisson–Nernst–Planck equations, we can calculate the microscopic 
current density at each point within the pore. Incorporating boundary conditions, inte-
grating over the pore length and dividing by the terminal voltage yields the impedance 
of the one-dimensional pore sequence: 
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For a wide-and-narrow pore system of length 1 22( )L L+   and matrix cross-sec-

tional area SA  , the effective resistivity is given by [48]: 

eff ( ) SAZ
L

ρ ω= ⋅  (6) 

The impedance response obtained for a single wide-and-narrow pore system was 
subsequently used as the elementary impedance component for constructing the pore 
combination (PC) units described in Section 2.2. 

2.2. Impedance Network Model 

The three-dimensional impedance network was constructed to upscale the pore-scale 
membrane polarization response to the core scale through spatial topological connections. 
In the network, each edge connecting two adjacent nodes was represented by a pore com-
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bination (PC) unit. Different PC units could be assigned different pore-geometric param-
eters to characterize the spatial heterogeneity of the rock pore structure. 

Each PC unit consisted of n  identical wide-and-narrow pore systems connected in 
series. Figure 1 shows the geometry of one wide-and-narrow pore system. A single system 
comprises two wide pore segments connected by a central narrow pore segment. Each 

wide pore segment has a radius 1r  and a length 1L , giving a total wide pore length of 

12L . The central narrow pore segment has a radius 2r  and a total length of 22L . There-
fore, the total length of one wide-and-narrow pore system is: 

12 21 2 22 ( )sys L LL L L+ = +=  (7) 

Here, 1r  represents the pore body radius, whereas 2r  represents the pore throat 
radius. The geometric parameters of the wide and narrow pore segments are related 

through the proportional coefficients Kf  and Lf , respectively: 

1 2 1 2,K Lr r f L L f= =  (8) 

The n  wide-and-narrow pore systems within the same PC unit have identical val-

ues of 1r , 2r , 1L , and 2L , whereas these parameters may differ among PC units. In this 
way, each PC unit represents one specific pore type, and the assignment of different PC 
units to the network edges represents the pore structure heterogeneity of the rock. 

Each PC unit was embedded in a non-conductive cylindrical matrix with a radius 

2maxS S Kr f f r= . The total length of a PC unit, totalL , was defined by the distance between 
two adjacent network nodes. The n   wide-and-narrow pore systems occupy a total 

length of sysnL
 . When totalL   is not an integer multiple of sysL

 , the remaining length 

remL  is given by s remtotal syL L Ln +=
. 

The residual segment was assigned the same wide pore radius as the series-con-

nected systems. Its nominal narrow pore radius was also set equal to 1r , so that this seg-
ment behaved as an approximately uniform pore and did not introduce an additional po-
larization response. 

The equivalent impedance of each PC unit was obtained by combining the imped-
ances of the n  identical wide-and-narrow pore systems and the residual segment in se-
ries. The resulting complex conductivity was then assigned to the corresponding edge of 
the three-dimensional network. Figure 2 illustrates the network topology, in which every 
connection between adjacent nodes represents one PC unit. 

 

Figure 1. A single wide-and-narrow pore system. Each PC unit consists of n  identical wide-and-
narrow pore systems connected in series. 

1r

Sr
1L 1L

2r

22L
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Figure 2. Schematic of the impedance network model with a network size of 4. 

For a three-dimensional cubic network with 2l l l× × +  nodes, the network size is 

defined as l , the total number of internal nodes is 
Dn l= , and the total number of im-

pedance units connecting these nodes is 
( ) ( )1 2DDm Dl l D−= − −  . Each node is con-

nected to its adjacent nodes through PC units. Let the complex electric potential at node 

( ), ,i j k
  be 
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where 
*
( , , ) ( 1, , )i j k i j kσ → +  is the complex conductivity of this PC unit, calculated from the 

membrane polarization model. We applied Kirchhoff’s current law to each internal node, 
such that the sum of complex currents flowing into the node equals zero: 
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* * *VD b⋅ =  (12) 

where 
*D  is the sparse matrix of complex coefficients, 

*V  is the vector of complex elec-

tric potentials at the nodes, and 
*b  follows from the boundary conditions. We applied 

fixed voltages inV  and outV  to the upper and lower boundaries, respectively, with zero 
current at the lateral boundaries. After solving this linear system in MATLAB R2021a to 
obtain the potentials at all nodes, we calculated the total complex current through the 
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boundaries and then obtained the effective complex resistivity 
*
net ( )ρ ω  of the entire net-

work. 

3. Results 
3.1. Representational Capacity and Parameter Sensitivity of Random Impedance Network Models 

3.1.1. Single Pore Type Verification 

To validate upscaling within the impedance network framework, we simulated a net-
work of size 24 containing only a single pore type (Figure 3). The network output matches 
the analytical membrane polarization solution for that pore type exactly. Across 100 iter-
ative calculations, the relative difference between the two approaches at each frequency 
was less than 1 × 10−8 percent. Such agreement demonstrates that impedance network sim-
ulation reliably captures pore-scale upscaling in a fully homogeneous medium. 

 
(a) (b) 

Figure 3. Simulated complex resistivity spectrum for a network of size 24. (a) Resistivity amplitude; 

(b) phase angle. Contains only one pore type ( 2r  = 0.2 µm, 2L  = 2 µm). Points are network simu-
lation results, and the curve is the analytical solution of the membrane polarization model for a 
single pore type. 

At the single-pore scale, the membrane polarization response is independently con-
trolled by two geometric parameters—pore radius and pore length—and there exists a 
clear quantitative mapping relationship. With a fixed pore length and varying narrow 

pore radius 2r , the phase peak changes non-monotonically with pore radius: when 2r  is 
on the nanometer-to-submicron scale, the pore throat size is comparable to the electric 
double layer thickness, cation-selective transport is strong, and the polarization intensity 

can reach tens of mrad; whereas when 2r  increases to the micron scale or above, the EDL 
proportion drops sharply, and the phase peak rapidly decreases to less than 1 mrad (Fig-

ure 4a). With a fixed pore radius and varying narrow pore length 2L , the characteristic 

frequency cf  (the frequency corresponding to the phase peak) is controlled by the ion 
diffusion relaxation time: short pore lengths correspond to high-frequency polarization, 
and long pore lengths correspond to low-frequency polarization (Figure 4b). The typical 
pore throat radii in tight reservoirs are distributed between 10−9 and 10−6 m, and the pore 
lengths are distributed between 10−7 and 10−4 m , which fall exactly within the strong po-
larization window, giving membrane polarization a detectable response amplitude and 
characteristic frequencies within the SIP band; whereas the pore throat scales of conven-
tional high-porosity and high-permeability sandstones or unconsolidated media are far 
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larger than the EDL thickness, and the membrane polarization contribution approaches 
zero. 

We adopted the surface complexation model [49–51] to calculate the Stern layer 
charge density and surface charge distribution coefficient on pore surfaces. Under 0.1 
mol/L neutral NaCl solution conditions, the electrochemical parameters calculated using 
the SCM are listed in Table 1. Different electrochemical parameter inputs primarily alter 
the simulated resistivity magnitude and phase magnitude (Figure 5), whereas the charac-
teristic frequency is insensitive to changes in electrochemical parameters. The higher sur-
face charge density resulting from the high specific surface area of clay minerals reduces 
the simulated resistivity magnitude and enhances the polarization response. 

 
(a) (b) 

 
(c) (d) 

Figure 4. Panels (a,c) show how the single-pore low-frequency phase peak varies with narrow pore 

radius, and 
1κ −

  is the Debye length; panels (b,d) show how the single-pore characteristic fre-
quency varies with narrow pore length. 

Table 1. Electrochemical parameters of two surface minerals. 

Surface Minerals 2
S ( / )C mΣ  ( )d Vψ  Qf  

Montmorillonite 0.11215 −0.051145 0.74770 
Quartz 0.049687 −0.041316 0.59483 

Qf  is Partition coefficient. 

https://doi.org/10.3390/min16080766


Minerals 2026, 16, 766 9 of 36 
 

https://doi.org/10.3390/min16080766 

 
(a) (b) 

Figure 5. (a) Variations in the resistivity magnitude of a single pore under different electrochemical 
parameters. (b) Variations in the phase of a single pore under different electrochemical parameters. 

3.1.2. Upper and Lower Bounds of Representational Capacity for Multiple Pore Types 

We added additional pore types to characterize the broad ranges of pore throat radii 
and pore lengths present in natural tight reservoirs. In such reservoirs, differences in pore 
throat radius and pore length span 2–3 orders of magnitude; this heterogeneity was rep-
resented by connecting PC units with different pore radii and pore lengths in series and 
in parallel within the impedance network. 

The pore radius distribution exerts significant control over the network polarization 
intensity. Numerical experiments with fixed pore length and varying pore radius (Figure 
6) indicate that wide pores form low-resistance preferential conduction pathways, pro-
ducing a significant electrical short-circuit effect on the high polarization contribution 
from narrow pores. The effective polarization intensity of the network exhibits well-de-
fined upper and lower bounds: the upper bound approaches the pure narrow pore re-
sponse, whereas the lower bound is suppressed by the conductive dominance of wide 

pores. When the network simultaneously contains narrow pores with 2r  = 0.002 µm and 

wide pores with 2r  = 0.2 µm, the effective phase magnitude is significantly lower than 
the linear average of the analytical solutions for the two pore types and decays monoton-
ically as the proportion of narrow pores decreases. As the pore radius difference decreases 
(Figure 7), the impedance contrast among individual branches diminishes, and the net-
work response gradually converges toward the arithmetic average. The extreme values of 
the pore radius distribution—particularly whether the minimum pore radius falls within 
the membrane polarization-dominated regime—determine the range of variation of the 
network polarization intensity. 

 
(a) (b) 
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(c) (d) 

Figure 6. Complex resistivity spectra of a network with size 24 under different pore type proportions, 

with fixed pore length. The network contains two pore types [(a,b) correspond to 2r  = 0.002 µm, 

2L  = 2 µm and 2r  = 0.02 µm, 2L  = 2 µm; (c,d) correspond to 2r  = 0.02 µm, 2L  = 2 µm and 2r  

= 0.2 µm, 2L  = 2 µm]. p denotes the proportion of the narrower-throat pore type relative to the 
total pore volume of the network. 

 

Figure 7. Relative changes in the average value of the membrane polarization analytical model and 
the network simulation amplitude and phase at p = 0.5 under different pore throat ratios for two 
pore types. 

The frequency bounds of the network phase spectrum are strictly constrained by the 
extreme values of the pore length distribution: the high-frequency upper bound is deter-

mined by 2,minL
, and the low-frequency lower bound is determined by 2,maxL

. The net-
work is equivalent to connecting different numbers of polarization units in series; because 
the polarization intensity of each unit is identical, the effective response manifests as the 
arithmetic average of the analytical solutions for each pore type (Figure 8b,d). Short pore 
lengths produce high-frequency phase peaks, whereas long pore lengths produce low-
frequency phase peaks; under a broad distribution, the overall phase spectrum exhibits 
characteristics of multiple-peak superposition or broadband spreading, consistent with 
the measured SIP spectra of tight rocks. Numerical experiments indicate that when the 
number of pore types v  = 10, continuing to increase the discretization number to v  = 
1000 has a negligible effect on the effective network response (Figure 8b,d), which indi-
cates that as long as the statistical range of the pore length distribution is fixed, the cover-
age range of the network characteristic frequencies tends to stabilize. 

When the pore radius distribution range is fixed, the complex resistivity spectrum of 
the network converges to the analytical solution of an equivalent single pore type as the 
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number of pore types v  increases (Figure 8a,c), with the equivalent narrow pore radius 
being approximately 0.0288 µm. This equivalent radius is neither the arithmetic mean nor 
the geometric mean but rather represents an overall statistical property of the network 
arising from the competition between the short-circuit effect of wide pores and the polar-
ization contribution of narrow pores; its physical meaning likely corresponds to a charac-
teristic scale weighted by polarization intensity under a log-uniform pore radius distribu-
tion. Provided that the statistical range of the pore radius and pore length distribution is 
fixed, the network response exhibits a definite equivalent characteristic, and increasing 
the number of pore types indefinitely is unnecessary; the range of variation in the overall 
response is strictly bounded by the geometric extreme values. 

 
(a) (b) 

 
(c) (d) 

Figure 8. Complex resistivity spectra for different numbers of pore types in a network of size 24. 
Numbers of pore types v  = 2, 10, 100, and 1000 are generated using a logarithmic equal-interval 
distribution, with each pore type having the same proportion in the network. Panels (a,c) are for 

fixed pore length: 2,minr
 = 0.002 µm, 2,maxr

 = 0.2 µm, 2L  = 2 µm. Panels (b,d) are for fixed pore 

cross-sectional area: 2,minL
 = 0.08 µm, 2,maxL

 = 2 µm, 2r  = 0.2 µm. 

The representational capacity of random impedance networks is strictly bounded by 
the network geometric parameters (Figure 9). The geometric parameters defining these 
upper and lower bounds are listed in Table 2. For induced polarization response curves 
falling within the representable range, the impedance network can achieve effective char-
acterization by connecting different pore types in series and in parallel. Changing geomet-
ric parameters and electrochemical inputs can expand or narrow this range. The above 
upper and lower bounds are calibrated based on clay mineral electrochemical parameters 
and need to be re-determined in combination with specific mineral compositions in prac-
tical applications. This study focuses primarily on the influence of geometric parameters 
on scale effects. 
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Figure 9. The gray region in the figure represents the representable range of the random impedance 
network model; this range is bounded by two sets of geometric parameters at the opposite ends of 
the diagonal. 

Table 2. Geometric parameters defining the upper and lower bounds of the representable range in 
Figure 9. 

Symbol Description Value 

2,minr  Lower bound of narrow pore radius(m) 2.00 × 10−9 

2,maxr  Upper bound of narrow pore radius(m) 2.00 × 10−5 

2,minL  Lower bound of narrow pore length(m) 3.00 × 10−8 

2,maxL
 Upper bound of narrow pore length(m) 20.00 × 10−6 

Kf  Pore size scaling factor 10 

Lf  Pore length scaling factor 9 

Sf  Matrix scaling factor 1.1 

totalL  Node spacing(m) 4.00 × 10−4 

3.2. Numerical Simulation of Induced Polarization Responses at Different Scales 

3.2.1. Representative Elementary Volume of the Random Impedance Network Model 

To determine the representative elementary volume (REV) size of the impedance net-
work, we constructed cubic impedance networks of different sizes and selected v  = 100 
and v  = 1000 for the number of pore types. The pore types were generated following a 
log-normal distribution in the pore radius and pore length parameter space, with each 
pore type having an equal probability of occurrence in the network, to simulate the statis-
tical characteristics of the pore structure of actual samples. The mesh parameters used for 
the network simulations are listed in Table 3. 

Table 3. Parameters used for the impedance network. A narrower distribution interval relative to 
Table 2 was adopted to simulate the influence of geometric parameters on convergence. 

Symbol Description Value 
D  Network dimension 3 

l  Network size 4, 6, 8, ..., 24 
v  Number of pore types 100, 1000 

2,minr  Lower bound of narrow pore radius(m) 2.00 × 10−9 

https://doi.org/10.3390/min16080766
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2,maxr  Upper bound of narrow pore radius(m) 2.00 × 10−7 

2,minL  Lower bound of narrow pore length(m) 8.00 × 10−8 

2,maxL
 Upper bound of narrow pore length(m) 2.00 × 10−6 

Kf  Pore size scaling factor 10 

Lf  Pore length scaling factor 10 

Sf  Matrix scaling factor 1.1 

totalL  Node spacing(m) 1.00 × 10−4 

To quantify the statistical stability and size dependence of the simulated SIP re-
sponses, we calculated the full-band coefficients of variation of resistivity magnitude and 

phase, ( )iCV lρ  and ( )iCV lφ , respectively, together with the relative changes in resis-

tivity magnitude and phase between two consecutive network sizes, 
( )ilρδ  and 

( )ilφδ

, respectively. Detailed definitions of these statistical quantities are provided in Appendix 
A. 

Based on the above statistics, the REV size was defined as the minimum network size 

that simultaneously satisfied two criteria. First, ( )iCV lρ  and ( )iCV lφ  had to be lower 

than CVε , indicating adequate statistical stability among repeated realizations. Second, 
( )ilρδ  and 

( )ilφδ  had to be lower than δε , indicating that a further increase in net-
work size produced only limited changes in the macroscopic response. 

Through 10 iterative computations for different network sizes with v = 100 and v = 
1000 (Figure 10), the coefficient of variation between iterations and the relative change rate 
between sizes generally decrease with increasing network size. When the number of pore 
types v  is small, the larger dispersion in the pore radius distribution results in a slower 
decay of the network response coefficient of variation with size, and the corresponding 
REV size is larger. When v = 1000, the network simulation convergence accelerates. Con-
sidering that stricter thresholds (e.g., 1%) in network calculations would significantly in-

crease the REV size ( l  > 20) and computational cost, we adopted 5% as the threshold for 
each criterion for REV size determination (Figure 11). A threshold of 5% is already signif-
icantly lower than the typical systematic error of core-scale SIP measurements and the 
noise level of field exploration; the REV sizes determined thereby for v = 100 and v = 

1000 are l = 14 and l = 10, respectively. 

 
(a) (b) 
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(c) (d) 

Figure 10. Coefficient of variation between cycles and relative change between sizes for amplitude 
and phase at different network sizes [(a,b) show results for v  = 100 network, (c,d) show results for 
v  = 1000 network]. Different network sizes use the same set of log-normally distributed pore types, 
with equal extraction probability for each pore type. 

 

Figure 11. REV size of the random impedance network model under different thresholds. 

Expanding the distribution ranges of pore length and pore radius causes the REV 
sizes corresponding to both pore type numbers to increase dramatically (Figure 12). The 
REV size that strictly satisfies the discrimination criterion is approximately 24. For rock 
samples with different degrees of pore distribution complexity, impedance networks of 
appropriate sizes should be selected to ensure the statistical stability and size independ-
ence of the simulated responses. 

The REV size is primarily controlled by the ranges of pore radius and pore length—
that is, the degree of heterogeneity in porous media—rather than by the number of pore 
types. Expanding the pore radius and pore length distribution ranges (Table 4) yields an 

REV size of approximately l  = 24, which is substantially larger than the REV size under 
the parameters in Table 3, indicating that the complexity of the pore distribution is the 
primary factor controlling the REV size. Within a fixed distribution range, the number of 
pore types primarily affects the convergence rate of the REV, with little effect on the REV 
size. Under the parameters in Table 3, the REV size for v  = 1000 is four network-size 
units smaller than that for v  = 100. 
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(a) (b) 

 
(c) (d) 

Figure 12. Inter-cycle coefficient of variation and inter-size relative rate of change for magnitude 
and phase across different network sizes with expanded pore radius and length distribution inter-
vals relative to Figure 10 [(a,b): v  = 100 network; (c,d): v  = 1000 network]. 

Table 4. Expanded output parameter range relative to the impedance network in Figure 10. 

Symbol Description Value 
D  Network dimension 3 

l  Network size 4, 6, 8, ..., 24 
v  Number of pore types 100, 1000 

2,minr  Lower bound of narrow pore radius(m) 2.00 × 10−9 

2,maxr  Upper bound of narrow pore radius(m) 2.00 × 10−5 

2,minL  Lower bound of narrow pore length(m) 8.00 × 10−8 

2,maxL
 Upper bound of narrow pore length(m) 18.00 × 10−6 

Kf  Pore size scaling factor 10 

Lf  Pore length scaling factor 10 

Sf  Matrix scaling factor 1.1 

totalL  Node spacing(m) 4.00 × 10−4 

3.2.2. Representativeness of Subnetworks in Random Impedance Networks 

After determining an impedance network sufficiently representative of a rock sam-
ple, we expanded this network beyond the REV size and performed partial extraction to 
analyze the relationship between the SIP response of a partial sample and the whole at the 
core scale. The specific procedure was as follows: we constructed a sufficiently large par-
ent network and solved for its simulated SIP response; subsequently, we extracted multi-
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ple subnetworks of different sizes from it and solved for their responses; finally, we con-
ducted a comparative analysis of the simulated SIP responses, pore type distributions, 
and parameters of the subnetworks against those of the parent network. 

Parent networks with network size 30 and pore type numbers of 100 and 1000 were 
selected, with the pore type distributions consistent with those in Figure 10. From these, 
subnetworks with sizes of 4, 6, 8, 10, 12, and 14 were extracted 10 times each (Figure 13). 
The results indicate that the convergence rate of subnetworks from parent networks with 
a larger number of pore types is significantly accelerated. Under the random assignment 
mode, the connectivity relationships among pore types in the network have limited influ-
ence on subnetwork representativeness; the convergence of subnetworks primarily de-
pends on the statistical sufficiency of the pore types they contain (Figure 14). The devia-
tion of subnetworks of different sizes relative to the parent network stems from whether 
the distribution of extracted pore types within the subnetwork is uniform, that is, the sta-
tistical similarity between the subnetwork and the parent network. Because each pore type 
occurs with smaller frequency in the v  = 1000 network, subnetworks of the same size 
can encompass richer pore type information, and their convergence is superior to that of 
the v  = 100 network. 

 
(a) (b) 

Figure 13. Subnetworks of different sizes extracted from two parent networks with v  = 100 and 
v  = 1000. (a) Average relative deviation of SIP responses between the parent network ( v  = 100) 
and its subnetworks; (b) average relative deviation of SIP responses between the parent network 
( v  = 1000) and its subnetworks. 

 

Figure 14. Pore throat distributions of subnetworks with network sizes 4, 6, and 8 in the parent 
network with v  = 100 in Figure 13. Panel (a) shows the pore throat distribution of the subnetwork 
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with the maximum deviation from the parent network SIP response among the 10 subnetworks with 
network size 4; (d) shows the pore throat distribution of the subnetwork with the minimum devia-
tion from the parent network among these 10 subnetworks. Panels (b,c) show the pore throat distri-
butions of the maximum- and minimum-deviation subnetworks for network size 6; (e,f) show the 
pore throat distributions of the maximum- and minimum-deviation subnetworks for network size 
8. 

To quantitatively evaluate the influence of microscopic heterogeneity on subnetwork 
representativeness, we introduced a dimensionless microscopic heterogeneity parameter, 
η , based on the local variation in pore throat radii around a set of mutually nonadjacent 
nodes. A larger value of η  indicates stronger microscopic heterogeneity around these 
independent nodes. The detailed definition of η  is provided in Appendix B. 

Under the random assignment mode, the subnetwork representative size is insensi-
tive to the microscopic heterogeneity parameter η ; five networks with different values of 
η  exhibited similar SIP responses (Figure 15). The simulated annealing algorithm opti-
mization forms local large-pore/small-pore clusters (Figure 16); however, because the 
node positions still followed random assignment, the subnetwork representative sizes re-
mained similar to those of completely random networks (Figure 17). Such microscopic 
heterogeneity is homogenized at the core scale, and the subnetwork representative size 
remains consistent with that of completely random networks. Whether a subnetwork is 
representative is determined by statistical sampling sufficiency rather than by local mi-
croscopic fluctuations. 

 
(a) (b) 

Figure 15. Simulated SIP responses of an impedance network with a network size of 31 and 100 pore 
types under different heterogeneity parameters: (a) resistivity magnitude and (b) phase. The net-
work parameters used are the same as in Table 3. 
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Figure 16. Optimization effect of the η  = 0.605 network in Figure 15. Different colors represent 
different classes. The optimization algorithm divides the network into two classes: large-pore clus-
ters and small-pore clusters. 

 
(a) (b) 

Figure 17. Mean relative deviation of subnetworks of different sizes from the parent network in 
Figure 15. Panel (a) shows the resistivity amplitude; (b) shows the phase peak. Each subnetwork 
was extracted 10 times. 

3.2.3. Influence of Core-Scale Heterogeneity on Subnetwork Representativeness 

The microscopic heterogeneity parameter η  characterizes the local variation in pore 
throat radii around independent nodes but does not describe the large-scale spatial ar-
rangement or long-range correlation of pore structures. Therefore, it cannot characterize 
directional aggregation features such as connected fractures. To achieve heterogeneity at 
larger scales, this section controlled the spatial distribution of individual nodes through a 
clustering algorithm, simulating two states: fractures along the measurement direction 
and fractures perpendicular to the measurement direction (Figure 18). The clustering al-
gorithm divides the network into two classes of individual nodes: fractures as large-pore 
clusters and the remainder as narrow-pore clusters. The SIP response of networks with 
fractures along the measurement direction is completely dominated by wide-pore frac-
tures; the response of randomly distributed networks lies between those of the two frac-
ture networks. 
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(a) (b) 

  
(c) (d) 

Figure 18. Simulated SIP responses (a,b) and clustering effects (c,d) for impedance networks with 
different spatial pore configurations, with a network size of 13 and 100 pore types. Dark-blue and 
cyan nodes represent the small-pore and large-pore/fracture-node classes, respectively. For the frac-

ture network along the measurement direction, the average narrow pore radius 2r  range of inde-
pendent nodes in the large-pore aggregation class is [0.07015,0.12751]µm; in the small-pore aggre-

gation class, 2r   is [0.00738,0.0373] µm, and the microscopic heterogeneity parameter is η   = 
0.4959; for the fracture network perpendicular to the measurement direction, the average narrow 

pore radius 2r  range of independent nodes in the large-pore aggregation class is [0.0672,0.12786] 

µm; in the small-pore aggregation class, 2r  is [0.00786,0.03554] µm, and the microscopic heteroge-

neity parameter is η  = 0.4952; and for the randomly allocated network, the heterogeneity param-

eter is η  = 0.9892. 

For subnetwork extraction from a parent network with network size 31 containing 
fractures along the measurement direction (Figure 19), at the same subnetwork size, the 
relative deviation of the extraction results from fracture networks is substantially greater 
than that from networks with randomly assigned pore types. As the number of included 
fracture nodes increases, this deviation gradually decreases; however, after reaching a 

sufficiently large size ( l   = 10), a larger number of fracture nodes no longer implies a 
smaller relative deviation. Fracture nodes refer to the selected nodes whose connected PC 
units were assigned relatively large pore radii. 
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(a) (b) 

Figure 19. Panel (a) is mean relative deviation of subnetworks of different sizes, with parent network 
parameters same as in Figure 8, and (b) is number of crack nodes contained in different subnetwork 
sizes. 

The fracture node proportions of subnetworks with minimum relative deviation clus-
ter near the fracture node proportion of the parent network (Figure 20). The relative devi-
ations in magnitude and phase for subnetworks of the same size vary nonlinearly with 
the number of fracture nodes (Figure 21). Because the spatial distribution of fractures dif-
fers in each subnetwork, subnetworks with identical fracture node proportions can exhibit 
relative deviations differing by several-fold. In Figure 21, the two subnetworks with the 
minimum relative deviation share similar pore throat distributions. When the parent net-
work exhibits large-scale heterogeneity, subnetwork representativeness depends not only 
on sampling sufficiency but also on similarity to the parent network; rather, the subnet-
work must maintain self-similarity with the parent network in fracture structure, such 
that both the fracture node proportion and the spatial distribution pattern are consistent 
with those of the parent network. 

 

Figure 20. Average relative deviations in resistivity magnitude and phase for all subnetwork sizes 
across 10 extraction iterations, plotted against the corresponding fracture node proportions. Data 
points for subnetworks containing no fracture nodes were excluded from the comparison because 
their relative deviations exceeded tenfold, which would obscure the distribution of the remaining 
data. 
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(a) (b) 

 
(c) (d) 

Figure 21. Relative changes in amplitude and phase for subnetworks of sizes 12 and 14 under dif-
ferent numbers of fracture nodes (a,b); (c,d) show the pore size distributions of the two networks 
with the smallest relative changes. 

Further considering spatial correlation, fracture branches perpendicular to the meas-
urement direction were added to the fractures along the measurement direction to simu-
late more complex fracture networks (Figure 22), serving as a transition from idealized 
fractures to natural fracture networks. The average deviation of the subnetwork SIP re-
sponse relative to the parent network increases (Figure 23); however, as the subnetwork 
size increases, the average relative deviation of the subnetworks shows no convergence 
trend. The average relative deviation of a subnetwork with network size 20 occupying 2/3 
of the parent network volume is almost indistinguishable from that of a subnetwork with 
network size 8. The correlation between the subnetwork relative deviation magnitude and 
the fracture node proportion weakens. Relative to a parent network containing only frac-
tures along the measurement direction, small-size subnetworks can hardly achieve suffi-
cient spatial similarity with a parent network possessing complex fracture networks. To 
attain self-similarity, the extracted subnetwork size must be comparable to that of the par-
ent network. At the core scale, for large-scale cores with strong heterogeneity, the repre-
sentativeness of SIP measurements on standard plug sample sizes is significantly reduced 
or even lost. Whether such core-scale heterogeneity extends to larger scales (e.g., logging 
resolution) requires verification using imaging data. 
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Figure 22. Addition of branch layers perpendicular to the fractures, based on the fractures along 
the measurement direction in Figure 18. Dark-blue and cyan nodes represent the small-pore and 
large-pore/fracture-node classes, respectively. 

. 
(a) (b) 

Figure 23. (a) Average relative deviations of SIP responses for subnetworks of different sizes over 
10 extraction iterations; parent network parameters are the same as in Figure 19. (b) Average relative 
deviations in resistivity magnitude and phase for all subnetwork sizes extracted over 10 iterations, 
plotted against the corresponding fracture node proportions. 

3.3. Application to Actual Samples 

3.3.1. Measurement Instrument, Validation, and Data Selection 

A Solartron 1260A impedance/gain-phase analyzer (Solartron Analytical, AMETEK 
Scientific Instruments, Farnborough, UK) was used for the complex resistivity measure-
ments over the frequency range of 0.01–10,000 Hz. The rock samples were measured using 
the four-electrode configuration shown in Figure 24, with the outer electrodes used for 
current injection and the inner electrodes used for potential measurement. The analyzer 
and measurement system were connected to a common ground and electromagnetically 
shielded to reduce external electromagnetic interference. Nevertheless, recent studies 
have shown that broadband four-electrode SIP measurements may still be affected by ac-
quisition-channel capacitance, potential-electrode and contact impedances, and electro-
magnetic coupling at elevated frequencies [52–54]. Therefore, before measuring the rock 
samples, we quantitatively evaluated the magnitude and phase accuracy of the analyzer 
over the investigated frequency range using phase-bearing reference networks. Analyti-
cal-reagent-grade CuSO₄·5H₂O (Karan, Xi’an Tianmao Baoding Biotechnology Co., Ltd., 
Xi’an, China) was used to prepare the CuSO₄ paste for electrode contact. 
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Figure 24. Schematic of the four-electrode configuration used for complex resistivity measurements. 
The outer electrodes (I+ and I−) were used for current injection, whereas the inner electrodes (V+ 
and V−) were used to measure the potential difference. CuSO4 paste was used as the coupling 
medium between the electrodes and the rock sample. 

Three phase-bearing R–C reference networks were used for the instrumental valida-
tion, and their circuit parameters are listed in Table 5. The measured and theoretical re-
sponses over the complete measurement band are compared in Figure 25. The relative 
residuals between the measured and theoretical responses remained below 5% for both 
impedance magnitude and phase. Representative residuals at 10, 100, 1000, and 10,000 Hz 
for the three R–C reference networks are summarized in Table 6. No separate open- or 
short-circuit compensation was applied; instead, the instrumental response was evaluated 
directly using the phase-bearing R–C loads. These reference measurements were used to 
quantify the instrumental measurement error rather than to derive a correction coefficient, 
and no frequency-dependent numerical correction was subsequently applied to the meas-
ured rock spectra. 

Table 5. Circuit parameters of the three R–C reference networks used for instrumental validation. 

Number 1 / ( )R kΩ  2 / ( )R kΩ  / ( )C Fµ  max / ( )radϕ  

R–C 1 20.00 0.2 68 0.005 
R–C 2 1.900 0.2 68 0.050 
R–C 3 0.108 0.2 68 0.500 

 

 
(a) (b) 

Figure 25. Validation of the impedance analyzer using three phase-bearing R–C reference networks. 
(a) Measured and theoretical impedance magnitudes. The inset in panel (a) shows the R–C reference 
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circuit. (b) Measured and theoretical phase responses. Symbols represent the measurements, and 
solid curves represent the theoretical responses. 

Table 6. Relative residuals of the impedance magnitude and phase measured for the three R–C ref-
erence networks at representative frequencies. 

Number 
Frequency 

(Hz) 
Magnitude Relative Residual 

(%) 
Phase Relative Residual 

(%) 

R–C 1 

10 0.0201 1.0009 
100 0.0001 1.0383 

1000 0.0102 1.3264 
10,000 0.0051 4.4422 

R–C 2 

10 0.0787 1.0537 
100 0.0788 3.0011 

1000 0.0691 0.0064 
10,000 0.0542 0.0272 

R–C 3 

10 3.6159 0.0715 
100 3.7180 0.1339 

1000 4.4897 0.0380 
10,000 3.4984 0.0748 

It is important to distinguish the acquisition frequency range from the frequency 
range used in the impedance network inversion. Although the complete measured spectra 
up to 10 kHz are presented for transparency, the adopted pore throat model describes 
electrochemical polarization associated with ion redistribution and the coupled polariza-
tion of the Stern and diffuse layers. It does not contain an explicit bulk-dielectric or Max-
well–Wagner polarization term. Consequently, the high-frequency dielectric-polarization 
segment was excluded from the inversion and was not included in the objective function. 
Only the lower-frequency electrochemical-polarization response was inverted using the 
impedance network model. The measured frequency range and the frequency range used 
for the inversion of each rock sample are listed in Table 7. Measured data outside the listed 
inversion ranges were excluded from the objective function. The excluded high-frequency 
data were neither corrected nor fitted and were not interpreted in terms of pore geometry. 
The need to separate the induced polarization response from high-frequency trends asso-
ciated with dielectric behavior and/or electromagnetic noise has also been recognized in 
recent three-dimensional impedance network modeling [34]. 

Table 7. Frequency ranges used for the impedance network inversion of the measured rock spectra. 

Sample Measured Frequency Range (Hz) 
Frequency Range Used for Inversion 

(Hz) 
C1 0.01–10,000 0.01–1000 
C2 0.01–10,000 0.01–1000 
y 0.01–10,000 0.01–1000 

y1 0.01–10,000 0.01–100 
y2 0.01–10,000 0.01–100 

3.3.2. Simulation of Measured Data from Core Plug Samples 

To match the pore structure of real rock samples, the geometric parameters of PC 
units must be set according to actual rock physical measurement data. Carbonate samples 
C1 and C2 were saturated with a 0.1 mol/L NaCl solution. Analytical-reagent-grade NaCl 
(Karan, Xi’an Tianmao Baoding Biotechnology Co., Ltd., Xi’an, China) was used to pre-
pare the brine for saturating the rock samples. Sample C2 exhibits strong homogeneity, 
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while sample C1 contains large-scale fractures. The complex resistivity of the samples is 
measured using an impedance analyzer, and mercury injection experiments are con-
ducted to determine the pore throat distribution. The distribution of pore throat radius 

2r  is described based on mercury injection capillary pressure (MICP) data. The measured 
data of the samples are shown in Figure 26. The pore-size distributions were obtained by 
mercury intrusion capillary pressure (MICP) measurements using a PoreMaster 60 GT 
mercury intrusion porosimeter (Quantachrome Instruments, Boynton Beach, FL, USA). 

 
(a) (b) 

 
(c) (d) 

Figure 26. Panels (a,b) show the complex resistivity spectrum data of two measured samples, (c) 
shows the pore throat distribution of sample C1, and (d) shows the pore throat distribution of sam-
ple C2. 

Fifty pore types were generated by interpolating the measured pore throat radius 
distribution. The narrow pore length is obtained through code optimization to match the 
characteristic frequency. The SIP response is simulated on a network with a scale of 24 
(Figure 27). The simulated resistivity amplitudes of the impedance networks for samples 
C1 and C2 are both larger than the measured results. This discrepancy arises from the 
mismatch between the network and the actual sample porosity, as the pore throat proba-
bility distribution does not include the porosity information of the samples. The simulated 
resistivity phase of sample C1 is far lower than the measured data. Based on the simula-
tion results, the existing pore throat distribution cannot provide the polarization intensity 
required by the measured data. Considering the unnatural truncation of the pore throat 
distribution at low pore sizes and the strong heterogeneity of sample C1, it may contain 
narrow pore distributions beyond the mercury injection measurement range to provide 
stronger polarization. 

The error between the impedance network simulation results of pore types obtained 
through Bayesian optimization and the measured data is below 5% (Figure 28). The pore 
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throat distribution of sample C2 is similar to the measured MICP results, where most 
small pores contributing to the resistivity amplitude are removed, which leaves only the 
main peak to match the amplitude and phase. The pore type distribution optimized for 
sample C1 lies at the truncation point of the measured mercury injection data. To match 
the measured SIP response of C1, Bayesian optimization introduces additional narrow 
pore types in the truncated region (Figure 28c). It predicts that C1 contains a group of 
narrow pores below the lower detection limit of mercury injection that provide strong 
polarization. This prediction is consistent with the geological understanding of clay filling 
or micropore development commonly found in fractures, but it requires further verifica-
tion through independent micropore characterization methods such as low-temperature 
nitrogen adsorption or FIB-SEM (Focused Ion Beam Scanning Electron Microscopy). 

 

Figure 27. We interpolated the MICP distributions from samples C1 and C2 to construct 50 pore 
types and simulated them with the impedance network model. Panels (a–c) show the results for 
sample C1—resistivity amplitude, phase, and pore throat distribution—in that order. Panels (d–f) 
present the corresponding outputs for sample C2. Solid curves denote the network simulations; 
scatter points mark the experimental data. 

 

Figure 28. Using Bayesian optimization, we constructed pore types and simulated them with the 
impedance network model. Panels (a–c) show the results for sample C1 (81 pore types): resistivity 
amplitude, phase, and pore throat distribution, respectively. Panels (d–f) give the corresponding 
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outputs for sample C2 (100 pore types), in the same order. Scatter points are experimental data; 
curves show the simulation results. Only data within the sample-specific inversion ranges listed in 
Table 7 were included in the inversion; higher-frequency measurements are shown only to present 
the complete experimental spectra. 

3.3.3. Comparison of Induced Polarization Responses of Block Sample and Its Parts 

A block sandstone sample, S03-3k, was saturated with a 0.1 mol/L NaCl solution, and 
its complex resistivity was measured along the x, y, and z directions. The measurement 
results are shown in Figure 29. The block sample has a long fracture perpendicular to the 
z measurement direction (Figure 29). 

 

  
(c) (d) 

Figure 29. Panels (a,b) show resistivity amplitude and phase spectrum data for block sample S03-
3k, with x, y, and z indicating results from different measurement directions; (c) denotes the meas-
urement direction along the x-axis; and (d) denotes the measurement direction along the y-axis. The 
red outlines in panels (c,d) indicate the visible fracture traces. 

Measurements along the fracture direction show a more pronounced low-frequency 
polarization and significantly lower resistivity amplitude compared to those perpendicu-
lar to the fracture. Plug samples x1, x2, y1, y2, z1, z2, and z3 were drilled from the block 
sample in each measurement direction, among which sample y1 contains a long fracture 
running through both ends of the plug. Complex resistivity measurements were per-
formed on all samples (Figure 30). 
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Figure 30. Panels (a,b) show the resistivity amplitude and phase spectrum data of different plug 
samples. The differences among samples x1-x2 and z1-z3 are less than 5%, so only one curve is 
plotted for each group. Panel (c) represents sample y1, and (d) represents sample y2. 

The SIP response deviation of sample y1 relative to the y direction measurement is 
much greater than that of sample y2 and plug samples in the other directions, because the 
presence of through-going fractures in sample y1 makes its spatial similarity with the 
block sample much worse than that of relatively homogeneous samples. Unlike previous 
numerical simulation results, large-scale fractures in block sample S03-3k constitute only 
a small fraction of its total volume. 

Comparing the measurement results of the block sample and plug samples in the y 
direction, the fracture part contributes both lower resistivity amplitude and stronger po-
larization. Sample y1 shows a phase maximum, and the phase variation among y1-y2-y 
samples is similar to the results of the two pore types in Section 3.1: the phase peak corre-
sponding to sample y1 is gradually flattened to that of sample y by progressively increas-
ing the large-pore type. The lower resistivity amplitude is due to the fracture directly pen-
etrating both ends of sample y1, providing an additional conductive path. Impedance net-
work simulations were performed on y, y1, and y2 to obtain pore type distributions 
matching the measured data (Figures 31 and 32). The simulated pore type distributions of 
the three samples correspond to a gradual reduction in narrow pores from y1 to y2 to y. 
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Figure 31. Panels (a,b) display complex resistivity spectra and impedance network simulation re-
sults for block and cylindrical samples in the same measurement direction. The dots represent the 
actual data, while the lines represent the simulated data. Only data within the sample-specific in-
version ranges listed in Table 7 were included in the inversion; higher-frequency measurements are 
shown only to present the complete experimental spectra. 

 

Figure 32. Pore throat distributions obtained from random impedance network model inversion for 
samples y, y1, and y2. (a) Pore throat distribution of sample y; (b) pore throat distribution of sample 
y1; (c) pore throat distribution of sample y2. 

4. Discussion 
Several closely related studies provide the methodological basis for the present work 

but address different scale problems. Stebner et al. [31] incorporated pore-scale membrane 
polarization responses into impedance networks to obtain bulk effective SIP spectra, 
whereas Maineult et al. [32] used random tube networks with phenomenological Pelton 
elements for comparable pore-to-bulk upscaling. These 2017 studies, therefore, estab-
lished the use of impedance networks to connect microscopic polarization units to mac-
roscopic effective responses. Kreith et al. [24] subsequently developed the improved pore 
throat electrochemical formulation adopted in the present study by explicitly accounting 
for Stern-layer cations in the coupled ionic-transport equations. The present study adopts 
this formulation and does not introduce a new membrane polarization equation. More 
recently, Maineult et al. [34] used three-dimensional resistor–leaky-capacitor networks to 
reproduce sample-scale spectra of sand–pyrite–water mixtures and to relate macroscopic 
Pelton parameters to pyrite-associated network elements. By contrast, the present study 
focuses on nonmetallic tight-reservoir pore–fracture systems and introduces a second up-
scaling stage—from a local core subvolume represented by a subnetwork to a larger par-
ent core. The additional contribution lies in evaluating scale-dependent representative-
ness through REV determination, repeated subnetwork extraction, spatially correlated 
fracture configurations, structural self-similarity, and block-to-plug experimental com-
parison. 

The impedance network model adopted in this study involves idealized simplifica-
tions in both geometric structure and electrochemical parameters, which limit its ability 
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to accurately reproduce the microstructure of natural tight reservoirs. First, the distribu-
tion of pore types is optimized under prescribed statistical assumptions. The fixed pro-
portional relationships between pore bodies and pore throats also restrict the range of 
pore geometries that can be represented, and other pore type combinations may repro-
duce the measured SIP spectra equally well. Second, uniform electrochemical parameters 
are assigned to all pore types, which does not reflect the mineral-surface heterogeneity of 
natural rocks; variations in surface charge density and Stern-layer properties among dif-
ferent minerals may lead to substantial differences in polarization magnitude and in the 
pore sizes that contribute to the SIP response [55]. Furthermore, the representation of 
large-scale fractures remains simplified. In the present model, fractures are approximated 
by spatially clustering PC units with relatively large pore radii, while each network edge 
is treated as an independent impedance element. Consequently, electrochemical coupling 
between adjacent edges and the possible continuity of the electrical double layer along 
natural fracture surfaces are not represented. Previous numerical studies have shown that 
system-scale EDL interconnection can substantially enhance diffuse-layer polarization 
and make its contribution comparable to that of Stern-layer polarization [23]. Therefore, 
the present fracture representation may underestimate the SIP response associated with 
large-scale fractures. These geometric and electrochemical simplifications constrain the 
applicability of the network model under complex geological conditions. Future work will 
first address these limitations by improving the network geometry, rock-specific electro-
chemical calibration, experimental validation, and inversion constraints. On this basis, in-
ter-edge electrochemical coupling and system-scale EDL continuity along large fractures 
will be investigated to determine how fracture length, connectivity, and EDL continuity 
affect the SIP response. 

In the simulated core-scale networks, the introduction of large-scale fractures, disso-
lution pores, and other heterogeneous structures causes SIP responses to exhibit signifi-
cant non-local characteristics. The numerical results suggest that, for parent networks con-
taining large-scale fractures, subnetwork representativeness may depend on the similarity 
of the fracture proportion and spatial distribution between the local and parent volumes. 
From the perspective of multiscale porous-media theory [56], continuous hierarchical het-
erogeneity may introduce non-local effects into macroscopic transport. Consequently, 
conventional plug-scale measurements based on a local REV assumption may not fully 
capture the long-range electrical influence of large fractures. Moreover, plug samples are 
often collected from visually homogeneous portions of fractured block or full-diameter 
cores, which may cause laboratory SIP measurements to underrepresent larger-scale frac-
ture-related heterogeneity. Whether such core-scale heterogeneity persists and affects SIP 
responses at the logging scale remains uncertain and requires verification using logging 
data. These findings suggest potential implications for laboratory sampling and the scale 
extrapolation of SIP measurements. For relatively homogeneous cores, increasing the 
sample volume beyond the REV tends to improve the stability of the measured response. 
For strongly heterogeneous fractured cores, however, representativeness may depend not 
only on sample size but also on how well the sampled volume captures the fracture pro-
portion, orientation, connectivity, and spatial distribution of the parent core. SIP measure-
ments obtained from visually homogeneous plug samples may, therefore, underrepresent 
fracture-related electrical pathways, and their extrapolation to full-diameter cores or log-
ging scales should be treated with caution unless supported by core images, computed 
tomography, or logging data. In addition, pore size distributions obtained by impedance 
network inversion are more appropriately regarded as electrically equivalent descriptions 
rather than unique reconstructions of the actual pore structure. 

Impedance network inversion is essentially an electrical equivalent characterization 
technique, and the process of inverting the pore structure from measured SIP spectra in-
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herently involves irreducible non-uniqueness, with no unique correspondence between 
the inverted pore type distribution and the actual petrophysical structure. Specifically, the 
inversion uses the measured SIP amplitude and phase spectra as objective functions and 
employs Bayesian optimization to search for the pore type combination that minimizes 
the discrepancy between the simulated and measured spectra; however, for a strongly 
heterogeneous fractured sample like C1, the optimized pore throat distribution differs 
significantly from the mercury injection measured distribution. The algorithm predicts a 
large number of narrow pores at the mercury injection cutoff to match the polarization 
intensity, but the large pores at the mercury injection measured location completely dis-
appear. This discrepancy stems from two factors: on the one hand, the aforementioned 
model simplifications—including geometric distribution assumptions, fixed proportion-
ality coefficients, and the homogenization of electrochemical parameters—severely com-
press the inversion solution space, making it possible for different pore combinations to 
produce similar spectral responses; on the other hand, inverting microscopic pore struc-
ture using macroscopic SIP response as a constraint is inherently ill posed. Electrical meas-
urements are sensitive to narrow pore polarization structures, while seepage measure-
ments such as mercury injection are sensitive to large-pore seepage channels. For hetero-
geneous samples where these two structures coexist in large numbers, a single-scale sta-
tistical distribution of pore throats encounters difficulty in constraining both physical 
properties simultaneously. As Gomaa and Kassab [57] pointed out, in PRNG (Pseudo-
Random Renormalization Group) inversion, fitting macroscopic electrical responses often 
involves local minima and non-uniqueness in the parameter space, and different pore 
combinations may produce similar spectral responses. Therefore, the existing impedance 
network inversion essentially seeks an equivalent pore combination in the electrical re-
sponse space, and its inversion results lack independent experimental verification. It 
should not be directly used as a basis for quantitative rock physics interpretation but ra-
ther be regarded as an electrical equivalent characterization technique. Future inversion 
studies will incorporate imaging constraints and rock-specific electrochemical calibration 
to reduce solution non-uniqueness and improve the physical interpretability of the recov-
ered pore distributions. 

5. Conclusions 
This study established a cross-scale characterization method based on an improved 

membrane polarization model and a three-dimensional impedance network. We solved 
the coupled Poisson–Nernst–Planck equations to obtain pore-scale complex impedance 
and upscaled the response to the core scale via Kirchhoff’s law. We analyzed the relation-
ship between global and local SIP responses at the core scale in tight reservoirs. The nu-
merical experiments indicate that the induced polarization response of microscopically 
heterogeneous rocks is primarily controlled by the distribution ranges of narrow pore ra-
dius and pore length. Under log-normal or uniform distribution conditions, the repre-
sentative elementary volume (REV) of such rocks increases with the broadening of pore 
radius and pore length distributions. For strongly heterogeneous rocks containing macro-
scopic fractures and dissolution pores, the validity of the REV is challenged. 

For strongly heterogeneous cores, random sampling may fail to provide effective 
characterization of the whole. The present numerical experiments indicate that, when a 
subnetwork lacks sufficient spatial similarity to the parent network, the relative deviation 
in its SIP response can exceed tenfold. For large-scale tight cores that are strongly hetero-
geneous and exhibit connected, clustered fracture distributions, the representativeness of 
small-scale core SIP measurements may decrease significantly. 

With respect to inversion validity, existing impedance network optimization results 
are less effective for strongly heterogeneous samples and require additional constraints 
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such as porosity. For relatively homogeneous samples, although inversion can yield pore 
throat distributions comparable to measured data, the inversion results represent only an 
electrical equivalent characterization rather than a unique reconstruction of the true pore 
structure, owing to incomplete sample information and the non-uniqueness of response 
fitting. Their interpretation should be limited to spectral response matching and should 
not be directly extrapolated as quantitative rock physics interpretations. 

The present framework remains subject to several limitations. The idealized network 
geometry, prescribed relationships between pore bodies and pore throats, and uniform 
mineral–electrochemical parameters cannot fully reproduce the complex pore topology 
and mineral-surface heterogeneity of natural rocks. The inversion is also intrinsically non-
unique, and the current experimental validation covers only a limited range of core sam-
ples. Moreover, large-scale fractures are presently approximated by spatially clustering 
PC units with relatively large pore radii, while individual network edges are treated as 
independent impedance elements. Consequently, electrochemical interactions between 
adjacent edges and the possible continuity of the electrical double layer along natural frac-
ture surfaces are not represented, which may lead to an underestimation of fracture-re-
lated polarization. Future work will first improve the network geometry, rock-specific 
electrochemical calibration, experimental validation, and inversion constraints. On this 
basis, inter-edge electrochemical coupling and system-scale EDL continuity along large 
fractures will be investigated to determine how fracture length, connectivity, and EDL 
continuity affect the SIP response. 
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Appendix A 
Statistical Criteria for REV Determination 

For an impedance network with the i -th network size il , the simulated resistivity 

magnitude and phase at frequency hf  in the j -th realization are denoted by ijhρ
 and 

ijhφ
, respectively. Statistical stability among repeated realizations was evaluated using the 

coefficients of variation of resistivity magnitude and phase: 
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The corresponding coefficient of variation of the phase is defined as: 
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The full-band coefficients of variation were obtained by averaging the frequency-de-

pendent coefficients over all N  frequencies: 
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To evaluate the disappearance of the size effect, the full-band mean resistivity mag-
nitude and phase were first calculated for each network size. The relative changes between 

two consecutive network sizes, 1il −  and il , were then determined as follows: 
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 are, respectively, the full-band av-

erage amplitude and phase over all cycles for size il . 
These statistical quantities were used jointly to determine the minimum network size 

at which both the inter-realization variability and the inter-size variation fell below the 
prescribed thresholds. 

Appendix B 
Definition of the Microscopic Heterogeneity Parameter 

To quantify the microscopic heterogeneity of pore throat radii around individual 
nodes, a set of mutually nonadjacent nodes was selected from the network. This selection 
avoids repeated evaluation of the same connecting edges. For the i -th selected node, let 
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ijr
 denote the pore throat radius of its j -th connected edge, and let im  be the number 

of edges connected to that node. The local coefficient of variation iC  is defined as: 
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where ir   and iσ   are the mean and standard deviation of the pore throat radii con-
nected to node i , respectively. 

The microscopic heterogeneity parameter η  is then defined as: 
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where nodeN   is the number of selected mutually nonadjacent nodes and maxC   is the 
prescribed upper bound used to normalize the local coefficient of variation. A larger value 
of η  indicates greater variability among the pore throat radii connected to the selected 
nodes and, therefore, stronger microscopic heterogeneity. This parameter characterizes 
local pore radius contrasts around independent nodes, rather than the large-scale spatial 
organization or long-range correlation of pore structures within the entire network. 
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