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ABSTRACT

The characterization of interwell section architecture is critical for revealing reservoir lateral hetero-
geneity and connectivity. This process integrates well and seismic data with geological knowledge yet
faces inherent multiple solutions. Current characterization methods remain hampered by high levels of
manual intervention, insufficient automation, and difficulties in evaluating the uncertainty of interwell
section architecture. To address these challenges, this study presents an intelligent method for the
automated characterization of reservoir architecture along section directions based on a Bayesian expert
system. The approach quantifies domain knowledge via prior normal distributions. By utilizing well and
seismic data, Bayesian probabilistic reasoning infers the guiding influence of each individual piece of
domain knowledge on predicting the interwell distribution of architectural elements. A weighted
ensemble decision framework then integrates these inferences to determine the interwell distributions
of architectural elements and associated uncertainties. Case studies demonstrate that the method
effectively evaluates uncertainty, generates geologically consistent section characterizations, achieves
81% consistency in blind well sand body predictions, and excels in delineating the lateral boundaries
and contact relationships of architectural elements.
© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

plane interaction (Xu et al, 2020). This involves generating
architectural element distribution maps based on interpretations

Reservoir architecture refers to the morphology, scale, orien-
tation, and stacking relationships of reservoir units and flow bar-
riers at different hierarchical levels (Wu, 2010). Research on
reservoir architecture reveals the heterogeneity and connectivity
characteristics of the internal reservoir structure across various
scales, providing an essential geological foundation for refined
reservoir development and exploitation of the remaining oil po-
tential. Interwell section architectural analysis, which dissects the
hierarchical level, scale, morphology, and other characteristics of
subsurface architecture along connecting well sections, is a vital
aspect of reservoir architecture research.

Interwell architectural analysis relies primarily on well logging,
seismic, and production data. Under development well patterns,
architectural dissection typically follows the principle of section-
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from closely spaced well patterns and establishing sand body
distribution patterns, which are then used to interpret the geo-
metric characteristics (e.g., scale) of architectural elements along
interwell sections. However, when architectural spatial
complexity is high, the geometric characteristics of elements
within the same depositional environment can vary significantly
(Miall et al., 2022; Kundu, 2023). Relying solely on well data makes
accurate prediction of architectural element distributions chal-
lenging. Leveraging the high lateral resolution of seismic data,
methods that combine well and seismic data for section charac-
terization have emerged (Liu et al., 2024; Sun et al., 2024). These
methods supplement multiwell analysis with techniques such as
seismic waveform classification (Yuan et al., 2022), spectral
decomposition (Huang et al., 2021), seismic attributes (Li et al.,
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2023), and joint seismic inversion (Crepaldi et al., 2024) to aid in
determining sand body stacking patterns, morphology, and con-
nectivity, thereby reducing uncertainty in interwell section char-
acterization. Notably, the vertical resolution of seismic data is
relatively limited and often insufficient for characterizing sand
body distributions at the level of sublayers or single layers. To
address this, methods based on architectural patterns for interwell
prediction have been proposed (Yue et al., 2007; Chen 2022).
These methods establish prototype models (Yan et al., 2014) by
referencing modern sediments, field outcrops, numerical simula-
tions, or dissections of adjacent dense well patterns. Quantitative
architectural patterns, such as the absolute scale of elements,
relative elevation differences, and empirical aspect ratio (width-
to-thickness ratio) formulas, are derived from these models (Kelly,
2006; Chen et al., 2020; Rajput and Pathak, 2025). The distribution
of interwell architectural elements is then predicted by fitting
these quantitative patterns to subsurface well data (Yu et al., 2004;
Ibekwe et al., 2023; Qiao et al., 2023). Nevertheless, significant
uncertainty persists in interwell architectural characterization
under conditions of complex reservoir distributions, diverse
architectural patterns, and limited existing data, necessitating
uncertainty analysis of the characterization results. Existing
interwell section characterization methods rely predominantly on
interactive processing by domain experts utilizing data visualiza-
tion software, resulting in high manual intervention, low effi-
ciency, and difficulties in quantitatively evaluating the uncertainty
of the outcomes. Consequently, there is an urgent need to develop
intelligent methods for interwell architectural characterization.

Bayesian inference expert systems (Kim et al., 2023; Schulz
et al., 2025) are intelligent frameworks built upon Bayesian the-
ory that are capable of efficiently integrating uncertain knowledge
and existing data for intelligent decision-making; they have been
successfully applied in fields such as medicine and geology (Agar
et al, 2019). This study introduces a Bayesian inference expert
system into section architecture characterization, proposing an
intelligent method for interwell architectural characterization
based on this system. The method quantitatively represents
domain knowledge using the Bayesian expert system and infers
the distribution of interwell architectural elements, enabling
automated characterization of interwell sections and evaluation of
its uncertainty. This approach addresses the challenge of quanti-
fying uncertainty in interwell section architecture, fills a gap in the
research on automated and intelligent interwell characterization
methods, significantly enhances characterization efficiency, and
provides a transferable technical paradigm for oilfield develop-
ment requiring urgent interwell architectural analysis. Future
work can extend this method to 3D interwell architectural char-
acterization, advancing reservoir characterization toward
comprehensive intelligence.

The remainder of this article is organized as follows. Section 2
elaborates on the methodological rationale. Section 3 details the
case study application and assesses its effectiveness. Section 4
critically examines the applicability and potential of the method.
Section 5 presents the conclusions.

2. Methodology

The core objective of interwell architectural characterization is
to delineate the hierarchy, scale, and morphology of architectural
elements within a single chronostratigraphic unit (i.e., a single
layer), leveraging well logs and seismic data. The scale attribute is
quantified using a statistical absolute scale and aspect ratio;
morphology is indicated by architectural element types; and hi-
erarchy is inferred based on the aforementioned information,
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supplemented by seismic lithology inversion and relative eleva-
tion differences.

The Bayesian expert system-based interwell architecture
characterization (BES-IAC) method proposed in this paper in-
tegrates this diverse architectural information into a Bayesian
expert system. It enables quantitative fitting between architec-
tural patterns and subsurface data through Bayesian inference to
deduce interwell architectural element characteristics. This
methodology comprises three key steps, as indicated by the blue
arrows in Fig. 1. First, the domain geological knowledge is
quantified via prior probability distributions. Second, knowledge
is fit with data by calculating the Bayesian posterior probabilities
of multiple knowledge sources using observed data. Finally,
multiple knowledge sources are synergistically integrated
through a weighted ensemble decision process to determine the
hierarchy, scale, and morphology of architectural elements,
thereby accomplishing interwell section architectural
characterization.

2.1. Quantification method for knowledge

The quantitative representation of knowledge serves as the
fundamental basis for knowledge inference. Following the afore-
mentioned approach, this study introduces five types of knowl-
edge to guide the interwell architectural characterization process:
architectural element type, seismic lithology inversion, relative
elevation difference, statistical sand body scale, and sand body
aspect ratio.

Among these, the architectural element type is quantified via
label encoding (Herdian et al., 2024), whereas seismic lithology
inversion is represented as an inversion value matrix. The latter
three types describe the spatial position and geometric parameter
characteristics of geological bodies, typically exhibiting inherent
uncertainty within statistical intervals. Given that most indepen-
dent variables in geology and nature approximately follow a
normal distribution, this study primarily employs the normal
distribution function to characterize the statistical regularity fea-
tures of geological bodies.

A normal distribution is conventionally denoted as N(x, o°),
representing a variable x with mean y and standard deviation o. Its
probability density function (PDF) is expressed as f:

Knowledge [Architectural types] [ Lithology inversion J

[ Relative elevation ] [ Aspect ratio ] [ Absolute scale J

Probability matrix P¢ \‘,

|

Hierarchy ,
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Fig. 1. Technical flowchart of the BES-IAC method.
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When statistical samples are available, the parameters of f may be
estimated via maximum likelihood (Eliason et al., 1993);
conversely, predefined statistical intervals can be utilized for
parameter estimation. Considering that f possesses the charac-

teristic f:fzzjf(x)dx ~ 0.9545, where 95.45% of samples fall within
the interval [ — 20, u + 20] of approximately twice the standard
deviation around the mean (Fig. 2), the parameters of f can be
estimated using a geologically plausible interval [x;, xy], where L
stands for lower, and U stands for upper. Specifically, x and ¢ are
set as

_1

U (XL +Xxy)

\§]

1
Gzz(XU —XL)

2.2. Fusion process of knowledge and data

For an interwell section sequentially connecting K wells ({W1,
Ws, -+, Wg}), the BES-IAC method infers the distribution of
architectural elements between adjacent wells < W, W;_ ;>
(k =1,2,.--)K— 1) in sequence. A crucial foundation for deter-
mining the distribution of architectural elements between adja-
cent wells is the hierarchical division of individual sand bodies;
only after hierarchical division can features such as the scale and
morphology of architectural elements be determined.

This paper defines a pair of sand segments originating from the
same individual sand body as a conjugate sand pair, establishing
the relationship between two sand segments belonging to the
same architectural element or architectural element combination
as a conjugate relationship. The process of fitting knowledge and
data involves calculating the posterior probability distribution of
conjugate relationships between sand segments drilled through by
adjacent wells, which is the conjugate probability, based on the
prior probability distributions established by various knowledge
sources and combined with observed data.

Let the sand segments drilled through by W, and W, ; be
denoted as a and b, respectively (Fig. 3). The methods for con-
structing conjugate probability functions controlled by these five
types of knowledge—architectural element type, relative elevation
difference, statistical sand body scale, sand body aspect ratio, and
seismic lithology inversion—are deduced below. Conditional
probability and Bayesian probability are introduced for knowledge
inference:

f(x)
f(u) & £(x; 1, )
95.45%
[ 99.74%
0 > x

u—30 u-20 u u+20 pu+3c

Fig. 2. Schematic diagram of the normal distribution function.
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2.2.1. Fitting of architectural element type

Architectural element types reflect sedimentary bodies formed
by different genetic processes. Therefore, the primary consider-
ation for determining a conjugate relationship between sand
segments is the configuration relationship between their archi-
tectural element types. Let ¢(a, b) € {0, 1} represent the conjugate
relationship indicator coefficient for a and b, characterizing their
conjugate probability based solely on architectural element type.

For identical architectural element types of a and b, conjugate
relationships may develop between them; hence, ¢(a,b) =1 is
defined. When element types differ, the conjugate potential is
determined by combinatorial rules of element types; that is, for
architectural element types potentially forming a combination
unit, ¢(a, b) = 1 is defined. For example, in a fan-delta depositional
system, distributary channels and mouth bars exhibit a genetic
association. Due to the incising action of rivers on mouth bars, a
spatial stacking pattern of “rivers incising and overlying mouth
bars” is formed, as shown in Fig. 3(a) (Zhang et al, 2022).
Conversely, for architectural element types with no specific
configuration relationship, ¢(a, b) = 0 is defined.

2.2.2. Fitting of the relative elevation difference

Relative elevation E refers to the elevation difference between a
sand segment and the isochronous stratum in which it resides
(Fig. 3(b)), reflecting the relative time of sand body formation,
specifically, the hierarchical characteristic. The relative elevation
difference z is an independent random variable that describes the
difference in relative elevation between two sand segments and
serves as a crucial indicator for determining the conjugate re-
lationships between adjacent well sand segments.

Assume that z follows a uniform distribution, whereas the
relative elevation difference AE of a conjugate sand pair follows a
normal distribution AE ~ N(ug,c%). From the Bayesian probability
formula, it is known that P(conjugate|z AE) = P(z AE|
conjugate)P(conjugate)/P(z = AE). Considering that P(z = AE) and
P(conjugate) are unknown constants, it follows that
P(conjugate|z = AE) is linearly related to P(z = AE|conjugate).
Therefore, for any sand segments a and b, their conjugate proba-
bility pr controlled by the relative elevation difference is a linear
mapping of the probability density fz(z) of their relative elevation
difference z, expressed as

PE(2) = kefe(2) + bg (5)

To effectively determine the scaling factor kg and the bias bg,
considering the nonnegativity and convergence of pg, the condi-
tions pg(z) > 0 and ZlimpE(z) = 0 should hold. When the relative

elevation difference equals the mean ug, the sand pair has the
maximum  conjugate  probability, specifically, pg(ug) =

-1
kE<\/ZTwE> + bg = 1. Based on this, the solution is
{ kg = V2nog
bg=0

Thus,

(6)
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Fig. 3. (a) Fan-delta model. (b) Stacking relationship between the mouth bar and distributary channel.
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2.2.3. Fitting of the absolute scale

The absolute scale describes the geometric length charac-
teristics of an individual sand body. When the distribution range
of a sand body is excessively large, it may represent a composite
sand body of different hierarchical levels. The cross-provenance
direction extension lengths of sand bodies containing a and b
are assumed to follow normal distributions, with probability
density functions denoted fi ; and fi, and cumulative distribu-
tion functions F.q and Fpp, respectively. Note that during the
section characterization process, the lengths of a and b already
characterized between wells are [, and [, respectively
(Fig. 3(b)). At this stage, the posterior probability density
functions for the interwell extension lengths I, and [, of the sand
bodies containing a and b can be obtained using Bayesian
probability:

Fo(l), la=0
galla)=14 "), (8)
Latla) {fL,a(laHa), la>0
F (), 1,=0
gup(ly) = to(). o 9)
fL,b(Ib+lb)7 lb>0

Building upon this, when the conjugate probabilities p; of a and
b controlled at a statistical scale are explored, their architectural
element types must first be considered. Let the interwell distance
be Al When the architectural element types of a and b are iden-
tical, their conjugation implies that I + I, + Al is closer to the true
extension length of the sand body than [, +1, is; thus, pp is

expressed as
Al
7) =1

(10)

pu(a,b)y=P(|l-[,~ L] > }171;71;7A1|):P(1> Ll +
Al
Z

When their architectural element types differ, their conjugation
implies the existence of I, > 0 and [, > O satisfying I, + I, > AL
Therefore, p; can be expressed as

F, (1,; .

1989

0  max{0,Al-l}
(11)

2.2.4. Fitting of the aspect ratio

The aspect ratio describes the quantitative relationship be-
tween the vertical thickness and lateral scale and plays a signifi-
cant role in guiding the prediction of the lateral extent of a sand
body. The thicknesses of a and b are denoted as tg and tp, and their

aspect ratios are denoted as Ry ~ N(ﬂRa , a,%a) and Ry, ~ N(ﬂR,, ,aﬁb>,

respectively. From the aspect ratio probability density functions fg,
and fg,, the probability density functions for the interwell exten-
sion length can be derived:

8ralla) = fr, (la; tapr, thZRH)

(12)

Erp(lp) = fr, (lb; tpug,, fﬁtf;zeb)

Notably, l; = tqrq and I = tprp represent horizontal direction
information derived from vertical sand body information; these
two types of information are mutually orthogonal and thus always
independent. Given the spatial distance Al between a and b, their
conjugation implies the existence of I; > 0 and I, > 0 satisfying
lg + Iy > AL Consequently, the conjugate probability of a and b
controlled by the aspect ratio is

+00 —+00
PR(a.b) = P{la + I, > Al} = / Feo(Up)fra(la)dlydlg
0  max{0,Al-I,}
(13)

2.2.5. Fitting of the lithology inversion

The lithology inversion result, denoted as S, represents the li-
thology distribution probability data on the interwell section ob-
tained through seismic inversion techniques. Its values range
within [0,1], reflecting the probability of encountering sand at each
location on the section. Assume that a threshold w is the proba-
bility boundary value dividing the sand and mud regions in S,
meaning that regions in S with values greater than » are identified
as sand and vice versa as mud. Notably, globally, S often lacks a
definitive boundary threshold to accurately distinguish sand and
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mud regions; e is an uncertain variable. Therefore, the conjugate
probability function pg(a, b) controlled by lithology inversion data
is characterized using the minimum o (denoted as ws) such that a
and b are geometrically 8-connected within the interwell sand
distribution region, which means that ps(a,b) = ws.

This paper employs a boundary tracking algorithm with topo-
logical analysis capability under a binary search strategy to solve
for ws, with the process outlined as follows:

1) Denote the minimum and maximum values of S as Spin and
Smax, respectively; initialize w1 = Spmin and w2 = Smax.

2) Take w = 0.5(w1 + wy). If 0.5(wy — w1) < ¢, the search terminates,
setting ws = w.

3) Track 8-connected boundaries of S > ws using the boundary
tracking algorithm (Suzuki, 1985).

4) If any connected region links a and b, set w1 = w; conversely, set
Wy = .

5) Loop through steps 2)-4) until convergence.

Here, w1 and w; are the lower and upper bounds of the binary
search, respectively, and 0 < ¢ < 1 is the precision of the search
algorithm. The implication is that when w takes the value ws + &, a
and b are disconnected; when o takes the value ws — ¢, they are
connected. Clearly, within the precision tolerance, Vo € |ws, 1]
implies disconnection, and Vwe [0,ws) implies connection.
Therefore, using wg to characterize ps(a, b) is reasonable.

Taking the lithology inversion section in Fig. 4 as an example,
its minimum and maximum values are Sy, = 0.16 and Syax = 0.92,
respectively. Setting the search precision ¢ = 10%, during the bi-
nary search, » takes values of 0.540, 0.350, and 0.445, respectively.
Since 0.5(0.540 — 0.350) < 10%, ws = 0.445 is ultimately obtained
(i.e., ps(a,b) = 44.5%).

2.3. Inference of interwell architectural element characteristics

This section delineates the distribution of individual architec-
tural elements between wells based on the conjugate probability
inferred from multiple knowledge sources described previously.
The distribution is characterized primarily by hierarchical level,
scale, and morphology. Consequently, the hierarchical division of
architectural elements is first conducted to identify well intervals
drilled through the same element. The scale of architectural ele-
ments is subsequently delineated to determine their interwell
extension length and associated uncertainty. Finally, the cross-
sectional morphology of architectural elements is characterized,

Uz

Wi+1

I sand

Fig. 4. Schematic diagram of the wg solving process.
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delineating their boundaries under the constraints of the strati-
graphic framework.

2.3.1. Method for architectural element hierarchical division

Architectural element hierarchical division identifies all the
sand segments belonging to the same sand body. The approach
involves constructing a comprehensive conjugate probability
matrix based on factors influencing conjugate relationships,
identifying all conjugate sand body pairs within this matrix using a
global optimization search algorithm named the bipartite optimal
conjugate pair detection algorithm and partitioning individual
architectural elements based on these conjugate pairs.

Consider two adjacent wells, W, and W, drilled through
sand segments {ay, dy, ---,am } and {bq,b,,---,bn }, respectively, from
shallow to deep within the same chronostratigraphic framework.
The method for dividing architectural elements between W, and
Wy, follows the steps below.

(1) Construction of the comprehensive conjugate probability
matrix

The comprehensive conjugate probability matrix Pc integrates
the relationship indicator coefficient matrix C, the elevation dif-
ference controlled probability matrix Pg, the statistical scale
controlled probability matrix P;, the aspect ratio controlled
probability matrix Pg, and the lithology inversion controlled
probability matrix Ps. C is defined by ¢:

(/)(al,bl) (/)(a17b2) (/)(alvbﬂ)
Cc_ (w(a"’bf))mxn _ fﬂ(az; by) (/1(0257 bz) fﬂ(azsv bn)
@(am,b1)  @(am,by) @(am,bn)

(14)

Similarly, Pg, P;, Pg, and Ps are defined by pg, pr, pr, and ps,
respectively.

P (pe (o)), 19
P ((och),, 1o
Po- (pu(ect),.., )
P (ps(a0),., 9

where AE; denotes the relative elevation difference between g;
and b;.

Pc is constructed via weighted ensemble decision-making.
Denoting the weight coefficients as g = (Bg, AL Br, fs) and the
combination matrix as Py = (Pg, Py, Py, Ps)", the relationship is

Pc = pPjeC (19)

where denotes the Hadamard product and p satisfies
PE+PL+ PR+ Ps=1

°

(2) Determination of conjugate sand body pairs

a; and b; are considered a conjugate pair if their comprehensive
conjugate probability exceeds a given threshold p¢; otherwise, they
are not. Crucially, conjugate pairs between two wells exhibit
uniqueness, which means that a sand segment in W cannot be
conjugated to multiple sand segments of the same architectural
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Conjugate
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Single sand body
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Fig. 5. (a) Maximum conjugate probability y;, between the first sand body drilled through by Wy and the second drilled through by Wy 1. (b) y1, exceeding the threshold in-
dicates a conjugate relationship between the two sand segments. (c) Matrix partitioned into upper and lower submatrices by conjugate pairs. (d) Maximum y; in the upper
submatrix and maximum y,3 in the lower submatrix. (e) y;; exceeding the threshold confirms conjugation between the first sand bodies of W; and W, with y,3 below the
threshold negating conjugation between the second sand body of Wy, and the third sand body of W . (f) Transitivity implies that the first and second sand segments of W and

first sand of Wy belong to the same individual sand body.

element type in W, simultaneously. Therefore, identifying
conjugate pairs adheres to the greedy search principle where the
pair with the highest conjugate probability is prioritized. This
principle is applied iteratively until all possible conjugate pairs are
matched.

Conjugate pairs are identified using Pc and p; via the bipartite
optimal conjugate pair detection algorithm. The algorithm pro-
ceeds as follows.

1991

1) Initialize an empty stack and push matrix Pc onto it.

2) If the stack is empty, terminate; otherwise, pop a matrix from
the stack, denoted as Y. Identify the row index i and column
index j of its maximum probability value.

3) If the maximum probability value y;; is less than py, a; and b; do
not form a conjugate pair; otherwise, they form a conjugate
pair. In this case, if i > 1 and j > 1, construct submatrix Yy (U
stands for upper) and push Yy onto the stack; if m >iand n > j,
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construct submatrix Y (L stands for lower) and push Y onto
the stack.
Yy

= (Vi) gy (1T <iT<T <)) (20)

Y. = (y,-/j/)(m_i)x(n_ﬁ (i<i <m,j<j <n) (21)

4) Repeat steps 2)-3) until termination.

The conjugate pair detection process illustrated in Fig. 5 pro-
vides an example. W) and W, drilled through two and three
sand segments, respectively. The algorithm first identifies the pair
with the globally highest probability value y;, exceeding p; as the
first segment in W), and the second segment in W, . The matrix
subsequently splits into Yy and Y;. The maximum probability y1; in
Yu exceeds p;, confirming the first segment in W) and the first
segment in W, ; as a conjugate pair. Conversely, the maximum
probability in Yy is less than pg, indicating that the second segment
in Wy, and the third segment in W, ; are not a conjugate pair.

3) Partitioning of architectural elements

The conjugate relationship exhibits transitivity, meaning that
sand segments that conjugate to a common segment form con-
jugate pairs with each other. Consequently, based on the identified
conjugate pairs, sand segments sharing conjugate relationships
with a common segment are grouped into the same architectural
element. As shown in Fig. 5(f), the first segment in W, and the first
and second segments in Wy, ; are grouped into the same element.

2.3.2. Method for delineating the architectural element scale

Following element partitioning, delineating the interwell
extension length of each element is crucial for boundary charac-
terization and uncertainty assessment.

This section primarily predicts the posterior probability density
function g,, gp of the extension length I, I, for the architectural
elements containing a, b. The prediction is achieved by linearly
weighting g 4, g1, and grg, grp, Constructed earlier, using the
weighting coefficient a = (ar,ag) (aL + ag = 1). Subsequently, Iy, Ip
is obtained by sampling from this probability density function.

8(lp) = argrp(ly) + argrp(lp)

The uncertainty of the extension length is quantified using the
ratio of the potential lateral distribution range to the interwell
distance. For a, uncertainty g is expressed as

8a(la) = a18ra(la) + argr.a(la) (22)

_ min{Dmax, l; + Al} — max{Dpn, I}

ug(AL L) (23)

Al

Dy %

|

i
|
|
|
|
|
|
Distributary channel !

Fig. 6. Schematic diagram of scale uncertainty evaluation.
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(a)

(b)

Fig. 7. (a) Initial constraint conditions. (b) Cross-sectional boundaries of sand bodies
characterized only by architectural element types. (c) Characterization results refined
under stratigraphic constraints.

where Dpin and Dpax are the minimum and maximum possible
extension lengths in the interwell section direction, respectively,
derived via function g. Fig. 6 illustrates this principle, depicting three
scenarios of channel distribution between wells. Scenario 1 shows
the shortest interwell extension length Dpn, Scenario 3 the longest
Drmax and Scenario 2 an intermediate length. The potential distribu-
tion range of the channel sand body between the wells is Djax — Drin.

2.3.3. Method for characterizing architectural element cross-
sectional morphology

The cross-sectional boundaries of an architectural element are
jointly controlled by the interwell extension length, thickness,
morphology, and structural relief. Based on the determined
extension length | of individual sand bodies and the thickness t
drilled through at each well (Fig. 7(a)), boundaries are character-
ized under morphological guidance and stratigraphic constraints.

First, parameterize the top and base boundaries of a single sand
body based on the extension length [, the thickness t, and cross-
sectional morphological characteristics. Although cross-sectional
morphologies vary (e.g., flat-top/convex-base, convex-top/flat-
base, and lens-shaped), they can generally be characterized using
linear or parabolic functions. This study employs linear functions to
parameterize flat boundaries (e.g., the top of a distributary channel)
and parabolic functions to parameterize curved boundaries (e.g., the
base of a distributary channel). Unknown parameters of these linear
and parabolic functions are solved under the constraints of length I
and thickness t, yielding the parameterized top and base boundaries
of the single sand body, as shown in Fig. 7(b).

Subsequently, modify the parameterized boundaries according
to structural relief. To account for the influence of structural relief
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on sand body deposition, an affine coordinate transformation
system A(x) is constructed. This system maps the initially fitted
sand body boundary Oy (via linear or parabolic functions) onto the
structurally constrained sand body boundary 0,, as illustrated in
Fig. 7(c). Implementing this affine transformation requires
parameterizing the top and base surfaces of the stratigraphic unit.
A piecewise cubic Hermite interpolating polynomial algorithm is
introduced for this purpose. Denoting the parameterized top and
base surfaces of the isochronous stratigraphic unit as Hy and Hp,
respectively, any point (x, y) € O is mapped to point (x,y") € O, via
the affine transformation system A(x):

¥ =) =2y + () (24)

3. Application

This study focuses on an oilfield in the northern Bongor Basin.
The Bayesian inference-based expert system method for interwell
section architectural element characterization was applied to
achieve automated characterization of multiple sections within
the study area. The distribution characteristics of the architectural
elements in the study area were analyzed based on the charac-
terization results.

3.1. Study area overview

The West African Bongor Basin is located in southwestern
Chad, Africa, and has an overall nearly east-west orientation. It is
a Mesozoic-Cenozoic continental rift basin formed by dextral
strike-slip movement along the Central African Shear Zone. The
basin comprises four main structural units: the northern slope,
central depression, southern uplift, and southern depression (Li
et al., 2024). Most proven hydrocarbon reservoirs in the Bongor
Basin are located on the northern slope. The study area, an oilfield
within the northern part of the Bongor Basin, covers approxi-
mately 14 km?. The primary reservoirs occur within Cretaceous
strata, which can be subdivided from bottom to top into five
stratigraphic formations. The lowermost formation is further
subdivided into three oil-bearing units. The third oil-bearing unit
(Q unit) is subdivided top-down into five sand members: Q1, Qo,
Qs, Q4, and Qs. The target interval of this study comprises the Qq
to Q4 sand members, each of which can be subdivided into four
sublayers. The Q unit strata exhibit a variably thickened, aggra-
dational stacking pattern, indicative of a sediment supply
dominated by a northern provenance. Depositional systems
include fan deltas, nearshore subaqueous fans, and semideep to
deep lacustrine deposits. Within fan deltas, distributary channels
(dominant microfacies) and mouth bars constitute key architec-
tural elements, manifesting a channel-incised bar complex
configuration where active channels persistently erode ante-
cedent bar deposits.

Statistical analysis of the quantitative distribution characteris-
tics of sand bodies along the cross-provenance direction in the
study area and adjacent regions reveals the following: Distributary
channels exhibit a sinuosity range of 1.1 to 1.2, widths between 100

Table 1
Geometric statistical characteristics of the sand bodies in the study area.
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Fig. 8. Distribution map of five cross-provenance direction interwell sections in the
study area.

and 400 m, and aspect ratios of 15-35 in the cross-provenance
direction. The relative elevation difference between single sand
bodies in distributary channels from different stages is less than
4 m (Table 1). Vertically, they display an upward-fining sequence.
Due to incision, they exhibit a “flat top with convex base”
morphology in cross-section. Mouth bars have widths of
200-500 m and aspect ratios of 15-35 in the cross-provenance
direction, with relative elevation differences between single sand
bodies from different stages less than 6 m. Vertically, they display
an upward-coarsening sequence. Due to progradation or wave
reworking, they exhibit a “flat base with convex top” morphology
in cross section.

The study area contains 35 development wells with an average
well spacing of approximately 350 m. The types of architectural
elements drilled through by each well have been identified. A 3D
seismic volume (dominant frequency 25 Hz, bandwidth 2-50 Hz)
and corresponding lithology inversion volume are available;
however, the inversion accuracy is moderate, with the match be-
tween the inverted sand distribution and well logs generally below
0.6.

In summary, previous studies have systematically investi-
gated the stratigraphy and reservoirs of the study area. Never-
theless, the complex distribution of architectural elements, the
numerous vertical stages, and the inherent difficulty and time-
consuming nature of interwell characterization, compounded
by subjectivity, lead to variations in results among different ge-
ologists. Therefore, there is an urgent need to apply intelligent
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Fig. 9. Fused result of 100 interwell architectural characterizations for the PP’ section.

3 Mouth bar 3 Distributary channel

Sand body type Scale, m Aspect ratio Relative elevation difference, m
Distributary channel 100-400 15-35 <4
Mouth bar 200-500 15-35 <6

1993
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Fig. 10. Characterization results for the five interwell sections in the study area.
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characterization techniques to enhance the objectivity, reli-
ability, and efficiency of interwell architectural element
characterization.

3.2. Characterization of section architecture

Five cross-provenance interwell sections, marked by different
colors in Fig. 8, were selected from the study area. The circular
markers on the section lines represent well locations along the
section, whereas the differently colored asterisks near the lines
represent nearby wells. The input data included interpreted
architectural element data from wells, seismic lithology inver-
sion data, stratigraphic horizon data, and the aforementioned
statistical characteristics of the study area. Parameters a = (0.5,
0.5), p = (0.25, 0.25, 0.25, 0.25), and p; = 0.5 were set, and the
interwell section architectural characterization method based on
the Bayesian expert system was applied for architectural
analysis.

Taking the PP’ section in Fig. 8 as an example, the method be-
gins with data parsing; this involves locating the well location
information and architectural element interpretation data for the
six wells (W to Wg) along this section from the input data and
parsing it. The corresponding inversion slice for the interwell
section is extracted from the seismic lithology inversion volume.
Subsequently, knowledge and data fitting and inference are per-
formed to delineate individual sand bodies and predict their
interwell extension lengths, yielding an architectural character-
ization result for the section. One hundred random characteriza-
tion runs were conducted for the PP’ section, and the results were
fused via a mean method to produce a single interwell section
architectural characterization result (Fig. 9). The results indicate
good section morphology for distributary channels and mouth
bars, with thickness variation trends consistent with overall for-
mation thickness changes. Following this procedure, the interwell
architectural characterization results for the five sections in the
study area are shown in Fig. 10. The computational overhead
associated with this approach was evaluated on a standard
workstation equipped with an i7-11700KF processor, with each
realization requiring approximately 46.39 s, resulting in a total
execution time on the order of minutes. This computational cost is
considered tractable for practical application, particularly as it
enables the quantification of predictive uncertainty—a feature not
readily attainable through conventional manual interpretation.
The approach thus represents a shift from subjective, labor-
intensive drafting toward a more automated and intelligently
constrained characterization workflow, indicating its viability and
potential scalability for industrial use.
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Petroleum Science 23 (2026) 1986-2001

WT1 WTZ WT3

Facies | Predict Facies | Predict Facies | Predict

Mouth bar

[ Distributary channel

Fig. 11. Comparison of reservoir prediction results with well log interpretations for
three blind wells.

0.5
[

Probability

1.0
|

=l ]

Sand body Zone

s
Predict E ﬂFacies

Fig. 12. Constraining effect of seismic inversion data on reservoir prediction.

3.3. Analysis of interwell characterization effectiveness

Blind well tests were conducted using wells adjacent to the
interwell sections (marked by asterisks in Fig. 8). The effectiveness
of the proposed Bayesian expert system-based method was eval-
uated by analyzing the match between the interwell character-
ization results and the actual interpretations at the test wells.
Ignoring thickness differences between the actual sand bodies
drilled through by the wells and those predicted by the system, the
match rate metric is calculated as:

Quantity of matches

ffm = Quantity of matches + Quantity of mismatches x 100%

(25)

Using the PP’ section as an example, adjacent wells W, Wry,
and Wr3 were used as test wells and projected onto the section
(Fig. 9) to evaluate the characterization effectiveness. The evalu-
ation results for the test wells (Fig. 11) revealed that the number of
matching samples for Wy, Wy, and W3 were 34, 29, and 27,
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Distributary channel
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Fig. 13. Planar distribution of distributary channels in the study area.

respectively, with mismatches of 9, 9, and 7, yielding an average
match rate of approximately 78.26%.

Evaluating the five sections in this manner yielded an average
match rate of approximately 81% between the characterization
results and the test well interpretations. A comparison of the
characterized architectural elements with those at the test wells
reveals two main discrepancies. The first discrepancy is the sand
body thickness. Due to the spatial heterogeneity of geological
bodies, accurate thickness prediction is often challenging. The
second discrepancy is the interwell extent of the sand bodies.
Taking region ] in the characterization result shown in Fig. 9 as an
example, the interwell extent of the two lower sand bodies is well
constrained by integrating seismic data (Fig. 12). However, the
characterization process must also account for aspect ratio char-
acteristics and uncertainties in the seismic data. Consequently, the
upper sand body in region ] has a broader predicted extent. While
it does not match the sand body at the test well, this interpretation
still possesses a degree of geological plausibility.

3.4. Reservoir architectural characteristics of the study area

An analysis of the interwell architectural characterization re-
sults from the five cross-provenance sections indicates that the
target interval sand bodies in the study area are composed of
predominantly mouth bars. Mouth bars are concentrated in the
central part of the oilfield and exhibit low degrees of lateral
migration. Most mouth bars exhibit mound-shaped stacking pat-
terns with significant cumulative thicknesses. Distributary chan-
nels exhibit limited development and exhibit primarily ribbon-like
patterns on the plane, characterized by long extensions and nar-
row widths, mainly within the range of 200 to 400 m, as illustrated
in Fig. 13. These channels occur as weakly erosional incised fills
atop lobe complexes, generating a characteristic channel-bar
complex configuration.

Within this distributary channel-bar assemblage style, chan-
nels can be classified into deep-incision and shallow-incision
types based on their depth of incision into the underlying mouth
bars. Channels are classified as deep-incision type when their
incision depth exceeds half the thickness of the mouth bar;
otherwise, they are classified as shallow-incision type. A compar-
ison of the characterization results from the five sections at
varying distances from the provenance reveals that distributary
channels in the study area generally exhibit a proximal-deep
incision and distal-shallow incision trend, with shallow-incision
channels being the dominant type overall.

Furthermore, the juxtaposition relationships and stacking
patterns between distributary channels and mouth bars were
analyzed. The lateral assemblage types in the study area include
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single mouth bars, channel-mouth bar juxtaposition, and lateral
mouth bar-mouth bar juxtaposition. The vertical stacking patterns
include isolated mouth bars separated by muddy barriers,
erosional stacking where channels incise into underlying mouth
bars, and vertically stacked mouth bars.

4. Discussion

Interwell architectural characterization is a complex process
that demands deep integration of specialized geological knowl-
edge and diverse datasets and requires substantial time invest-
ment. To address the limitations of existing methods—specifically,
their high manual intervention, insufficient automation, and
inability to quantify uncertainty in interwell architectural distri-
butions within complex reservoirs—this study proposes an inter-
well architectural characterization method grounded in a Bayesian
inference expert system. This data-knowledge integrated
approach synthesizes multisource information (including well
information and seismic data), established geometric character-
istics of architectural elements, and geological expertise for char-
acterizing reservoir architecture within development well
patterns. The results conform to geological principles and
demonstrate high concordance (81%) with blind test wells. Criti-
cally, the method achieves automated characterization while
providing probabilistic distributions of interwell sand bodies
based on Bayesian principles; this significantly enhances charac-
terization efficiency and enables robust uncertainty assessment.

The following sections provide a comprehensive evaluation of
the proposed method, encompassing its parameter sensitivity and
robustness, comparative performance, uncertainty quantification,
as well as its limitations and potential for future development.

4.1. Parameter sensitivity and robustness

Parameter sensitivity analysis serves as a critical step in vali-
dating the reasonableness of parameter settings for a method. The
interwell architectural element distribution predicted by the
proposed method is significantly influenced by «, # and p. Here,
controls the extent to which the lateral extension length of
architectural elements relies on different types of scale-related
knowledge. g determines the contribution of multiple knowledge
sources to the comprehensive conjugate probability P. p; serves as
the threshold for conjugate pair identification, directly governing
the hierarchical division of sand bodies. These three parameters
possess clear geological and mathematical meanings within the
model and are mutually independent, thus warranting separate
sensitivity analyses.

The parameter a = (a, ag), where a; + ag = 1, linearly com-
bines the constraints on interwell extension length provided by
absolute scale and aspect ratio (see Eq. (22)). As o and ag are
independent weight variables following a normal prior distribu-
tion, their influence on the predicted extension length can be
described by linear relationships where the mean of the extension
length is linearly correlated with o and ag, while its variance is
linearly correlated with of and o2. Given that the mean and vari-
ance associated with absolute scale knowledge in the study area
are substantially larger than those for aspect ratio knowledge, the
mean, representing the geometric scale of architectural elements,
and the variance, representing the uncertainty of interwell pre-
diction, of the extension length increase with a; and decrease with
ag. This trend is confirmed by the normalized mean (orange) and
variance (blue) curves in Fig. 14(a). To quantify the impact of « on
match rate, 21 groups of o values, with correspondingag =1 — o,
were sampled within the interval [0, 1] at a step of 0.05, while g



D.-G. Wu, S.-H. Wu, Z.-H. Xu et al.

(a) @ +ag=1 —— Uncertainty | = /In
————Length @ Maximum | ----- a=(0:5-0.5)
(0]
=
©
>
°
(5]
N
©
€
=
o
z
(b) 054
- First-order
- Total-order
0.4 4
|—| Confidence value
<
© 0.3 4
o
£
2
o 024
w
N [
o 4
P

bs
0.95

(c)

0.85

0.75

0.65

m

0.55

0.45

— Quartiles

Sample

0.35

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Pt

Fig. 14. (a) Sensitivity analysis of parameter «, (b) sensitivity analysis of parameter g,
(c) sensitivity analysis of parameter p;.

and p; were held constant. Blind well predictions were performed
for the five sections, and the average 5, was computed. Results
show that 5, exhibits a unimodal pattern, first increasing and then
decreasing with increasing a;, reaching a maximum at o = 0.65.
Notably, even when relying on a single scale knowledge source
(ap =0 or o = 1), the average 5, for blind wells remains around
0.6, indicating that the model possesses a degree of robustness to
the scale prior. However, integrating both knowledge types yields
further improvements.

The parameter g directly modulates P¢, making P¢ the target
variable for its sensitivity analysis. Given the multidimensional
nature of g, the Sobol global sensitivity analysis method is
employed. This variance-based decomposition method calculates
first-order (S1) and total-effect (St) sensitivity indices to quantify,
respectively, the individual contribution of each parameter and its
interactions with others to the output uncertainty. One thousand
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random combinations of g were generated, and their corre-
sponding Pc¢ values were computed to derive S; and St for each
component (Fig. 14(b)). The results indicate that seismic inversion
information provides the strongest constraint on architectural
element hierarchy, followed by relative elevation difference. Ab-
solute scale and aspect ratio have comparatively weaker in-
fluences. The close agreement between S; and St suggests
negligible interaction effects, implying the contributions from
different knowledge sources are approximately additive. Based on
the comprehensive evaluation of S; and St, the order of parameter
importance is gs (0.39), ge (0.30), 5. (0.19), Br (0.12).

With o and g fixed, ten experiments were conducted to
examine the effect of varying p; on blind well predictions. As the
threshold for conjugate pair acceptance, a lower value makes
conjugate sand body pairs more readily accepted, leading to a
greater tendency for sand segments from wells to be grouped into
the same hierarchical level, whereas a higher value promotes the
division of well sand segments into distinct individual sand bodies.
As shown in Fig. 14(c), setting p; to 0 or 1 results in a lower mean
and higher variance of 7., indicating that extreme thresholds
cause over-merging or over-splitting, thereby reducing prediction
stability. The most robust predictions, characterized by higher
mean 7., and lower variance, are achieved when py is near 0.5.

Synthesizing the above analyses, the parameter set yielding the
optimal 5, in blind well testing for this study area is a« = (0.65,
0.35), p = (0.30, 0.19, 0.12, 0.39), and p; = 0.5. However, this
optimal set is derived from the current blind well test results and is
specific to the present study area. For application in new areas,
parameters should be set based on their geological interpretation
and the perceived reliability of the available knowledge. For
instance, if absolute scale knowledge is deemed highly reliable, a
higher «;, greater than 0.5, is warranted. If high resolution seismic
data are available, greater weight should be assigned to seismic
constraints, effectively increasing ps. In cases of uncertainty
regarding knowledge reliability, parameters can be defined within
plausible ranges for stochastic realizations. For the study area in
this paper, based on prior geological research that assigns high
confidence to all knowledge types, a uniform weighting scheme is
also justified—a = (0.5, 0.5) and g = (0.25, 0.25, 0.25, 0.25). This
choice balances the insights from sensitivity analysis with prac-
tical geological consistency and the interpretability of the method.

4.2. Performance and comparative analysis

The characterization of the five interwell sections was con-
ducted using existing methods. A comparative analysis was per-
formed to elucidate the superiority of the method proposed in this
study, as summarized in Table 2. Currently, the algorithms capable
of characterizing interwell section architecture are primarily
three-dimensional architectural modeling methods, such as
object-based methods and pixel-based methods.

Among these, object-based methods employ a modeling
approach analogous to fitting. This involves first parameterizing
the geometric morphology of geological bodies, followed by con-
structing 3D architectural models by simulating the joint distri-
bution of geological bodies and their properties in three-
dimensional space. The Boolean simulation algorithm from this
category was applied to build the 3D architectural model shown in
Fig. 15(a). The geometric morphology of the architectural units in
this model highly conforms to geological patterns, with a
conformable cross-sectional morphology and a 100% scale match
degree for the simulated geological bodies. However, this method
struggles to achieve complete conditioning. Statistics show that
the conditioning degree of the simulation results to the well data
in the study area is approximately 79%, and the average 7, value at



D.-G. Wu, S.-H. Wu, Z.-H. Xu et al.

Table 2
Comparison of methodological characteristics and application performance.
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Comparison aspects Criteria

Boolean simulation

Sequential indicator simulation BES-IAC (proposed)

Methodological characteristics Core philosophy

Analogous to fitting

Basic unit Geobody
Dimensionality 3D
Application performance Match rate (1) 63.96%
Conditioning degree 79%
Scale match degree 100%

Cross-sectional morphology

Conformable

Analogous to interpolation Analogous to interpolation

Pixel Interface

3D 2D

69.35% 81%

100% 100%

86% 100%

Poor Conformable

Unconditioned

Fig. 15. (a) Architectural model constructed using object-based method. (b) Architectural model constructed using sequential indicator simulation method.

blind wells across the five sections is only 63.96%. In contrast,
pixel-based methods utilize a modeling approach more similar to
interpolation. This process begins by quantifying the spatial
structure of geological variables through constructing variograms
or scanning training images. Reservoir property values are then
assigned grid by grid under the guidance of a cumulative condi-
tional probability distribution function. The sequential indicator
simulation method from this category was used to construct the
architectural model in Fig. 15(b), which achieves a 100% condi-
tioning degree to well data. However, as variograms often inade-
quately express the spatial structural information of geological
bodies—particularly under non-stationary geological con-
ditions—this method performs poorly in depicting spatial
morphology. The simulation results appear discrete, with ten-
dencies toward connectivity in some areas. The average ,, value
for blind-well predictions across the five sections reaches 69.35%,
with a scale match degree for geological bodies of approximately
86%.

The BES-IAC method method proposed in this study shares
conceptual commonalities with the two major method categories
above. Firstly, it incorporates the object-based concept of param-
eterizing geological bodies, characterizing architectural interfaces
through parameters (Eq. (24)). Secondly, similar to pixel-based
methods, it employs a stepwise approach analogous to interpola-
tion, sequentially incorporating well data along the interwell
section, constructing individual sand bodies, and iteratively
simulating until the scale criteria are met.

Conversely, fundamental differences exist between the pro-
posed method and the two aforementioned categories. Unlike
object-based methods, which parameterize geological bodies prior
to placement conditioned to well data, the proposed method
dynamically parameterizes architectural interfaces while
sequentially incorporating well data. This constitutes a dynamic,
iterative process for generating the cross-sectional morphology of
individual sand bodies, enabling 100% conditioning to well data.
Consequently, under conditions of small well spacing, the
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proposed method demonstrates clear advantages over object-
based methods. Unlike pixel-based methods such as multiple-
point statistics, which use spatial grid cells as the fundamental
simulation units, the proposed method uses architectural in-
terfaces as simulation units. The lateral extension width of these
interfaces is simulated by introducing prior normal distributions
for scale and aspect ratio, with architectural units then con-
structed based on these interfaces. This allows for effective control
over the morphology and scale of architectural units, enhancing
the geological realism of simulation results. Therefore, in scenarios
characterized by strong geological non-stationarity, the proposed
method shows significant advantages over pixel-based methods.

The proposed method also presents limitations in applicability.
The most substantial shortcoming is the current inability to
characterize three-dimensional architectural units, a capability

I:I Mouth bar

Fig. 16. Outcrop section and its architectural section.

- Distributary channel
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present in existing methods. Secondly, the method is primarily
designed for application on sections perpendicular to the prove-
nance direction. On such cross-provenance sections, architectural
unit morphology exhibits strong regularity, facilitating the delin-
eation of architectural interfaces under knowledge guidance.
Application along sections parallel to the provenance direction
remains more challenging.

4.3. Uncertainty interpretation and practical implications

The method generates multiple plausible architectural re-
alizations for a single section and quantifies the associated un-
certainty. Uncertainty originates principally from the scale of
architectural elements and is governed by aspect ratios and ab-
solute dimension uncertainty. Secondary uncertainty arises from
stacking relationships, influenced by relative elevation differences
and seismic data limitations.

The magnitude of distribution uncertainty is intrinsically
linked to the completeness and quality of available data. Under
conditions of poor seismic data quality, uncertainty is governed
predominantly by the spacing of the development well. To rigor-
ously evaluate the impact of well spacing on the magnitude of
uncertainty, a comparative experiment was designed utilizing an
established outcrop profile; this involved generating virtual wells
at systematically varied spacings along the profile to analyze the
influence of well spacing on the uncertainty of architectural unit
characterization outcomes.

A fan delta outcrop within the Lower Cretaceous Xiguayuan
Formation of the Luanping Basin, renowned for excellent exposure
and typical sedimentary features, was selected. Zhang et al. (2023)
meticulously constructed a high-fidelity architectural profile of
the outcrop based on field measurements and unmanned aerial
vehicle aerial survey data. A representative 350 m x 150 m area
within this outcrop was used for experimentation (Fig. 16). This
region features a simple tectonic framework with straight bedding
planes, internally developed distributary channels and mouth
bars. The distributary channels exhibit absolute dimensions
ranging primarily from 20 to 100 m, with aspect ratios between 6
and 50, and the relative elevation differences for single sand
bodies within the same depositional stage are constrained below
0.6 m. The mouth bar displays a more dispersed range of absolute
dimensions, spanning 30 to 160 m, with aspect ratios ranging from
10 to 80, and relative elevation differences for coeval single sand
bodies of less than 0.5 m.

Three experimental groups (A, B, and C) were configured to
simulate interwell section architectural characterization under
distinct well spacing scenarios, defined relative to the average
width of the observed channel sand bodies. Group A employed a
well spacing of approximately 0.5 times the average channel width
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Fig. 18. (a) First output from the Group C experiment. (b) Second output from the
Group C experiment. (c¢) Third output from the Group C experiment.

(35 m). Group B used a spacing equal to the average width (60 m).
Group C implemented a spacing of twice the average width
(150 m). For each experiment, the geometric characteristics of the
architectural elements and the sand body segments drilled
through by the virtual wells served as known input constraints.
The proposed method was then applied to stochastically generate
multiple realizations of the architectural element distribution
along the section. An accuracy metric, defined as the intersection
area divided by the union area between the predicted sand body
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Fig. 17. (a) Characterization outcomes from the Group A experiment. (b) Characterization outcomes from the Group B experiment.
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distribution region & and the actual distribution region Q
observed in the outcrop, was employed for evaluation:
QNQ

e ==
T QuQ

x 100%

(26)

The experimental results demonstrate distinct uncertainty
profiles. In Group A, where the well spacing was generally
smaller than the individual channel architectural element widths,
adjacent virtual wells frequently drilled through the same
channel element, enabling robust boundary definition through
dense well control. Consequently, the section characterization
uncertainty was minimal, averaging approximately 3.32% for the
interwell sand body distribution. Ten stochastic realizations
achieved match rates as high as 92.48% between the predicted
virtual well and the actual outcrop (Fig. 17(a)). Group B, with well
spacing comparable to the average channel element width,
resulted in adjacent wells typically drilled through distinct units.
While boundaries of large-scale elements drilled through by
wells were accurately delineated and connectivity relationships
for smaller elements between wells could be inferred, uncer-
tainty increased significantly. The average uncertainty in the
interwell sand body distribution reached approximately 23.21%.
The highest match rate observed among the one hundred sto-
chastic predictions was approximately 91.22% (Fig. 17(b)). Group
C, characterized by well spacing exceeding typical channel
element widths, faced substantial difficulty in defining large-
scale element boundaries, leading to high distribution uncer-
tainty (53.16%). The method generated diverse realizations that
exhibited low similarity (Fig. 18), with the highest match rate
among one thousand predictions reaching 89.74%.

The result of group C profoundly reveals the inherent mul-
tiplicity of solutions in interwell architectural prediction under
sparse well patterns relying on existing geological statistics and
seismic data. Under such high-uncertainty conditions, the
highly diverse stochastic realizations produced by this method
provide a probabilistic, risk-quantifiable planning framework for
decision-making in early development stages or data-scarce
regions. Specifically, spatial superposition statistics are first
conducted on hundreds of equiprobable stochastic realizations
to construct a sand body probability model, as shown in Fig. 19.
The probability value at any spatial point in this model reflects
the confidence level that the point represents effective reser-
voir. This step is mathematically based on the fundamental
principle of Monte Carlo simulation and forms the foundation
for all subsequent analyses. Based on this probability model, a
hierarchical risk-graded decision strategy can be implemented
for ranking drillable targets. Areas with probability values
greater than 0.8 can be regarded as confirmed reservoirs, where
key production wells of the base well pattern are recommended
to be deployed with minimal risk. For fuzzy zones with prob-
ability values between 0.3 and 0.8, they should be explicitly
planned as priority targets for infill wells, appraisal wells, or
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Fig. 19. Sand body probability model for reservoir development decision-making.
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logging-while-drilling operations, aimed at acquiring additional
information to reduce development risks. In contrast, areas with
probability values below 0.1 may be temporarily excluded from
the assumption of reservoir continuity in geological interpre-
tation and treated as potential barriers or non-reservoirs in well
pattern design.

4.4. Limitations and future directions

The BES-IAC method proposed in this paper faces significant
challenges but also holds considerable potential for further
development in terms of transferability and scalability.

On one hand, the BES-IAC method is transferable to other
depositional systems. However, it is important to note that the
method strongly depends on a well-defined, quantifiable prior
knowledge base. The performance demonstrated within the fan-
delta system in this study largely benefits from the knowledge
base specifically calibrated for that environment. For example, the
cross-sectional morphology of distributary channels is defined
here as “flat base with convex top”—an assumption clearly not
applicable to channels in other depositional systems, such as tidal
channels within bidirectional erosion systems. This characteristic
constitutes the core constraint for transferring the method,
necessitating the systematic reconstruction of corresponding
knowledge bases and the adjustment of a series of quantitative
parameters. This task requires extensive preliminary studies based
on diverse data such as field outcrops, modern sediments, and
analogous reservoirs, representing a formidable undertaking.

On the other hand, although the current implementation of
BES-IAC is limited to 2D cross-sectional architectural character-
ization, it holds promise for advancing 3D architectural modeling
technology in the following two directions.

The results generated by BES-IAC can serve as critical input for
3D architectural modeling methods. Foundational information for
reservoir architectural modeling typically comprises 1D well-
based architectural interpretations, 2D representations of domi-
nant architectural element distributions, 2D interwell section
architectural characterizations, and 3D seismic data. Prevailing
modeling workflows rely predominantly on well interpretations as
primary inputs, utilizing seismic trend constraints alongside
methods—such as hierarchical simulation, process-based simula-
tion, Gaussian simulation, fractal simulation, multiple-point sta-
tistics, or conditional generative adversarial networks (Zhang
et al., 2023; Altamar, 2024; Liu et al.,, 2025)—to construct 3D
models. To enhance modeling accuracy, some researchers have
introduced 2D constraint information, specifically planar domi-
nant facies distributions and interwell architectural sections. This
has led to the development of methods such as sand body
modeling constrained by dominant facies (Wu et al., 2025) and
adaptive spatial sampling for 3D model reconstruction (Wang
et al., 2021). These methods leverage multidimensional informa-
tion effectively, improving the accuracy of architectural models. It
is important to recognize that acquiring high-quality 2D constraint
information remains challenging. This study provides an intelli-
gent solution for generating such 2D information, which is crucial
for enhancing the geological realism and fidelity of 3D architec-
tural models.

The core concept of BES-IAC possesses the potential to be
extended into a 3D geological modeling method. However,
achieving this goal requires systematically overcoming several key
challenges. First, quantitative geological constraints must be
enhanced, for instance, by incorporating knowledge such as planar
distribution patterns of sand bodies to better constrain their 2D
geometry. Second, the inference dimension must be extended—-
from the current 1D inference along well pairs to 2D planar
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inference. This could involve constructing planar graph structures
based on well distributions, utilizing planar topological relation-
ships to identify and infer conjugate sand body pairs, and enabling
sand body continuity prediction under multi-well linkage. Third,
computational efficiency will become a major bottleneck. As
model dimensionality and the number of inference nodes increase,
the solution space and computational complexity grow exponen-
tially, leading to a significant rise in the computational cost of
Bayesian inference.

5. Conclusions

Leveraging interpreted well architectural element data, seismic
lithology inversion data, an isochronous stratigraphic framework,
and established geological principles, this research establishes an
interwell architectural characterization method based on a
Bayesian inference expert system framework. By introducing
normal distributions to quantify various sources of uncertain
knowledge, this work employs Bayesian methods to infer the
sectional distribution of architectural elements between wells
based on data and knowledge while simultaneously evaluating the
distribution uncertainty, thereby achieving intelligent interwell
architectural characterization.

The application of the method yielded an 81% concordance rate
with blind well interpretations. The results effectively delineate
the interwell distribution, cross-sectional morphology, and
stacking patterns of diverse architectural element types, having
significant implications for improving the efficiency of interwell
architectural analysis and advancing 3D reservoir architecture
modeling technology.

Acknowledging the present constraint of the method to 2D
sections, subsequent research will prioritize its extension into 3D
domains.
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