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Featured Application

The integrated core–log–seismic workflow developed in this study is directly applicable to
lithologic trap screening and well placement in deep Jurassic clastic gas reservoirs of the
Amu Darya Right Bank, where conventional seismic interpretation alone is insufficient to
resolve thin, heterogeneous channel sands.

Abstract

The prediction of thin-bedded, favorable sand bodies within the Middle-Lower Jurassic
braided river delta–lacustrine succession of Block S (Amu Darya Right Bank) is challenging
because of strong spatial heterogeneity, deep burial, and limited seismic resolution near
the acoustic basement. To address this, we propose an integrated workflow that combines
sedimentological characterization with geologically constrained seismic inversion. The
study uses core, grain-size data, wireline logs, and 3D seismic surveys. Core–log–seismic
integration first delineates three subfacies and nine numbered microfacies (MF1–MF9), with
the delta front dominated by underwater distributary channels (MF1), mouth bars (MF2),
and interdistributary bays (MF3). Planar microfacies distribution maps and electrofacies
boundaries are then used as geological constraints for reservoir prediction. Steerable
pyramid enhancement (K = 4 scales, N = 6 orientations) improves channel-reflection
continuity, and PDF-regularized stochastic optimization inversion (λ = 0.8) is performed to
identify thin sand reservoirs. Sand-ratio and GR cutoffs were validated against 412 core–log
contacts in five wells. Discretization sensitivity tests confirm stable inversion under 2 ms
and 4 ms sampling. The results show that (1) favorable Type I and Type II reservoirs
occur preferentially in MF1 and MF2 (average porosities of 12.7% and 10.1%, respectively);
(2) vertically, two sand-rich progradational intervals (Lower Member and late Upper
Member) are separated by a transgressive mud-prone middle–early Upper Member; and
(3) inversion low-impedance anomalies delineate strip-like and lobate channel–mouth-bar
sand belts with thickness up to 14 m, consistent with well control. Fault-controlled graben–
horst paleotopography influenced sand fairway distribution. The workflow highlights
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the value of integrating sedimentary microfacies boundaries as geological constraints in
seismic inversion for heterogeneous deep clastic gas reservoirs.

Keywords: Amu Darya Right Bank; Middle-Lower Jurassic; braided river delta; sedimentary
microfacies; steerable pyramid; stochastic seismic inversion; reservoir prediction

1. Introduction
Seismic sedimentology integrates seismic lithology and seismic geomorphology to re-

construct lithofacies, depositional systems, and basin evolution from 3D seismic data [1–3].
Recent workflows combining stratal slicing, attribute analysis, and geologically con-
strained inversion have improved the prediction of thin sand bodies in lacustrine delta
systems, where conventional bandwidth limits vertical resolution [4–6]. Stochastic and
PDF-regularized inversion further reduce uncertainty in data-limited settings by coupling
well statistics with seismic amplitudes [7–13].

The Amu Darya Basin (∼420,000 km2) is one of the largest superimposed hydrocarbon-
bearing basins in Central Asia [14,15]. Its northeastern segment, the Amu Darya Right Bank,
hosts major gas accumulations and remains an active exploration frontier owing to complex
tectonics and multi-stage sedimentary fill [16–18]. Hydrocarbon production has historically
targeted Upper Jurassic carbonate reef-shoal reservoirs [19–22]. Exploration is now shifting
to the deeper Middle-Lower Jurassic clastic succession, which contains both reservoir-
quality sandstones and coal-measure source rocks [23–25]. Regional studies document
delta-front to littoral–shallow lacustrine associations and favorable source–reservoir–cap
pairings [26], but block-scale microfacies architecture and geophysically constrained sand
prediction remain limited.

Block S on the Kyzylkum Uplift exemplifies these gaps. Rapid facies change, fault
compartmentalization, and strong heterogeneity coincide with deep burial and poor near-
basement imaging [27]. Previous work in adjacent Central Asian basins emphasizes braided
and deltaic sand-body complexity [28–30], yet Block S lacks a systematic microfacies scheme
tied to reservoir ranking and inversion. Two issues are critical: (1) conventional seismic
interpretation and inversion without robust facies control cannot resolve thin, channelized
sands in deep clastic intervals; and (2) planar microfacies boundaries have not been used
to constrain low-frequency models and inversion in this block, unlike recent fan-delta
case studies that combine seismic sedimentology with waveform-indicative or statistically
constrained inversion [3,31].

This study proposes an integrated workflow for the Middle-Lower Jurassic of Block S
that parallels geologically constrained thin-sand prediction strategies in continental rift
basins [3]: core–log–seismic microfacies characterization, planar facies mapping as geolog-
ical constraints, steerable pyramid enhancement [32,33], and PDF-regularized stochastic
optimization inversion [10,34]. Petrophysical ranking defines favorable facies belts, and in-
version maps reservoir thickness for exploration targeting in deep Central Asian gas fields.

2. Geological Setting
The Amu Darya Basin lies in the southeastern Turan Plate and is bounded by the Western

Tianshan Mountains (north), Kopetdag Mountains (south), Kyzylkum Mountains (west),
and Afghanistan (east). The basin trends NW–SE and is structurally subdivided into the
Central Karakum Uplift, Kopetdag Piedmont Depression, and North Amu Darya Depression,
with NE- and NW-trending faults that controlled Mesozoic subsidence and sedimentation
(Figure 1a). The Right Bank area comprises, from west to east, the Charzhu Uplift, Kyzylkum
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Uplift, Karabeke Depression, Sandyktly Uplift, Beshkent Depression, and Gissar Piedmont
Zone. Block S, the focus of this study, is situated on the Kyzylkum Uplift.

Figure 1. Tectonic framework of the Amu Darya Right Bank (a) and stratigraphic column of the
Middle-Lower Jurassic in Block S (b).

Stratigraphically, the Right Bank succession includes a Paleozoic metamorphic base-
ment, a Permian–Triassic transitional volcanic–clastic package, and a Jurassic–Paleogene
sedimentary cover dominated by clastics, carbonates, evaporites, and coal seams. Dur-
ing Middle-Lower Jurassic deposition, the area experienced active rifting, producing a
graben–horst paleotopography that favored development of large deltaic and lacustrine
systems under abundant terrigenous supply [26,27]. NE- and NW-trending faults bound
alternating structural highs (horsts) and lows (grabens); the northern Kyzylkum Uplift sup-
plied coarse clastics into southern depocenters, locally controlling delta-front progradation
and sand-body distribution (Figure 2). Based on lithology, wireline response, and cyclic
stacking patterns, the Middle-Lower Jurassic in Block S is divided into Lower, Middle,
and Upper members (Figure 1b).

(a) (b)

Figure 2. Cont.
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(c) (d)

Figure 2. Structure maps of the Middle-Lower Jurassic in Block S based on 3D seismic interpretation,
illustrating fault-bounded graben–horst paleotopography at successive horizons: (a) Upper Member
top; (b) Middle Member top; (c) Lower Member top; (d) Lower Member base (depth in m; faults
in red).

3. Data and Methods
3.1. Dataset

The dataset comprises continuous core from five wells (S1, S2, G1, N2, and N5), wire-
line logs (gamma ray, SP, and deep resistivity) from four cored wells, 30 Middle-Lower
Jurassic sandstone samples for sieve-based grain-size analysis, and a 3D seismic volume
covering Block S (2 ms sample interval; dominant frequency ∼35 Hz). Core descrip-
tions followed standard lithofacies coding based on grain size, sedimentary structures,
and color. Logs were calibrated to core for electrofacies definition and stratigraphic correla-
tion. Seismic data were tied at well locations; interpretation focused on reflection geometry,
amplitude, and continuity in relation to log and core facies.

Reservoir cutoffs were derived from core–log cross-validation. At 0.5 m sampling
intervals in the five cored wells, sand–mud contacts from core were compared with GR,
SP, and resistivity curves. A GR threshold of 50 API separated sandy (GR < 50 API) from
muddy intervals with 87% agreement at bed boundaries (n = 412 contacts). Sand ratio
(net sand thickness/total interval thickness) was computed for each 0.5 m window and
correlated with core-derived porosity and permeability. Type I, Type II, and Type III facies
belts correspond to sand ratios >0.4, 0.2–0.4, and <0.2, respectively, bracketing porosity
thresholds of ∼8% and ∼5% and permeability thresholds of ∼2 mD and ∼0.5 mD (Table 1).
These cutoffs are consistent with geologically constrained inversion practice in analogous
deltaic systems [3,25].

Table 1. Classification and petrophysical characteristics of favorable reservoir facies belts in Block S.
Sand-ratio cutoffs were calibrated from 0.5 m windows in five cored wells (n = 412) against porosity
and permeability measurements.

Type Microfacies Sand
Ratio

Avg.
Porosity (%)

Avg. Permeability
(mD)

Type I MF1 underwater distributary channel >0.4 12.7 8.3
Type II MF2 mouth bar 0.2–0.4 10.1 4.7
Type III MF5 beach bar <0.2 4.5 1.6
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3.2. Integrated Workflow

Following the strategy of coupling sedimentary facies mapping with constrained
seismic inversion [1,3], the workflow comprised four steps (Figure 3):

(1) Sedimentary facies and microfacies characterization. Lithofacies, grain-size types,
electrofacies, and seismic facies were identified from core, logs, and seismic profiles.
Single-well columns and cross-well correlations resolved vertical stacking; planar
microfacies maps were prepared for the Lower, Middle, and late Upper members.

(2) Geological constraints for reservoir prediction. Boundaries of underwater distributary
channels, mouth bars, and interdistributary bays on planar microfacies maps were
used as lateral guides for delineating sand-prone fairways, analogous to the use of
facies belts and stratal boundaries to constrain low-frequency models in fan-delta
inversion [3,11].

(3) Steerable pyramid seismic enhancement. Multi-scale, directionally filtered decompo-
sition was applied to improve continuity and amplitude contrast of channel-related
reflections prior to inversion [5,32,33].

(4) PDF-regularized stochastic optimization inversion. Well-derived acoustic-impedance
(AI) PDFs regularized trace-wise inversion [9,10,34,35]. Inversion volumes were com-
pared with GR-defined sands at wells and mapped for reservoir thickness.

Figure 3. Workflow of steerable pyramid decomposition and feature reconstruction. Blue arrows indicate
data flow; dashed boxes denote processing stages; colored panels show scale-wise filter responses.

3.3. Sedimentary Facies Analysis

Lithofacies were classified into sandstone, siltstone, and mudstone associations and
further subdivided using standard sedimentary-structure codes (e.g., Sm, St, Fcl, Mm).
Microfacies were identified by integrating lithofacies, electrofacies, and seismic facies,
following a source-to-sink braided river delta–lacustrine facies model. Single-well facies
columns and cross-well correlations were constructed to resolve vertical stacking patterns
and lateral facies transitions. Planar microfacies distribution maps were prepared for
the Lower, Middle, and late Upper members to capture progradational–retrogradational
evolution. Petrophysical ranking of favorable facies belts combined core porosity and
permeability measurements with casting thin-section observations.
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3.4. Steerable Pyramid-Based Seismic Enhancement

Due to depth-related resolution loss and proximity to the acoustic basement, con-
ventional seismic data poorly resolve thin channel sands. Steerable pyramid decomposi-
tion [32,33] was therefore applied to enhance channel-related reflections prior to inversion.

First, seismic data were decomposed into multiple scales in the frequency–wavenumber
domain using radial filters:

Sk(x, y) = F−1{Hk( fx, fy) · F{S(x, y)}}, (1)

where Sk represents the seismic component at scale k, and Hk denotes the radial band-
pass filter.

According to steerable filter theory, a directional filter can be expressed as a linear
combination of basis filters:

Gθ(x, y) =
N

∑
n=1

wn(θ)Gn(x, y), (2)

where Gn are basis filters and wn(θ) are orientation-dependent weighting functions.
Thus, the filtered seismic response at scale k along orientation θ is:

Rk(x, y, θ) = Sk(x, y) ∗ Gθ(x, y). (3)

Since the response is analytically continuous with respect to orientation, the optimal
orientation at each spatial location is determined by maximizing the amplitude:

θ∗(x, y) = arg max
θ

|Rk(x, y, θ)|. (4)

The corresponding optimal weighting function is denoted as wn(θ∗) and the enhanced
seismic data are reconstructed by combining the optimal responses across all scales (Figure 3).

In this study, the steerable pyramid was parameterized as follows to ensure repro-
ducibility [32,33]: (i) K = 4 octave decomposition scales; (ii) N = 6 basis orientations per
scale, sampled every 30◦ from 0◦ to 150◦; and (iii) radial band-pass filters Hk with center
frequencies of 10, 20, 40, and 80 Hz and bandwidths of one octave, applied to post-stack
data with a 2 ms sample interval (Nyquist frequency 250 Hz). At each scale, the optimal
orientation θ∗ was estimated on a 5◦ grid, and the enhanced volume was obtained by
weighted superposition of scale-wise responses.

This method improves the continuity and amplitude contrast of channel-related reflec-
tions (Figure 4).

The Middle-Lower Jurassic microfacies scheme used to bound inversion fairways
comprises nine numbered types (MF1–MF9; Table 2).

Table 2. Numbered sedimentary microfacies of the Middle-Lower Jurassic in Block S.

No. Code Microfacies

1 MF1 Underwater distributary channel
2 MF2 Mouth bar
3 MF3 Interdistributary bay
4 MF4 Subaqueous natural levee
5 MF5 Beach bar
6 MF6 Littoral mud
7 MF7 Coastal swamp
8 MF8 Sand flat
9 MF9 Mud flat

https://doi.org/10.3390/app16136523
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Figure 4. Comparison of seismic profiles before and after enhancement. Warm colors denote high
amplitudes and cool colors low amplitudes. (a) Original seismic data; (b) enhanced seismic data.

3.5. Stochastic Optimization Seismic Inversion

Based on well-log analysis, AI values in the study area follow a stable statistical
distribution. Rather than relying on variogram-based geostatistical inversion [7], we
adopted a stochastic optimization scheme in which the well-derived AI PDF regularizes
the inversion [9,10,34]. The overall workflow coupling geological constraints and well data
is summarized in Figure 5.

3.5.1. Forward Model and Boundary Conditions

For a discretized impedance model AI = [AI1, AI2, . . . , AIM]T, the linearized forward
relationship is

d = GAI + n, (5)

where d is the seismic trace vector, G = WD combines a Ricker wavelet convolution matrix
W with a finite-difference operator D that maps impedance to reflection coefficients, and n
is noise. Reflection coefficients follow the standard acoustic approximation

ri =
AIi+1 − AIi
AIi+1 + AIi

. (6)

Boundary conditions were imposed as: (i) the top and base of the Middle-Lower
Jurassic interval were fixed to well-tied AI values; (ii) at calibration wells, log-derived
AI was used as a soft constraint within a ±5% tolerance window; and (iii) outside MF1–
MF2 underwater distributary channel and mouth-bar fairways, inverted AI was penalized
if it fell below the 10th percentile of the background-shale PDF, suppressing false sand
anomalies in mud-prone belts.

3.5.2. Objective Function and Regularization

The trace-wise objective function is

J(AI) = ∥d − GAI∥2
2 − λ ln p(AI), (7)

where p(AI) is the AI PDF derived from all calibrated wells and λ is a regularization weight
balancing data misfit and log statistics [34]. The optimal impedance is

AI∗ = arg min
AI

J(AI). (8)
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The weight λ was selected by leave-one-well-out cross-validation: λ was varied from
0.1 to 2.0 in steps of 0.1, and the value minimizing the root-mean-square error (RMSE)
between inverted and log AI at held-out wells was adopted. The optimal value was λ = 0.8,
yielding mean well AI correlation of 0.86 and RMSE of 420 (g cm−3) (m s−1). Thin sand
prediction used the combined constraints of (i) inverted AI below the 25th percentile of
the channel-sand PDF, (ii) GR < 50 API at wells, and (iii) occurrence within MF1–MF2
microfacies-bounded fairways.

Figure 5. Workflow of stochastic optimization seismic inversion constrained by geological model
and well data. Solid arrows show forward/inversion steps; dashed boxes mark geological and
well constraints.

3.5.3. Discretization Sensitivity

Because the forward operator G in Equation (1) depends on the temporal sampling
of the seismic trace, a discretization sensitivity test was performed. The original 2 ms
data and a 4 ms re-sampled volume were inverted independently using identical λ and
PDF constraints. At the four calibration wells, mean AI correlation changed from 0.86
(2 ms) to 0.83 (4 ms), and predicted net sand thickness differed by less than 8% in channel
centers (Table 3). Lateral sand-body outlines were stable within one seismic trace (∼25 m),
indicating that the inversion solution is weakly sensitive to sampling interval within the
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tested range and that the 2 ms implementation is adequate for thin (<14 m) sand prediction
in Block S.

Table 3. Discretization sensitivity of PDF-regularized stochastic optimization inversion. Mean values
across calibration wells are shown in bold.

Well AI Correlation
(2 ms)

AI Correlation
(4 ms)

Net Sand
Thickness
Deviation (%)

RMSE (g cm−3)
(m s−1),
2 ms/4 ms

S1 0.88 0.84 5.1 395/458
S2 0.87 0.83 7.2 410/472
G1 0.85 0.82 6.8 428/491
N2 0.84 0.81 7.9 447/505

Mean 0.86 0.83 6.8 420/482

This approach maintains consistency with both seismic amplitudes and well-log
statistics while avoiding explicit variogram modeling (Figure 5).

4. Results
4.1. Sedimentary Facies Characteristics

Core from five wells, combined with grain-size, wireline, and seismic data, reveals
a proximal braided river delta–lacustrine assemblage with low compositional maturity.
Lithofacies are grouped into three major categories (sandstone, siltstone, and mudstone)
and further subdivided using sedimentary-structure codes.

4.1.1. Sandstone Facies

Sandstone is the dominant lithofacies and is mainly medium- to fine-grained, sub-
rounded to rounded, and moderately to well sorted, with subordinate coarse and gravelly
sandstone (Figure 6). Massive bedding sandstone (Sm) comprises thick, variegated, poorly
sorted gravelly coarse-to-medium sandstone with high matrix content and records strong
delta-front currents. Trough cross-bedded sandstone (St) and planar cross-bedded sand-
stone (Sp) form thin gray to grayish-white beds that indicate channel scour and strong
unidirectional flow. Parallel-bedded sandstone (Sh), typically 0.2–2 m thick, and associated
low-angle cross-bedded sandstone (Sl) occur in stable, high-energy settings and in mouth
bars. Scour surfaces (Ss) are thin, fining-upward layers with mud chips and intraclasts that
mark erosional channel bases.

4.1.2. Siltstone Facies

Siltstone and argillaceous siltstone are sub-rounded, moderately sorted, and show
diverse bedding styles (Figure 7). Lenticular-bedded siltstone (Fcl) contains fine sandstone
lenses within argillaceous siltstone and is common in littoral beach bars and shallow-lake
sand flats where sand and mud supply alternated. Ripple-bedded and parallel-bedded
siltstone (Fc and Fl) record weak or intermittent flow in interdistributary bays and littoral–
shallow lake settings. Wavy-bedded siltstone (Fr) and composite-bedded siltstone (also Fc)
reflect fluctuating energy in mouth bars, interdistributary bays, and mud flats.

https://doi.org/10.3390/app16136523
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Figure 6. Representative sandstone lithofacies of the Middle-Lower Jurassic in Block S. (a) Well S2,
3105.3 m, massive gravelly coarse sandstone; (b) Well S1, 3102.7 m, low-angle cross-bedded medium
sandstone; (c) Well G1, 3201.5 m, trough cross-bedded medium sandstone; (d) Well N5, 3180.2 m,
planar cross-bedded fine sandstone; (e) Well S1, 2995.7 m, scour surface; (f) Well S1, 2993.4 m,
parallel-bedded fine sandstone.

Figure 7. Characteristics of siltstone lithology of the Middle-Lower Jurassic of S area. (a) Well S2
(3025.3 m): dark gray siltstone with gray fine sandstone, lenticular bedding; (b) Well G1 (3082.7 m):
gray siltstone with dark gray argillaceous bands, ripple bedding; (c) Well S2 (2879.7 m): dark gray
argillaceous siltstone, horizontal bedding; (d) Well S2 (2884.7 m): dark gray argillaceous siltstone,
plant root debris; (e) Well N2 (3045.3 m): grayish-white siltstone, composite bedding; (f) Well S2
(2893.4 m): dark gray argillaceous siltstone, wavy bedding.
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4.1.3. Mudstone Facies

Mudstone is widely distributed and thick, consisting mainly of black and dark gray
mudstone with minor siltstone and fine sandstone interbeds (Figure 8). Massive-bedded
mudstone (Mm), locally carbonaceous, accumulated in quiet, reducing settings such as
interdistributary bays, littoral muds, and coastal swamps. Horizontally laminated mud-
stone (Ml) with thin siltstone partings characterizes low-energy interdistributary and
littoral–shallow lacustrine environments.

Figure 8. Characteristics of mudstone lithology of the Middle-Lower Jurassic of S area. (a) Well
S2, depth 2889.3 m: black mudstone with massive bedding; (b) Well S2, depth 2990.4 m: black
carbonaceous mudstone containing plant leaf fossils; (c) Well S1, depth 2969.1 m: grayish-black
mudstone intercalated with thin siltstone layers, exhibiting horizontal bedding.

4.1.4. Grain Size Analysis

Grain size reflects the original sedimentary environment and serves as the fundamental
basis for analyzing hydrodynamic conditions and classifying sedimentary facies. Sieving
analysis of 30 Middle-Lower Jurassic sandstone samples from Block S indicates that most
grain sizes range from 0.1 to 1.0 mm (Figure 9). The lithology is dominated by fine and
medium sandstones, with minor gravelly coarse sandstones having a maximum gravel
diameter reaching 1.5 mm. The grain-size probability cumulative curves fall into three
morphological types (Figure 10). One-segment curves are low-slope straight lines with
wide grain-size ranges and poor sorting, indicating stable, suspension-dominated transport
in subaqueous natural levees or interdistributary bays. Two-segment curves combine
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saltation and suspension populations and split into low-slope and high-slope forms. Low-
slope two-segment curves record moderate sorting and wide grain-size ranges in high-
energy delta-plain channels and underwater distributary channels, whereas high-slope
two-segment curves have steep saltation segments, good sorting, and fine sandstone–
siltstone assemblages typical of mouth bars under relatively weak but persistent flow.

Figure 9. Histograms of grain size distribution in the Middle-Lower Jurassic of S area on the right
bank of the Amu Darya.

Figure 10. Grain size cumulative probability curves of delta subfacies in Block S. (a) One-segment
pattern; (b) low-slope two-segment pattern; (c) high-slope two-segment pattern.

4.1.5. Log Facies Characteristics

Correlation of cores and logs from four wells defines five electrofacies (Figure 11).
Box-shaped logs show flat, low SP, low GR, and high resistivity over uniform gravelly
coarse to medium sandstone with abrupt mudstone contacts, recording stable, high-energy
underwater distributary channels. Bell-shaped logs fining upward from coarse to fine
sandstone and siltstone mark waning channel flow and abandonment into interdistributary
bays. Funnel-shaped logs coarsen upward from mudstone to fine sandstone and siltstone
and typify mouth-bar progradation. Finger-shaped logs intercalate thin sandstone beds
within thick mudstone and correspond to beach bars or coal-bearing littoral swamps.
Straight, near-baseline SP with high GR and low resistivity over thick mudstone indicates
quiet littoral or shallow-lake mud flats.
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(a) (b)

(c) (d)

(e)

Figure 11. Log facies characteristics of the Middle-Lower Jurassic in Block S. Tracks show GR (green),
SP (blue), and deep resistivity (red); lithology columns use standard patterns. (a) Box-shaped; (b) bell-
shaped; (c) funnel-shaped; (d) finger-shaped; (e) straight.

4.1.6. Seismic Facies Characteristics

Seismic profiles were classified into parallel to sub-parallel, lenticular, and chaotic/
progradational facies according to reflection geometry and amplitude (Figure 12). Parallel to
sub-parallel, medium- to high-continuity reflections correlate with mud-prone lithologies
and finger-shaped or linear logs in interdistributary bays and shallow-lake mud flats.
Lenticular, irregular reflections with coarsening-upward logs mark mouth bars. Chaotic,
sigmoid-clipping wedge bodies with downlap and box-to-bell log motifs represent stacked
underwater distributary channels.
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Figure 12. Seismic facies characteristics of the Middle-Lower Jurassic in Block S. (a) Parallel reflections
(littoral–shallow-lake mudstone); (b) sub-parallel reflections (interdistributary bay); (c) lenticular
reflections (mouth bar); (d) chaotic progradational wedges (underwater distributary channel). Well
logs (GR/SP) are overlain in color.

4.2. Types of Sedimentary Microfacies

Integration of lithofacies, logs, and seismic data shows that the Middle-Lower Jurassic
in Block S comprises delta front, littoral lake, and shallow lake subfacies subdivided into
nine numbered microfacies (MF1–MF9; Table 2). The delta front includes MF1 (underwater
distributary channel), MF2 (mouth bar), MF3 (interdistributary bay), and MF4 (subaqueous
natural levee). The littoral lake includes MF5 (beach bar), MF6 (littoral mud), and MF7
(coastal swamp). The shallow lake includes MF8 (sand flat) and MF9 (mud flat).

MF1 (underwater distributary channel) comprises subaqueous extensions of onshore
channels, less than 20 m thick, built of multi-stage, well-rounded gravelly to medium–
fine sandstone fining upward from massive, cross-, and parallel-bedded bases with scour
surfaces into siltstone and mudstone, with box- or bell-shaped logs and medium-low GR.
MF2 (mouth bar) at channel mouths consists of well-sorted fine sandstone and siltstone
coarsening upward from horizontal to ripple bedding, with serrated funnel-shaped SP,
GR, and resistivity curves. MF3 (interdistributary bay) between channels is mudstone-
dominated with subordinate laminated fine sandstone and straight, high-GR log motifs.
MF4 (subaqueous natural levee) forms thin fine sandstone and siltstone sheets flanking
channel margins under waning flow, with finger-shaped GR and one-segment grain-size
curves. MF5 (beach bar) comprises thin littoral siltstone bodies with lenticular bedding and
finger-shaped GR and SP responses. MF6 (littoral mud) and MF7 (coastal swamp) are low-
energy littoral settings yielding thick dark to carbonaceous mudstone; MF7 additionally
contains thin coal seams, roots, and bioturbation. MF8 (sand flat) and MF9 (mud flat) occur
in distal shallow-lake settings; MF8 consists of thin siltstone within dark mudstone with
finger-shaped logs, whereas MF9 is mudstone-dominated with straight, high-GR responses.

https://doi.org/10.3390/app16136523

https://doi.org/10.3390/app16136523


Appl. Sci. 2026, 16, 6523 15 of 24

4.3. Single-Well and Cross-Well Sedimentary Facies Analysis

Single-well facies analysis of the Middle-Lower Jurassic in Well S2 (Figure 13) shows a
fining-upward succession of fine sandstone, siltstone, and mudstone in which sand-body
frequency and thickness decrease upward, recording transgression and rising lake level.
The Lower Member is dominated by underwater distributary channels with thick medium
to fine sandstone and serrated box- and bell-shaped GR curves. The Middle Member passes
into littoral-lake beach bars, littoral muds, and coastal swamps with siltstone, mudstone,
coal, and funnel- to bell-shaped GR motifs under weaker hydrodynamics. The Upper
Member is mainly shallow-lake mud and sand flats with finger-shaped or linear GR curves,
but late regression reintroduced delta-front mouth bars and small underwater distributary
channels with funnel- and bell-shaped GR responses.

Figure 13. Single-well sedimentary facies characteristics of the Middle-Lower Jurassic in Well S2,
Block S.

https://doi.org/10.3390/app16136523

https://doi.org/10.3390/app16136523


Appl. Sci. 2026, 16, 6523 16 of 24

Delta front deposits exhibit a northeastward retrogradational trend in the cross-well
correlation (Figure 14). During Lower Member deposition, low lake levels and abundant
northeastern sediment supply formed extensive proximal underwater distributary channels
with thick medium-to-fine sandstones in the northern S-x and eastern G-x and N-x blocks,
together with distal mouth bars in the western P-x block. Middle Member transgression
shifted the area into a littoral lake environment dominated by siltstones and mudstones with
minor coal seams. Early Upper Member transgression expanded the basin to maximum
extent with thick shallow-lake mudstones. Late Upper Member regression re-established
the delta front across the study area.

Figure 14. Cross-well sedimentary facies correlation of the Middle-Lower Jurassic in Block S. Gray
shading denotes mud-prone intervals; colored bars mark sand-prone facies belts.

4.4. Planar Distribution Characteristics of Sedimentary Microfacies

The Middle-Lower Jurassic succession in Block S records a braided river delta system
that evolved from progradation to retrogradation and back to progradation, primarily in
response to lake-level change and variable sediment supply.

During Lower Member deposition, the lake basin was expanding under relatively
stable tectonics and strong northern provenance supply. Paleoslope was steeper in the
north, favoring littoral–shallow lacustrine settings. Large underwater distributary channels
extended southward in belt-like and anastomosing patterns, with mouth bars forming at
channel bifurcations. This interval contains the widest sand-body distribution, best lateral
connectivity, and highest sand–mud ratio in the study area (Figure 15a).

Figure 15. Planar distribution of sedimentary microfacies in Block S. Stars mark well locations;
colors distinguish microfacies types (see Table 2). (a) Lower Member; (b) Middle Member; (c) late
Upper Member.

Middle Member deposition was dominated by lacustrine transgression. Rising base
level expanded the semi-deep lake southward and forced delta-front retrogradation toward
the provenance. Underwater distributary channels became shorter, laterally restricted,
and less continuous, while wave reworking reduced the preservation of distal mouth bars
and increased mudstone proportion (Figure 15b).
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Late Upper Member regression reactivated delta-front progradation. Delta lobes
expanded southward again, and underwater distributary channels increased in scale and
bifurcation frequency, re-establishing a laterally extensive sand-body network with renewed
mouth-bar development (Figure 15c). Collectively, these stages explain the strong vertical
and lateral heterogeneity of Middle-Lower Jurassic reservoirs in Block S.

4.5. Sedimentary Model

The evolution of braided river deltas is controlled by tectonics, paleogeomorphology,
lake level, and sediment supply. Analysis of the Middle-Lower Jurassic reveals braided river
delta front, littoral lake, and shallow lake subfacies. An overall upward-fining sequence
reflects a transgressive process, establishing a retrogradational braided river delta front
sedimentary model.

During the Lower Member deposition, strengthened rift activities created steep slope
zones within a relatively small lake basin. High northern elevation differences and a humid
climate provided abundant sediment. Strong hydrodynamics drove extensive underwater
distributary channels, forming belt-like patterns proximally and finger-like strips distally.
Strong progradation, frequent avulsion, and deep vertical incision formed multi-period
superimposed channels with mouth bars at bifurcation points (Figure 16a).

During the Middle Member deposition, a rapid lake level rise deepened the water
and weakened sediment supply. The delta front retrograded landward, significantly
reducing channel extension, scale, and thickness. Vertically, the sequence manifests as thick
mudstones intercalated with thin siltstones, dominated by littoral-shallow lake muds with
sporadic beach bar sands (Figure 16b).

By the late Upper Member deposition, a regression gradually lowered lake levels and
decreased accommodation space. Continuous sediment supply and strong hydrodynamics
forced the delta front to prograde basinward again. Underwater distributary channels
rebounded in scale and extension, with frequent bifurcations and lateral swinging forming
open, lobe-like distributions that covered earlier semi-deep lake areas. Vertically, thicker
progradational sand bodies, along with developed mouth and beach bars, improved lateral
connectivity to form another favorable reservoir interval succeeding the Lower Member
(Figure 16c).

Figure 16. Retrogradational–progradational sedimentary model of the Middle-Lower Jurassic in
Block S. Stars indicate well control; colors denote subfacies belts. (a) Lower Member; (b) Middle
Member; (c) late Upper Member.

4.6. Prediction of Reservoir Distribution

Reservoir quality in Block S is strongly facies-controlled, with MF1 underwater dis-
tributary channels and MF2 mouth bars forming the primary fairways [3,24]. Guided by
planar microfacies boundaries (Figure 15), stochastic optimization inversion was performed
on steerable-pyramid-enhanced seismic data. Using GR < 50 API as the reservoir cutoff,
low-impedance anomalies agree with sand intervals at wells (Figure 17a), confirming that
geological constraints and PDF-regularized inversion jointly improve thin-sand detectabil-
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ity relative to unconstrained approaches [3,10]. The cross-well profile reveals rapid lateral
facies change at channel margins and interchannel areas.

The predicted thickness map (Figure 17b) shows favorable sands in strip-like, lobate,
and interconnected patterns, with maximum thickness of 14 m along underwater dis-
tributary channel axes and mouth-bar intersections—morphologies comparable to channel
fairways mapped in fan-delta SWII studies [3,11]. These results provide a quantitative
basis for lithologic trap screening and well placement in Block S.

Figure 17. Reservoir prediction results based on stochastic optimization inversion. (a) Cross-well
stochastic inversion profile (A–A′) across wells XE-1, XX-23, and XX-24; warm colors indicate low
acoustic impedance (sand-prone) and cool colors high impedance (mud-prone); circles mark well
locations. (b) Planar distribution map of predicted reservoir thickness (m); warm colors denote
thicker sands; north arrow and distance scale in upper right.
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4.7. Comprehensive Evaluation of Favorable Facies Belts

Based on the core observation of five wells in the study area, combined with physical
property data and casting thin section analysis, the favorable reservoir facies belts in the
study area are divided into three categories (Table 1).

Type I reservoirs (MF1) formed under strong hydrodynamic conditions and are dom-
inated by gravelly to medium sandstone with low matrix content, well-developed inter-
granular and dissolution pores, and superior pore-throat connectivity. Type II reservoirs
(MF2) consist of well-sorted fine sandstone with moderate mud content and calcite cement,
yielding residual intergranular and dissolution porosity. Type III reservoirs (MF5) are
silt-dominated, mud-rich, and poorly porous.

Middle-Lower Jurassic littoral–shallow lake mudstones, carbonaceous mudstones,
and coal seams constitute effective source rocks (TOC > 1%; Type III kerogen; Ro = 0.8–2.5%),
generally in the over-mature stage with peak generation during the Paleogene. Together
with Type I and Type II reservoirs, they form a favorable source–reservoir–cap assemblage
in Block S.

5. Discussion
5.1. Comparison with Regional Sedimentary Models

Regional studies describe the Middle-Lower Jurassic as a proximal, delta-front to
littoral–shallow lacustrine system [15,18,23,24]. Block S refines this framework by showing
that reservoirs concentrate in underwater distributary channels and mouth bars, with beach
bars subeconomic—a pattern analogous to subaqueous channel fairways in geologically
constrained fan-delta inversion [3]. Two sand-rich progradational intervals separated by a
transgressive mudstone unit support a retrogradational–progradational model controlled
by lake-level change and channel avulsion [24,28].

Compared with the Mahu Sag workflow [3], Block S differs in depositional system
(braided river delta–lacustrine versus fan delta) and inversion engine (steerable pyramid
plus PDF-regularized stochastic optimization versus SWII), yet both studies emphasize
that planar microfacies boundaries must constrain inversion to reduce uncertainty in thin,
heterogeneous sands. The present case extends this philosophy to a deeper, near-basement
gas play in Central Asia.

5.2. Exploration Implications

The identification of Type I and Type II facies belts has direct exploration signifi-
cance. Lower Member and late Upper Member intervals should be prioritized for lithologic
trap screening because they combine wide channel-sand distribution with the best petro-
physical properties. In contrast, Middle Member littoral–shallow lacustrine mudstones,
although poor reservoirs, act as regional seals and high-quality source rocks, reinforcing
the source–reservoir–cap logic previously proposed for the Right Bank [18,23].

The thickness map and cross-well inversion profile indicate that favorable sands are
not uniformly distributed along structure but follow channel-axis and channel-intersection
geometries. This pattern suggests that future drilling should target seismic-enhanced
linear anomalies with low GR and low AI responses rather than broad structural highs
alone. Such a facies-guided approach is particularly relevant in Block S, where fault
compartmentalization and facies change can decouple reservoir presence from structural
elevation [27].

https://doi.org/10.3390/app16136523

https://doi.org/10.3390/app16136523


Appl. Sci. 2026, 16, 6523 20 of 24

5.3. Methodological Significance

The main geophysical contribution is sequential coupling of microfacies constraints,
steerable pyramid enhancement, and PDF-regularized stochastic inversion—complementary
to navigation-pyramid and waveform-inversion workflows applied in other continental
basins [4,5,36]. Pre-inversion enhancement improved channel continuity (Figure 4); PDF
constraints avoided explicit variogram modeling in a five-well calibration setting [7,35,37,38].
The workflow is transferable to other deep, heterogeneous clastic gas fields where facies-
guided inversion is required [25,39,40].

5.4. Limitations and Future Work

Several limitations should be noted. The Middle-Lower Jurassic in Block S remains
data-limited: only five cored wells and four fully calibrated log suites constrain a large
3D seismic volume, so additional penetration would strengthen facies boundaries and
inversion calibration. The target interval also lies close to the acoustic basement, where
bandwidth and signal-to-noise ratio are low and lateral extent of thin sands remains
uncertain. Discretization tests (2 ms versus 4 ms sampling; Table 3) indicate stable sand-
body outlines, but finer grid sensitivity was not explored beyond these intervals. Moreover,
although GR-based reservoir cutoff and AI inversion agree at wells, absolute porosity
prediction was not attempted and would require further rock-physics modeling.

Future work should integrate newly drilled well data as they become available, apply
advanced pre-stack reprocessing to improve near-basement imaging, and incorporate
outcrop or analog-basin datasets to reduce model uncertainty. Coupling the present facies
model with dynamic flow simulation would further test the exploration significance of
identified channel networks. As additional wells and seismic coverage accrue in Block S,
complementary data-analytic tools from adjacent disciplines may help extend—rather
than replace—the facies-guided inversion framework established here. Metaheuristic
optimizers that have stabilized parameter searches in other inverse problems [41–45]
could be tested for refining λ and PDF weights under the same five-well calibration
constraint. For quality control of thin sand picks on slice displays and at well ties, object-
detection, CNN–Transformer, stacked-ensemble, and unsupervised anomaly-screening
schemes [46–51] merit pilot application to channel-margin segments where facies change
most rapidly. Multi-view tensor fusion and PDE-based segmentation workflows [52–57]
may further assist ranking of post-stack attributes within mapped MF1–MF2 belts, and edge-
aware electrofacies classifiers [58–60] could accelerate log auditing in future penetration.
Sparse-control geometric reconstruction [61] may also support template gridding of fault-
bounded fairways before the next inversion cycle.

6. Conclusions
This study presents an integrated sedimentological and geophysical characteriza-

tion of the Middle-Lower Jurassic braided river delta–lacustrine system in Block S of the
Amu Darya Right Bank. Integrated core, grain-size, log, and seismic data define three
subfacies and nine numbered microfacies (MF1–MF9; Table 2), among which MF1–MF2
delta-front associations host the main reservoirs. Vertically, Lower Member prograda-
tional channel sands gave way to middle–early Upper Member transgressive lacustrine
fines and then to late Upper Member delta-front re-establishment, yielding two sand-
prone intervals separated by regional seal-prone mudstones. Fault-controlled graben–horst
paleotopography (Figure 2) influenced provenance delivery and sand fairway distribu-
tion. Petrophysical ranking places MF1 underwater distributary channels (Type I; average
porosity 12.7%) and MF2 mouth bars (Type II; 10.1%) as the most favorable facies belts,
with sand-ratio cutoffs validated against core. Coupled steerable pyramid enhancement
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(K = 4 scales, N = 6 orientations) and PDF-regularized stochastic optimization inversion
(λ = 0.8) improve channel-sand imaging and map reservoir thickness (m) along channel
axes and intersections, providing a transferable workflow for deep clastic gas exploration
in Central Asia.
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