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Abstract

Accurate cross-scale characterization of heterogeneous reservoirs is needed for digital-rock
analysis, hydrocarbon production, and subsurface energy storage assessment. Micro-computed
tomography (micro-CT) faces a field-of-view-resolution trade-off: large-volume scans capture
gravel-scale heterogeneity but miss pore-scale features. This study presents Hy-MambalR, a hybrid
Mamba-Transformer network for super-resolution reconstruction of micro-CT images from
heterogeneous conglomerate reservoirs. A local-to-global serial architecture combines windowed
self-attention and dynamic Tanh normalization for fine-pore recovery with Mamba-based global
modeling and spatial-channel attention for large-scale gravel structures. The model was evaluated
with paired multi-resolution micro-CT images and against representative convolutional and
Transformer baselines. Hy-MambalR achieved a peak signal-to-noise ratio of 33.36 dB, exceeding
HAT by 1.31 dB, and reached 30 dB with 6.6-fold fewer training iterations than HAT. Physical

validation showed that the reconstructed images preserved segmentation accuracy, pore topology,
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pore-throat distributions, and single-phase flow fields; the mean relative error of three-directional
absolute permeability on the 855"3-voxel representative elementary volume was 18.56%.
Supervised fine-tuning on pebbly sandstone reduced this MRE to 3.59%. These results establish a
computational route for physically informed digital-rock reconstruction and reservoir

characterization in heterogeneous geoenergy systems.

Keywords Digital rock physics; Micro-CT; Super-resolution; Heterogeneous conglomerates;

Pore-scale flow; Reservoir characterization

1. Introduction

With the acceleration of the global energy transition, precise microstructural characterization of
subsurface porous media has emerged as a fundamental basis for addressing critical scientific
challenges in the energy sector (Heinemann et al., 2021; Bhadariya et al., 2024; Wang et al., 2024).
Whether for efficient conventional hydrocarbon recovery or emerging technologies such as Carbon
Capture, Utilization, and Storage (CCUS) (S. Li et al., 2025; Malik et al., 2024) and Underground
Hydrogen Storage (UHS) (Pantaleo et al., 2024), the optimization of engineering schemes hinges
on an accurate understanding of reservoir microscopic pore structures and fluid transport
mechanisms. Digital Rock Physics (DRP) utilizes high-resolution imaging and numerical
simulation (Khan, 2024) to provide a non-destructive and efficient means for predicting
permeability and multiphase flow characteristics, serving as a pivotal bridge between microscopic
pore mechanisms and macroscopic energy development (Behbahani et al., 2023; Malik et al., 2024).

Strongly heterogeneous reservoirs, typified by conglomerates, have become the focal point of
deep energy exploration due to their vast resource potential. However, current imaging techniques
face significant technical bottlenecks when characterizing such complex reservoirs. These rocks
exhibit pronounced multiscale structural features, comprising centimeter-scale macroscopic gravel
frameworks of varying morphologies and microscopic flow networks formed by micrometer-scale
matrix and pores (Zhou et al., 2025). This structural complexity imposes a fundamental trade-off
between field-of-view (FOV) and resolution. While large-FOV scanning captures the macroscopic
gravel distribution, it fails to identify the critical microscopic pores that govern flow capacity;
conversely, high-resolution scanning delineates microscopic details but is limited by a FOV far

smaller than the Representative Elementary Volume (REV), making it difficult to characterize the
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overall geological heterogeneity (Saxena et al., 2019; Ma et al., 2025). Consequently, Super-
Resolution (SR) technology, which computationally reconstructs high-resolution details from low-
resolution large-FOV images, has emerged as an effective approach to resolve this trade-off and
achieve high-fidelity characterization of complex reservoirs (Li et al., 2024; Nabipour et al., 2024).
Recent work has demonstrated the feasibility of deep neural networks for 3D digital-rock super-
resolution (You et al., 2024), yet physically reliable reconstruction of strongly heterogeneous
conglomerates remains challenging.

Over the past decade, deep learning-driven super-resolution (SR) techniques for digital rock
physics have evolved rapidly, yet they continue to face severe challenges when processing large-
scale industrial data. Early Convolutional Neural Networks (CNNs), such as SRCNN and RCAN,
effectively improved image signal-to-noise ratios. However, constrained by their inherent local
receptive fields, they struggle to capture the macroscopic contours and long-range geometric
features of centimeter-scale clasts in conglomerates, resulting in structural distortions (Khan and
Khanal, 2024; Niu et al., 2021; Wang et al., 2019). To enhance textural fidelity, Generative
Adversarial Network (GAN)-based methods (e.g., SRGAN) have been widely explored.
Nevertheless, these methods often yield artifacts that are geologically inconsistent, which
compromises the reliability of subsequent fluid flow simulations (Mosser et al., 2017; Shan et al.,
2022; Zhang et al., 2023). To capture long-range dependencies, Vision Transformers (ViTs) (e.g.,
SwinIR, HAT) were introduced, achieving significant performance gains. However, the quadratic
computational complexity (O(N?)) of the self-attention mechanism in ViTs results in prohibitive
memory consumption and inference latency. This not only limits their scalability for processing
large-scale 3D core data but also fails to align with the energy sector's demand for efficient, low-
carbon computing (Kim et al., 2024; Xing et al., 2024). Consequently, existing methods struggle to
simultaneously reconcile computational efficiency, macroscopic structural consistency, and
microscopic physical fidelity. Therefore, developing a novel SR architecture capable of efficiently
modeling global structures with linear complexity while precisely recovering microscopic pore
details is of significant scientific and practical value (Meng et al., 2022; Yuan et al., 2023; Qiao et
al., 2024).

To address these challenges, we propose Hy-MambalR, a hybrid Mamba-Transformer super-

resolution network tailored for strongly heterogeneous media. Built upon a "Local-Global Synergy"
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design philosophy, the network incorporates the Hierarchical Attentive State Space Block (H-ASSB)
as its core unit. The architecture adheres to a "Local-to-Global" principle: it first utilizes a Window-
based Multi-Head Self-Attention (Window-MHSA) mechanism (Zraqou et al., 2025), coupled with
Dynamic Tanh Normalization (DyT), to precisely capture high-frequency microscopic pore details
within local receptive fields. Subsequently, leveraging the linear complexity of the State Space
Model (Mamba) (Zhang et al., 2025), it efficiently establishes long-range dependencies between
pixels, accurately reconstructing the spatial distribution of the macroscopic gravel framework.
Furthermore, a Spatial-Channel Attention Block (SCAB) is integrated within the Mamba branch to
perform a secondary refinement of global features. This design aims to overcome the computational
bottlenecks of traditional ViTs, achieving efficient, high-fidelity representation of cross-scale
features in strongly heterogeneous media.

The main contributions of this work are summarized as follows:

1.We propose Hy-MambalR, a task-oriented hybrid Mamba-Transformer framework for cross-
scale digital rock super-resolution in strongly heterogeneous conglomerate reservoirs, designed to
mitigate the field-of-view—resolution trade-off in REV-scale reservoir characterization.

2.We introduce a local-to-global serial architecture that integrates a window-based local
Transformer unit, an attentive state-space global modeling branch, and SCAB-based feature
refinement, enabling coordinated recovery of microscopic pore details and macroscopic gravel
structures.

3.We show that Hy-MambalR achieves strong improvements in both reconstruction quality and
computational efficiency, outperforming representative CNN- and Transformer-based baselines by
more than 1.2 dB in PSNR and converging 6.6x faster than comparable Transformer models.

4.We establish a physically grounded evaluation framework to validate reconstruction fidelity
beyond image quality, including segmentation consistency, pore-network topology, and flow-related
properties, and further demonstrate transferability across lithofacies through fine-tuning.

The remainder of this paper is organized as follows: Section 2 details the network architecture
and core modules of Hy-MambalR. Section 3 describes the experimental settings, datasets, and
evaluation metrics. Section 4 presents the quantitative and qualitative results, including comparisons
with representative baselines, ablation studies, and downstream application validation. Finally,

Section 5 concludes the paper and outlines future work.
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2. Methodology

This section details the proposed Hy-MambalR, a hybrid Mamba—Transformer network
designed for the super-resolution reconstruction of strongly heterogeneous digital rocks. To balance
reconstruction fidelity, computational efficiency, and scalability for large digital-rock volumes, the
framework adopts a slice-wise reconstruction scheme in which 2D cross-sectional images are super-
resolved and then assembled into a 3D high-resolution (HR) volume. Although the reconstruction
is performed in a slice-wise manner, the Mamba-based global modeling module helps preserve long-
range structural consistency within each section, while the Transformer-based local modeling
module enhances fine-scale pore textures and boundaries. We first present the overall network
architecture (Section 2.1), whose core consists of multiple cascaded Attentive State Space Groups
(ASSGs). Subsequently, we describe the main components in a bottom-up manner: the Hierarchical
Attentive State Space Block (H-ASSB) (Section 2.2), and its key modules, H-SSM (Section 2.3),
SCAB (Section 2.4), and DyT (Section 2.5).

2.1. Network Architecture

Hy-MambalR is designed as a layered serial fusion architecture integrating convolution,
window-based self-attention, and selective state space models, specifically tailored for the high-
fidelity reconstruction of strongly heterogeneous media such as conglomerates. The overall
architecture, illustrated in Fig. 1, comprises three core stages: shallow feature extraction, deep
feature refinement, and high-resolution image reconstruction.

Shallow Feature Extraction: Given a low-resolution (LR) 2D digital rock slice input X; 5 €
RCn*HXW \where C;,, denotes the input channel number, and H and W represent height and width,
respectively. A standard 3 x 3 convolutional layer first processes it, mapping it into a high-
dimensional embedding space of dimension C, yielding the initial feature F, € RC*H*W

Deep Feature Refinement: The network backbone consists of L cascaded Attentive State Space
Groups (ASSGs). Each ASSG serves as an independent residual feature extraction unit, designed to
capture complex cross-scale features through deep stacking. Within each ASSG, the core
computation is performed by D stacked Hierarchical Attentive State Space Blocks (H-ASSBs). To

facilitate effective transition between the image and sequence domains, features undergo a

PatchUnembed operation before entering the stacked H-ASSBs and are restored via PatchEmbed
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after processing. Additionally, a local 3%3 convolutional layer is placed at the end of the ASSG,
forming a stable residual structure via a Long Skip Connection (LSC) with the input features. This

deep network body focuses on learning high-frequency residual information, denoted as Fy..:

Fres = Hpee(Fo)
where H,.;() represents the deep feature extractor composed of L ASSGs. The final deep

feature Fyeqp is obtained by summing the shallow feature and the residual feature via the LSC:

Faeep = Fo + Fres

High-Resolution Image Reconstruction: The deep feature Fy,,, is processed by an upsampling
module (e.g., sub-pixel convolution) and a final 3 x 3 convolutional layer to generate the high-
resolution (HR) image Ysz € RCout*SHXSW “ywhere (C,,,.) is the output channel number and (s) is
the scale factor.
Loss Function: The training objective is to minimize the discrepancy between the reconstructed
image and the ground truth HR image. To prioritize network architecture performance and ensure
physical fidelity, we adopt the Charbonnier loss. This loss function emphasizes pixel-level
reconstruction accuracy, ensuring fair comparison with existing state-of-the-art (SOTA) methods
while avoiding artifacts often introduced by complex loss functions. The calculation is defined as

follows (where (€) is a small constant set to 10~3 for numerical stability):

L :\/” Yor — Yur ”%"’ €?

(a) Overall Architecture
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Fig. 1. Architecture of the Hy -MambalR model.
2.2. Hierarchical Attentive State Space Block

The hierarchical attentive state space block (H-ASSB) is the core building unit of Hy-
MambalR and is designed to perform hierarchical, serial feature extraction that first emphasizes

local patterns and then progressively incorporates global information. As illustrated in Fig. 1(b), H-
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ASSB adopts a serial internal architecture in which each attentive layer is composed of two
functionally complementary units.
2.2.1. Local Modeling Unit

The local modeling unit is built upon a Transformer architecture and is responsible for
capturing the high-frequency local details in the images. This unit contains a shifted-window multi-
head self-attention (SW-MHSA) module. To enhance the representational capacity of local features,
a dynamic Tanh normalization (DyT) layer (Zhu et al., 2025)is inserted between the window-based
MHSA and the multilayer perceptron (MLP), as illustrated in Fig. 1(b). As a nonlinear pre-
processing mechanism, the DyT layer helps the MLP extract and amplify key features that are

crucial for reconstructing high-frequency details. Its formulation is expressed as:
DyT(x) =y © tanh(a -x) +f

where x denotes the input features; a is a learnable scalar that dynamically adjusts the curvature
of the activation function; and y and B are learnable scaling and bias vectors that act as an affine
transformation to restore the expressive capacity of the features.

2.2.2. H-SSM (Hierarchical Attentive State Space Module)

Global modeling unit. After the local details are extracted, the feature maps are fed into the
global modeling unit. This unit is implemented as a hierarchical attentive state space module (H-
SSM), which aims to exploit the local representations and, with linear computational complexity,
build an efficient global perception of the macroscopic geological structure.

The H-SSM integrates a two-stage refinement process to hierarchically handle global context
and local details. As shown in Fig. 2, its workflow mainly consists of three components.

Input pre-processing and semantic reordering. The input features are first processed by a
combination of a 1x1 convolution and a 3x3 depthwise separable convolution, forming a
convolutional positional encoding (CPE) and increasing the channel dimension. Then, a semantic-
guided neighborhood (SGN) algorithm (Guo et al., 2025) is used to reorder the features such that
semantically similar pixels are clustered in sequence space.

Attentive state space equation (ASE). The reordered sequence is passed to the selective state-
space core based on the ASE. By dynamically injecting prompts, the ASE performs non-causal
global modeling over the sequence and outputs features Fgopq;- that embed global contextual

information.

“)
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Secondary local enhancement. To further strengthen the feature representations, a spatial—
channel attention block (SCAB) is applied to Fyjopq; for secondary refinement, and the refined

features are adaptively fused using a learnable scaling factor ¢ to obtain the final output of H-SSM:

Fy_ssm = Fgiopar + 0 - SCAB(Fgiopar)

where Fyjopq; denotes the global features produced by the ASE, and o is a learnable scaling
factor that balances the contributions from the global features and the refined local features.

To increase the nonlinear transformation capacity, convolutional feed-forward networks
(ConvFFNs) are attached to the end of both the local and global modeling units. In addition, a layer
scale mechanism is introduced at each residual connection, where a learnable diagonal matrix is
used to reweight the residual branch. This mechanism effectively regulates the signal contributions
of the local and global units and stabilizes the training of deep networks, without incurring

noticeable computational overhead.
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Fig. 2. Schematic diagram of the H-SSM architecture.
2.3. Spatial—channel attention block (SCAB)

The SCAB adopts a cascaded structure and consists of a channel attention block (CAB), a
parameter-free spatial attention module (SimAM), and a spatially adaptive feature modulation
(SAFM) module (Sun et al., 2023), as depicted in Fig. 3. Given an input feature map F;,, € R¢*H#*W

the output of SCAB, F,,;, can be formulated as the following cascaded nonlinear transformations:

Fout = Fsarme(Fsimanr(Feas(Fin)))

where Fcuz, Fsimars> and F gy denote the nonlinear mappings of the CAB, SimAM, and
SAFM submodules, respectively.

Local context encoding and channel reweighting (CAB). CAB comprises two 3x3 2D convolution
layers (Conv3x3) followed by a channel attention module A, which selects feature channels that are

critical for reconstructing local details:

Feap = Acn(Convsyz (GELU(Convsysz (Fiy)))),
where GELU(") denotes the Gaussian error linear unit, and Ay, () represents the channel attention.

Parameter-free spatial saliency enhancement (SimAM). The features F CAB are then fed into the

®)

(6)

(7
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where p is the mean of all pixels in the channel, N is the total number of pixels, and € is a
regularization term. The output of SimAM is finally obtained by applying a sigmoid activation to the

energy map and multiplying it with the original features:
Fsimam = Feap © 0(y) )
where o(*) is the sigmoid function and © denotes element-wise multiplication.

Multi-scale spatial feature modulation (SAFM). Finally, Fgianm is fed into the spatially adaptive

feature modulation (SAFM) module to generate the final output:
Foue = GELUM) O Fsimam (10)
M Z:Fms(FSimAM) (11)

where M is a dynamic modulation mask generated by the multi-scale processing branches F,;.

Fig. 3. Schematic diagram of the SCAB architecture.

3. Experimental settings and evaluation indicators

3.1. Dataset preprocessing

To overcome the limitations of existing open-source datasets in terms of lithological
representativeness and physical dimensions, and thereby remove their constraints on holistic
investigations of pore structures, we construct a new dataset specifically dedicated to super-
resolution studies of strongly heterogeneous conglomerate reservoirs. The core samples used in this
study were collected from the Mahu sag of the Junggar Basin, China. They belong to the Baikouquan
Formation, and the lithology is dominated by fan-delta conglomerates (X. Li et al., 2025; Wu et al.,
2021). The workflow for constructing the dataset is illustrated in Fig. 4.

First, in the data acquisition stage (Fig. 4(a)), a NanoVoxel-5000 micro-CT imaging system
was used to scan 2.5 cm-diameter plug samples, producing three-dimensional grayscale volumes
with a voxel resolution of 20.46 um. To determine a statistically stable representative elementary

volume (REV) for the present samples, we analyzed the data using the gray-level size zone matrix



245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

(a) Data Acquisition

Main Dataset (Conglomerate)

(GLSZM) method (Bruns et al., 2017) (Fig. 4(b)). By computing two key statistics—the low gray-
level emphasis (LGE), which describes the overall distribution of low gray levels, and the large-
area low gray-level emphasis (LALE), which characterizes the distribution of large connected
regions—we quantitatively characterize the size distribution and connectivity of the internal pore—
throat structures. The analysis indicates that, as the analysis window size increases, the LGE and
LALE statistics first exhibit fluctuations and then converge (see Supplementary Fig. S1 for the
detailed convergence curves). The results indicate that when the window size reaches 768° voxels,
the statistics become stable. Based on this convergence behavior, the volume is further cropped to
8553 voxels as the high-resolution (HR) reference volume for subsequent reconstruction and
physical evaluation.

In the dataset generation stage (Fig. 4(c)), sub-volumes of size 2563 are randomly cropped from
the REV volume and used as HR samples. The corresponding low-resolution (LR) images are real

low-resolution micro-CT measurements that are spatially matched to the HR samples to construct
|

(c)Dataset Generation

: (b) REV Determination
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|
|
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|
|
JY 800°voxels |

paired HR/LR data. The dataset is split into training, validation, and test subsets with a ratio of 8:1:1.
After training, the reconstructed models are further evaluated in terms of rock-physics accuracy to
ensure the reliability of the reconstruction.

Model generalization capability is crucial. We therefore adopt weight fine-tuning to perform
high-fidelity reconstructions for different lithofacies. We further select pebbly sandstones from the
Mahu sag and perform the same acquisition procedure (Fig. 4(a)). A 2.5 cm-diameter plug is scanned
by CT, and an REV is then determined, yielding a dataset of size 800° voxels. The same registration

and paired-data construction procedure was used for this dataset to form the generalization test set.
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The paired real LR/HR measurements were then used for supervised fine-tuning and evaluation on

this previously unseen lithofacies.
Fig. 4. Schematic diagram of the data processing workflow.

3.2. Evaluation metrics

The evaluation framework in this study comprises two categories: image reconstruction quality
and rock-physics accuracy. Image reconstruction quality is primarily evaluated using peak signal-
to-noise ratio (PSNR) and structural similarity index (SSIM) (Wang et al., 2004). In addition, we
adopt the learned perceptual image patch similarity (LPIPS) metric to assess the perceptual quality
of the reconstructions and to better preserve the morphological features of different minerals, which
aligns with recent evaluation trends. Meanwhile, for the reconstructed images, an iterative adaptive
thresholding method is employed for binarization, and the intersection over union (IoU) and Dice
coefficient are adopted as segmentation accuracy metrics to quantify the reconstruction accuracy

(Andri et al., 2013a; Suo et al., 2024). PSNR is defined as:

MAX
PSNR = 20log; (=)

MSE = ﬁ i Z?il(xij - ¥ij)?
where MAX is 255; H and W denote the height and width of the image, respectively; and x
and y are the images being compared. A higher PSNR generally indicates better reconstruction
quality; however, because it only accounts for pixel-wise errors, it tends to favor overly smooth
reconstructions.
SSIM compares the statistics within local windows in terms of luminance, contrast, and

structure, thereby evaluating whether structural information is preserved. It is defined as:

(2pxpy+C1)(20xy+C2)
(Uz+u5+C1)(0F+05+C2)

SSIM(x,y) =

where the luminance p and contrast ¢ are computed from the mean and standard deviation of
the image intensities, and the constants are set to C; = (0.01 - 255)2,C, = (0.03 - 255)2. Values
closer to 1 indicate more similar structures; compared with PSNR, SSIM places more emphasis on
perceptual factors such as texture and contrast.

The LPIPS metric exhibits a strong correlation with human subjective evaluations and is

particularly effective at capturing texture and semantic details (Zhang et al., 2018). It is defined as:
1 A N
LPIPS(x,y) = LSty Tk, [wi © (§LCW = ¢Liy)hw)3

where (¢;) denotes the features extracted at the [-th layer of the backbone network (e.g.,

(12)
(13)

(14)

(15)
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AlexNet, VGG); ((2)1(-) = ¢;(-)/|9:(-)|2) denotes the channel-wise normalized features; w; are
learned channel weights; and (H;, W;) are the spatial dimensions of the feature maps at layer L.
The segmentation accuracy metrics directly quantify the geometric fidelity of pore structures
in the segmented reconstructions and constitute the basis for evaluating physical accuracy. The
intersection over union (IoU), also known as the Jaccard index, computes the ratio between the
intersection and union of the predicted pore region and the ground-truth pore region, and intuitively

reflects the overall overlap of the segmentation results:

IoU = |BsRNBHR| _ TP
|BsRUBHRI TP+FP+FN

The Dice coefficient is another commonly used metric for segmentation accuracy, and

computationally it places greater emphasis on the intersection region:

2|BsRNBYR| _ 2TP
|Bsg|+|Bur| ~ 2TP+FP+FN

Dice =

where TP (true positives), FP (false positives), and FN (false negatives) denote the numbers of
pore voxels correctly identified as pores, solid voxels incorrectly classified as pores, and pore voxels
incorrectly classified as solid, respectively.

Rock-physics accuracy should be given the same priority as pixel-level accuracy and is a key
indicator for evaluating reconstruction performance (Behbahani et al., 2023). In this study, physical
accuracy is assessed through two complementary approaches: topological analysis and flow
simulation. The topological analysis employs parameters such as porosity, two-point correlation
function, tortuosity, pore-size distribution, and Euler characteristic (André et al., 2013b; Qin et al.,
2022). Flow behavior is further characterized by single-phase flow simulations and three-direction
absolute permeability computed using the Dragonfly software (André et al., 2013b; Pramana and
Thaib, 2022).

Porosity, defined as the ratio of pore volume to the total core volume, is the most fundamental
parameter for evaluating reservoir storage capacity:

¢ = Yo _ 1IBGjK)
Viotal  DXHXW

where B(i, j, k) equals 1 at pore voxels and 0 at solid voxels.

The two-point correlation function S, (r) quantifies the probability that two points separated
by a distance r simultaneously lie in the pore phase, thus capturing the spatial correlation of the pore

structure across different scales. Here, x and x + r denote two random points in space separated by

(16)

(17)

(18)
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distance r (Gonzalez et al., 2020):
S;(r) =P(x €V,,x + 1 EV,)

Tortuosity describes the ratio between the actual path length L, of a fluid flowing through the
porous medium and the macroscopic sample length L, and reflects the winding degree of the flow
paths (Fu et al., 2021):

T= (Lf

The pore-size distribution serves as a bridge between image reconstruction quality and
macroscopic physical accuracy and also reflects the ability to recover structures across scales. The
Euler characteristic is a key indicator for quantifying the topological connectivity of the pore—throat
network, and the specific Euler characteristic is obtained by normalizing the Euler characteristic by

the total volume (Avila et al., 2022):
_ Bo=hs

Vtotal

Xv

where 8, denotes the number of isolated pore connected components, 3; denotes the number
of independent internal loops, and V is the total volume. In addition, single-phase flow simulations
are performed on the digital rocks, and Darcy’s law is used to compute the absolute permeability in
three orthogonal directions, thereby characterizing the macroscopic flow capacity of the rock.
3.3. Experimental settings

The experimental environment and training strategy in this study are carefully designed, and
all experiments are conducted on a high-performance computing platform. The hardware
configuration consists of an NVIDIA RTX 5090 GPU (32 GB) and 25 vCPUs on an Intel(R) Xeon(R)
Platinum 8470Q processor. The software environment includes Python 3.10, PyTorch 2.8.0, and
CUDA 12.8. The Hy-MambalR model takes low-resolution (LR) patches of size 64 as input and
outputs high-resolution (HR) patches of size 256. It is trained using the Adam optimizer for 15,000
iterations, with an initial learning rate of 2x10~° and £ = (0.9,0.999). The learning rate is scheduled
using MultiStepLR with a decay factor of 0.5, and the effective number of training patches per
update is fixed at 72. The luminance (Y) channel of the YCbCr color space is used for training. To
improve training efficiency and resource utilization, we employ mixed-precision training, gradient

accumulation, and multi-process data loading.

4. Results and Discussion

(19)

(20)

e2))
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4.1. Comparative analysis with state-of-the-art (SOTA) models

To comprehensively evaluate the overall performance of Hy-MambalR in processing strongly
heterogeneous conglomerate reservoirs, we systematically compare it with representative super-
resolution baselines. The comparison baselines cover a traditional interpolation method (Bicubic),
classical CNN-based architectures (SRCNN, EDSR, RCAN, RRDB), and advanced Transformer-
based architectures (SwinlR, HAT). We conduct an in-depth analysis along two dimensions: image
reconstruction quality (quantitative and qualitative) and model computational efficiency. All models
are trained and tested under exactly the same data splits and evaluation metrics to ensure fair and
comparable results. The selected baselines are intended to cover representative interpolation, CNN-
based, and Transformer-based SR paradigms widely used in image reconstruction studies.
4.1.1. Image reconstruction quality analysis

Quantitative evaluation. As shown in Table 1, Hy-MambalR achieves the best accuracy and
stability across all evaluation metrics. For the core PSNR metric, Hy-MambalR reaches 33.36 dB.
Compared with the state-of-the-art Transformer model HAT (32.05 dB) and the CNN model RCAN
(32.10 dB), our model achieves a significant gain of more than 1.2 dB. The lowest MAE (0.01677)
and RMSE (0.02184) further demonstrate its high regression accuracy, while the low standard
deviation (£0.36) indicates that Hy-MambalR is highly robust, maintaining consistently strong
performance across different test samples, which is crucial for accurately recovering the physical
properties of the rock matrix. For the SSIM metric, Hy-MambalR achieves the highest score of
0.7941, indicating that its reconstructions are closest to the real cores in terms of structural
information, such as pore structures. For the LPIPS metric, which reflects human visual perception,
Hy-MambalR attains the lowest value of 0.1974, corresponding to the best perceptual quality among
all methods. Combined with the Edge Preservation Index (EPI, 0.3164) and the contrast quality
index (CQI, 6.6463), these results indicate that the model preserves edge sharpness while effectively
suppressing high-frequency artifacts introduced by over-sharpening, thus achieving an optimal
balance between structural fidelity and natural texture appearance.

Qualitative evaluation. To intuitively demonstrate the capability of the model in handling cross-
scale geological features, visual reconstruction comparisons at different scales are presented in Figs.
5-7.

Table 1. Comparison of model performance.
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Model PSNR (dB) SSIM LPIPS MAE RMSE CQI EPI
Bicubic 3145+0.37 0.7415+0.0109 0.3209+0.0219 0.02057 0.02677 7.5997 0.2887
Hy-MambalR 33.36+0.36  0.7941+0.0081 0.1974+0.0136 0.01677 0.02184 6.6463 03164
EDSR 32.10+0.47  0.7595+0.0083 0.2076+0.0299 0.01907 0.02488 6.7288 03229
HAT 32.05+048 0.7587+0.0083 0.2215+0.0314 0.01917 0.02501 6.9001 03230
RCAN 32.10+0.47 0.7596+0.0083 0.2075+0.0299 0.01906 0.02487 6.7284 0.3225
RRDB 32.04+0.47 0.7581+0.0084 0.2249+0.0259 0.01918 0.02503 6.8328 03187
SRCNN 31.89+044 0.7466+0.0096 0.2740+0.0207 0.01959 0.02547 6.9350 0.2942
SwinlR 32.07+0.47 0.7587+0.0082 0.2072+0.0289 0.01911 0.02494 6.7132 0.3233

Microscopic pore and grain recovery (small scale, Fig. 5). In the 256 x 256-pixel local view

(highlighted by red arrows and boxes), Bicubic and SRCNN produce severe blurring, causing fine

pore structures to almost disappear. Although RCAN recovers partial edges, its limited local

receptive field leads to distorted pore morphology, while grain boundaries reconstructed by other

models remain relatively blurred. In contrast, Hy-MambalR accurately reconstructs the geometric

shapes of micron-scale pores and grains, with sharp edges that closely match the HR reference.

Detailed comparisons at additional locations and viewing angles are provided in Supplementary Fig.

S2.

Hy-Mambal

Bicubic

Fig. 5.

Tiff Scalars

o B 255

low high

Comparison of small-scale (256 pixels) reconstruction results.

Complex boundaries and fractures (medium scale, Fig. 6). In the 342-pixel view, we focus on

the contact boundaries between gravels and matrix, as well as micro-fractures (highlighted by

yellow dashed circles). HAT and SwinlR exhibit ringing artifacts when processing these high-

frequency transition regions. In contrast, Hy-MambalR, benefiting from the nonlinear

optimization of DyT, successfully reconstructs continuous, smooth, and sharp mineral boundaries



390  and fracture paths without introducing artificial textures.
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392 Fig. 6. Comparison of medium-scale (342 pixels) reconstruction results.
393 Macroscopic structural consistency (large scale, Fig. 7). Under a large field of view of 855

394  pixels, the advantages of Hy-MambalR become particularly evident. Benefiting from the global
395  perception capability of H-SSM, our model not only excels in local texture reconstruction but also
396  preserves the integrity of the gravel framework and the overall uniformity of the rock structure at

397  the macroscopic scale, avoiding the blocky artifacts commonly observed in CNN-based methods
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401  4.1.2. Efficiency and convergence analysis



402 In addition to its exceptional image reconstruction quality, Hy-MambalR demonstrates
403  substantial potential for engineering applications, owing to its high training efficiency and low
404  computational cost, which together reduce computational burden and facilitate industrial
405  deployment. Table 2 and Fig. 8 highlight these significant advantages over Transformer-based
406  methods.
407 Fast convergence characteristics. As illustrated in Fig. 8, the training curve of Hy-MambalR
408  (solid red line) exhibits a steep ascent in the initial phase and is the first to reach a steady state. To
409  quantify this, we calculate the average growth rate during early training (metric increment per 100
410  iterations, Avg A/100 iters). Table 2 shows that Hy-MambalR achieves an Avg APSNR of 0.2067
411 dB, exceeding HAT (0.1825) and the CNN-based RCAN (0.1337). This indicates higher early-
412  training efficiency under identical computational resources. Crucially, the time-to-target
413  performance is improved. To reach a PSNR benchmark of 30 dB, Hy-MambalR requires only 600
414 iterations, whereas HAT and EDSR require 4,000 and 3,400 iterations, respectively. This
415  corresponds to a 6.6x acceleration in convergence speed, substantially reducing the total training
.”VNH / 7 ) //-—;4 i
Ly ' A
= -
416  time to just 1.62 hours (compared to 2.48 hours for HAT).
417 Fig. 8. Comparison of efficiency and performance curves among different models.
418 Balance between parameters and inference efficiency. Despite incorporating a hybrid
419  Transformer architecture, Hy-MambalR leverages the linear-time complexity of its Mamba-based
420  modules to achieve superior efficiency over pure Transformer models. As shown in Table 2, Hy-
421  MambalR contains 14.93 M parameters, reflecting its lightweight design. Compared with its closest
422  performance competitor, HAT (20.77 M), the parameter count of our model is reduced by
423  approximately 28%, and it is also lighter than RCAN (15.59 M). In terms of inference speed, under
424  the same hardware environment, Hy-MambalR requires 0.0305 s to process a single image.
425  Although lightweight models such as SRCNN and EDSR exhibit lower inference latency, their
426  relatively shallow network depth prevents them from capturing the complex cross-scale features of
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conglomerate reservoirs, leading to significantly inferior reconstruction accuracy (with PSNR
differences exceeding 1.2 dB) and making them unable to satisfy the high-fidelity requirements of
downstream rock-physics tasks. In contrast, while maintaining competitive accuracy, Hy-MambalR
achieves an inference speed comparable to that of HAT and higher than that of RCAN (0.036 s),

thereby validating the high efficiency of its architectural design.

Table. 2. Comparison of efficiency metrics and parameter counts among different models.

Number of parameters ~ Training time  Reconstruction time Avg APSNR  Avg ASSIM Avg ALPIPS  TIters-PSNR Iters-SSIM

Model ™) (hours) (seconds) /100 iters /100 iters /100 iters 30 0.7
Bicubic - - 0.0007
Hy-MambalR 14.93 1.62 0.0305 0.2067 0.0054 0.0086 600 750
EDSR 1.52 0.62 0.0028 0.1329 0.0028 0.0148 3400 2000
HAT 20.77 248 0.0308 0.1825 0.0047 0.0055 4000 2600
RCAN 15.59
191 0.036 0.1337 0.0038 0.0186 3200 2000
B 16.70 2.16 0.0189 0.1942 0.0051 0.0064 3200 1800
SRCNN 0.057 0.98 0.0013 0.1879 0.0046 0.0057 4600 2200
SwinlR 11.90
1.68 0.0168 0.1303 0.0036 0.004 3000 2000

4.2. Ablation study

To systematically validate the effectiveness of each innovative component in Hy-MambalR for
handling strongly heterogeneous conglomerate reservoirs and addressing the underlying physics of
CT imaging, we conducted a series of comprehensive ablation experiments. Using a strong
MambalR architecture as the baseline, we progressively introduced architectural ordering
refinements, DyT normalization, and the SCAB module to evaluate their individual contributions.
All experiments were conducted on the same dataset under identical training configurations. The
quantitative results are summarized in Table 3, and visual reconstruction comparisons are presented
in Fig. 9.
4.2.1. Architectural ordering for cross-scale feature modeling

The core challenge of conglomerate reservoirs lies in their pronounced cross-scale structures,
spanning centimeter-scale macroscopic gravel frameworks and micron-scale matrix pores. To
address this issue, we compared two architectural variants: placing the local enhancement module
at the input stage (+CAB on Input) versus placing it after the global state space module (+CAB on
SSM). When local enhancement is applied first, the model tends to overfit microscopic textures
while neglecting the continuity of macroscopic lithology, leading to artifacts within the gravel
framework. By contrast, placing local refinement after the SSM aligns with a reconstruction logic

that first establishes the global pore structure and then refines local details.
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As shown in Table 3, compared with the baseline MambalR, adding CAB at the input (+CAB
on Input) increases the PSNR by only 0.03 dB, with a slight decrease in SSIM. However, when
CAB is placed after the SSM module (+CAB on SSM), although the PSNR remains at 31.93 dB,
the LPIPS value significantly improves from 0.2395 to 0.2298, corresponding to a reduction of
approximately 4%. These results demonstrate that performing local detail refinement after global
context modeling yields reconstructions with higher perceptual quality and geologically more
plausible structures. This verifies the superiority of our serial architecture; accordingly, all
subsequent experiments are based on this optimized “global-first, then-local” configuration.

Table 3. Ablation study of the Hy-MambalR model.

Model PSNR (dB) SSIM LPIPS MAE RMSE QI EPI
MambalR 31.90£0.51 0.7558:0.0080 0.2222+0.0236 0.01947 002546  7.1231 03167

+ CAB on Input 31.93:048 0.7552:0.0083 0.2395:0.0205 0.01943  0.02537  7.0839 03156

+ CAB on $SM 31.93:048 0.7549:0.0084 02298:0.0282 0.01943  0.02535  7.2132 0.3180
+CABonSSMw/DyT  29.73:0.77 0.66730.0115 0.1280:0.0294 0.02530  0.03277  7.4260 02182
Hy-MambalR 33.36+0.36 0.7941:0.0081 0.1974:0.0136 0.01677  0.02184  6.6463 03164

4.2.2. Addressing CT imaging noise and nonlinear mapping

After establishing the architectural ordering, we further investigated the synergistic mechanism
between SCAB and DyT in addressing the low signal-to-noise ratio and nonlinear mapping
characteristics of CT images. When DyT normalization was applied in isolation, the PSNR suffered
a catastrophic drop to 29.73 dB, and the SSIM fell to 0.6673. From a physical viewpoint, raw CT
images, in which voxel intensities are approximately proportional to rock density, are often
contaminated by Poisson noise and various imaging artifacts. The strong nonlinear tanh activation
in DyT, designed to enhance edge contrast, indiscriminately amplifies background noise in the
absence of effective feature selection. This distorts the approximately linear relationship between
grayscale values and rock density and ultimately destroys the physical mapping between intensity
and density, causing the model to collapse.

To resolve these issues, we introduced the SCAB module (Fig. 3). Within SCAB, SimAM
employs an energy function to automatically focus on high-frequency pore edges, while SAFM
smooths matrix noise at multiple scales. SCAB thus acts as a feature purifier, precisely separating
effective signals corresponding to pore and framework boundaries from cluttered CT responses

while suppressing imaging noise. When these purified, high-quality features are fed into DyT, the
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synergistic effect between the two modules becomes apparent: the strong nonlinearity of DyT no
longer amplifies noise but instead performs precise sharpening of the pore—framework transitions.
This synergy boosts the PSNR to 33.36 dB, increases the SSIM to 0.7941, and further reduces the
LPIPS to 0.1974. As shown in Fig. 9, Hy-MambalR produces reconstructions that are significantly
superior to those of all other variants in terms of sharpness, contrast, and texture details, and are
closest to the ground truth. Notably, it avoids the blurring and smearing artifacts commonly observed
in other variants when recovering tiny pores.

The ablation experiments confirm that the superior performance of Hy-MambalR does not
arise from naive module stacking. Instead, it is achieved by adopting a “global-first, then-local”
architectural strategy and combining SCAB-based feature purification with DyT-based nonlinear
sharpening to jointly tackle the dual challenges of cross-scale geological structures and CT imaging
noise. Furthermore, single-phase flow simulations on different ablation variants (detailed in
Supplementary Fig. S3) provide fluid-dynamic evidence that the full architecture offers an

advantage in restoring pore connectivity.
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F1g. 9. Multi-dimensional visual comparison of ablation study variants.

4.3. Evaluation of physical accuracy
The ultimate value of image reconstruction lies in its capability to provide a reliable data
foundation for downstream scientific analysis and engineering applications. It should be emphasized

that the benefit of Hy-MambalR is not limited to visual enhancement. In this study, the gains in
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image-level metrics are accompanied by consistent improvements in segmentation fidelity, pore-
network topology, connectivity-related descriptors, and permeability prediction, indicating that the
reconstruction improvement is physically meaningful rather than merely cosmetic. To this end, we
constructed a comprehensive physical accuracy evaluation framework that combines topological
structure analysis with fluid dynamics simulation, aiming to rigorously verify the reliability of the
reconstruction results under realistic geological conditions.

4.3.1. Validation of segmentation accuracy

When computing physical parameters such as porosity and permeability, the sharpness of the
pore—framework boundaries in the reconstructed images is a critical prerequisite for accurate binary
segmentation. If the super-resolved (SR) images cannot be reliably segmented, the credibility of any
subsequent physical parameters derived from them will be significantly compromised. Therefore,
we propose using segmentation accuracy—quantified by the Intersection-over-Union (IoU) and
Dice coefficient—as a direct indicator for assessing the physical fidelity of SR models.

To eliminate systematic errors introduced by threshold selection bias, we adopted a unified
thresholding strategy. Based on the high-resolution reference images (ground truth, GT), an optimal
segmentation threshold (Threshold = 167) was determined using an iterative adaptive algorithm.
This threshold was then uniformly applied to binarize all reconstructed images from different
models. This unified standard ensures objective comparison and effectively reveals discrepancies in
gray-level distributions and rock-physics characteristics among models. Quantitative and qualitative
evaluation results are presented in Table 4 and Fig. 10, respectively. Additionally, bar charts
comparing segmentation metrics across different methods are provided in Supplementary Fig. S4.

Quantitative analysis. As shown in Table 4, Hy-MambalR exhibits clear advantages in the
segmentation task, achieving an IoU of 0.901 and a Dice coefficient of 0.948. These values are
substantially higher than those of classical CNN-based models (e.g., EDSR with an IoU of 0.820)
and Transformer-based models (e.g., HAT with an IoU of 0.723). Notably, although HAT performs
reasonably well in terms of PSNR, its segmentation accuracy (IoU = 0.723) is unexpectedly low.
This suggests that its reconstructions may contain numerous artifacts or blurred boundaries that are
visually imperceptible but severely interfere with threshold-based segmentation, leading to
misinterpretation of the underlying physical structures. Compared with Bicubic interpolation (IoU

= 0.707), Hy-MambalR improves the IoU by approximately 0.19, indicating that the model
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successfully recovers highly usable pore structures from heavily blurred inputs.

Table 4. Segmentation accuracy metrics of different models.

Model IoU Dice Model IoU Dice
Bicubic 0.707 0.829 RCAN 0.820 0.901
Hy-MambalR 0.901 0.948 RRDB 0.711 0.831
EDSR 0.820 0.901 SRCNN 0.714 0.833
HAT 0.723 0.839 SwinlR 0.718 0.836

Qualitative analysis. Fig. 10 presents a visual comparison of pore-network segmentation results
(white regions represent pores). In the segmentation maps produced by Bicubic, SRCNN, and
RRDB, significant noise persists, causing confusion between matrix impurities and pore signals,
thereby altering the topological characteristics of the pore network. By contrast, the segmentation
results of Hy-MambalR are closest to the ground truth. This method effectively removes noise while
preserving the connectivity of micro-fractures and throats (see yellow boxes in Fig. 10). Although
HAT and SwinlR provide some background noise suppression, they fail to accurately reconstruct
fine throats, resulting in disconnected pore pathways, which in turn introduces bias into subsequent
permeability calculations.

The significant advantages of Hy-MambalR in terms of IoU and Dice demonstrate that its
reconstructed images possess high structural fidelity and sharp boundary features. This not only
confirms the model’s superior image reconstruction capability but also ensures the geometric
fidelity of the digital rock, thereby providing a reliable data foundation for subsequent physical

parameter computation and geological analysis.
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Fig. 10. Comparison of segmentation results on 855-pixel slices.

Bicubic

4.3.2. Validation of rock-physics properties and fluid dynamics

To evaluate the physical fidelity of the reconstructed digital rocks and their suitability for
studying flow mechanisms, we performed quantitative analyses of the pore-network topology and
validated single-phase fluid-dynamics behavior.

Pore structure and connectivity analysis. The geometrical and topological characteristics of the
pore network determine the reservoir’s storage capacity and flow performance (transport properties).
As summarized in Table 5, Hy-MambalR achieves the best agreement with the reference images
(HR) in terms of key structural parameters. First, in terms of porosity (¢), Hy-MambalR yields a
predicted value of 8.05%, which has the smallest relative error compared with the true value of
8.45%. In contrast, methods such as Bicubic (5.07%), HAT (5.78%), and SRCNN (5.89%) exhibit
significant underestimation, indicating that these models lose a large number of small pores during
reconstruction. Second, for topological connectivity, the Euler characteristic density (yy) serves as a
key indicator. For the HR images, yv is -13.73 x 107 um™3, reflecting a highly connected and
complex pore network. Among all models, Hy-MambalR produces the value closest to the ground
truth (v = -8.444). In contrast, Bicubic (yy = -1.869) and EDSR (yy = -3.970) yield much smaller

absolute values, indicating poorer pore-network connectivity with more isolated pores and broken



562  throats. Finally, regarding multiscale spatial correlation, Fig. 11 shows the two-point correlation
563  function S2(r) and the coordination-number distribution. The S2(r) curve of Hy-MambalR (light-
564 cyan dashed line) closely matches the HR curve (dark-blue solid line) over the entire range of length
565  scales, confirming that the model effectively preserves the spatial distribution characteristics of the
566  pores. In terms of coordination-number distribution, Hy-MambalR accurately reproduces the multi-
567  peak behavior observed in the real rock sample, further demonstrating its superiority in
568  reconstructing pore-connectivity relationships.These consistent multiscale structural indicators
569  provide a solid basis for reliable single-phase flow simulations and subsequent analysis of flow

570 mechanisms.

571 Table 5. Comparison of physical accuracy metrics and flow properties for different models.
Porosity X Permeability (mD) ; Tortuosity
Model ©6) (x 10-%m) X X X MRE(k) (%) (Mean) Path Count
HR 8.45 -13.73 18.8 6.64 9.93 0 132 488
Bicubic 5.07 -1.869 6.52 3.94 1.15 64.80 1.77 107
Hy-MambalR 8.05 -8.444 18.1 6.22 54 18.56 1.29 246
EDSR 6.60 -3.970 17.5 1.6 1.74 40.04 141 140
HAT 5.78 -2.171 69.4 6.57 2.05 116.52 1.67 91
RCAN 6.60 -3.990 16 36.8 1.47 184.77 1.40 141
RRDB 5.66 -2.038 53.8 22.8 1.41 171.78 1.89 79
SRCNN 5.89 -2.445 134 8.71 1.67 242.37 1.59 95
572 SwinlR 5.72 -2.110 644 58 229 11041 171 81
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574 Fig. 11. Two-point correlation function S2(r) and coordination-number distribution for real
575 and reconstructed samples.
576 Pore and throat size distributions. The pore—throat size distribution is a critical parameter

577  linking microscopic pore structure to macroscopic physical properties. Fig. 12 presents the
578  reconstructed pore-radius and throat-radius distributions obtained by different models. The real
579  conglomerate sample exhibits a characteristic broad-peak distribution. For the Bicubic interpolation

580  method (orange line), the distribution shifts toward smaller radii. This shift is attributed to the



581

582

583

584

585

586

587

588

589

590

591
592

593

594

595

596

597

598

599

600

601

602

603

604

605

smoothing effect of interpolation, which blurs the boundaries of large pores, causing them to be
misclassified as smaller ones and leading to the loss of critical large-pore features. In contrast, Hy-
MambalR (red line) accurately captures the dominant large-pore peak in the 100200 pm range, and
its distribution in the sub-50 pum throat-radius region also agrees closely with the HR reference.
Such accurate reconstruction of pore—throat characteristics across the entire scale range provides a
solid physical basis for high-precision permeability prediction. In addition to pore size, we analyzed
the distributions of pore volume, specific surface area, and throat length. Supplementary Figs. S6—
S8 demonstrate that Hy-MambalR yields results that are highly consistent with the ground truth
across all of these microscopic geometric parameters, and that this consistency is maintained even

when different pore-network extraction algorithms (e.g., OpenPNM) are employed.
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Fig. 12. Distributions of pore radius and throat radius for the real and reconstructed samples.

To definitively assess the flow capacity of the reconstructed rock cores, we analyzed the
geometrical characteristics of flow paths and performed single-phase flow simulations. The
simulations were conducted on digital rock models of 3423 voxels, using a unified segmentation
threshold of 167. The fluid viscosity was set to 0.01 Pa-s, with inlet and outlet pressures of 33.05
MPa and 0.1 MPa, respectively, and the fluid was constrained to flow along the Z-axis. Based on
these settings, we examined both the geometric properties of the flow paths and the spatial
distribution of the simulated flow field.

Tortuosity (t) and the number of effective flow paths (path count) are pivotal parameters
governing fluid-transport efficiency. As reported in Table 5, the mean tortuosity of the ground-truth
(HR) sample is 1.32. Hy-MambalR yields a value of 1.29, very close to the HR reference, and its
tortuosity distribution in Fig. 13 also closely matches that of HR. In contrast, RRDB (1.89) and
Bicubic (1.77) exhibit significantly higher tortuosity, indicating that their reconstructed pore

networks contain non-physical tortuous channels that hinder efficient transport. The path count
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effectively reflects the recovery of pore-network connectivity. While the HR reference contains 488
effective flow paths, most competing models (e.g., HAT, SwinIR, RRDB) recover fewer than 100,
implying that many critical throats remain closed. Hy-MambalR, however, recovers 246 effective
paths—the highest among all compared methods (approximately 2.5 times that of the other
methods). This indicates that Hy-MambalR not only maintains low tortuosity but also increases the

number of effective pathways, thereby more faithfully restoring the rock’s intrinsic flow capacity.
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Fig. 13. Tortuosity distributions for the real and reconstructed samples.

Flow visualization. Based on these geometrical characteristics, Fig. 14 illustrates the three-
dimensional streamline patterns reconstructed by different methods. The streamline density and
spatial topology produced by Hy-MambalR are highly consistent with the HR reference, accurately
reconstructing the dominant preferential flow channels. The 3423 volume was used for the three-
dimensional flow visualization in Fig. 14. Quantitatively, the permeability predicted by Hy-
MambalR (k=3.93x107° D) is close to the HR value (k=4.04x107° D), indicating close agreement
under the 3423 flow-visualization setup. In contrast, the streamlines reconstructed by HAT and
EDSR are sparse and exhibit poor continuity. Regarding the Bicubic method, although its simulated
permeability value (k =4.56x107° D) is higher than the HR value, the visualized streamline features
suggest that this high permeability is mainly dominated by a few excessively enlarged pores rather
than a realistically connected pore network, indicating pronounced computational artifacts and a

failure to reflect the true connectivity mechanisms of the pore space.
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Fig. 14. Single-phase flow visualizations for the 3423 volume; permeability values are
reported in Darcy (D).

To investigate flow behavior at the pore scale, we analyzed velocity fields in a sub-volume of
1253 voxels (Fig. 15). Detailed quantitative data are provided in Supplementary Table S1. The HR
images clearly capture fluid acceleration and stagnation within complex pore—throat structures (deep
red regions indicate high velocities). Hy-MambalR effectively reconstructs both high-velocity
preferential channels and low-velocity stagnant regions, with a velocity distribution that closely
matches the HR reference. For this 125% local sub-volume, the mean relative error of three-
directional absolute permeability is 11.19%. In contrast, velocity fields from CNN-based methods
(e.g., RCAN, SRCNN) appear overly smoothed, with larger errors (15%—-22%), and fail to capture
rapid acceleration dynamics in narrow throats. The Bicubic interpolation method, unable to
reconstruct connectivity, yields predominantly low-velocity regions with almost no flow.

Macroscopic permeability. To obtain statistically representative macroscopic properties, we
performed three-directional absolute-permeability simulations on the full-size REV (8553 voxels),
as reported in Table 5. Hy-MambalR exhibits superior accuracy, with a mean relative error (MRE)
of 18.56%. For a visual comparison of permeability across models on the full-size REV, see
Supplementary Fig. S5. All other compared methods show substantial deviations: Bicubic (MRE =
64.80%) and EDSR (MRE = 40.04%) significantly underestimate permeability, which, combined
with their low path counts (Path Count < 150), confirms that they fail to reconstruct throat structures
and result in blocked channels. In contrast, SRCNN (MRE = 242.37%), RCAN (MRE = 184.77%),

and HAT (MRE = 116.52%) drastically overestimate permeability. This suggests that, while these
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models improve visual sharpness, they introduce non-physical artifacts during reconstruction,

erroneously connecting pores that should remain isolated and creating spurious preferential flow

channels.
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Fig. 15. Comparison of three-dimensional velocity fields and cross-sectional views for the
real and reconstructed samples.

4.4. Evaluation of generalization capability

To evaluate the generalization and transferability of Hy-MambalR under complex geological
conditions, we conducted transfer-learning experiments. The model pretrained on the conglomerate
dataset was transferred to pebbly sandstone samples with markedly different lithological
characteristics. We first assessed its direct inference capability on the unseen lithofacies in a zero-
shot setting and then performed supervised fine-tuning with paired LR/HR images from the target
domain. The corresponding quantitative and qualitative results are reported in Table 6, Table 7, Fig.
16, and Fig. 17.
4.4.1. Image reconstruction

Table 6 quantitatively summarizes the changes in image-quality metrics before and after fine-
tuning. In the zero-shot condition, even without any prior exposure to pebbly sandstone samples,
Hy-MambalR achieves PSNR and SSIM values of 29.09 dB and 0.7392, respectively, significantly
outperforming conventional Bicubic interpolation. This demonstrates that the hybrid Mamba—
Transformer architecture can effectively learn generalizable priors of porous-media structures,

endowing the model with strong initial generalization capability. After fine-tuning on the target

high

255




669  domain, the performance is further improved: PSNR increases by 1.15 dB to 30.24 dB, while the

670  perceptual error measured by LPIPS is substantially reduced.

671 Table 6. Generalization performance of Hy-MambalR on pebbly sandstone (unseen
672 lithofacies).
model PSNR (dB) SSIM LPIPS
Bicubic 28.3051+0.4427  0.7156£0.0145  0.4100+0.0271

Hy-MambalR (Zero-Shot) 29.0850+0.8082  0.7392+0.0064  0.2961 +0.0202

Hy-MambalR (Fine-tuned)  30.2375+0.4157 0.7592+0.0111  0.2903+0.0188
673

674 The visual comparisons in Fig. 16 further corroborate these findings. In the zero-shot

675  reconstructions, the overall structures remain intact, but mineral boundaries exhibit noticeable
676  blurring due to lithofacies differences. By contrast, the fine-tuned results present much sharper
677  textural details and are highly consistent with the ground truth (GT), indicating that the model

678  effectively mitigates domain shift between different geological samples.

‘ . -

679 HR Hy-MambalR(Fine-tuned) Bicubic Hy-MambalR(Zero-Shot)

680 Fig. 16. Visual comparison between real and reconstructed samples on pebbly sandstone.

681  4.4.2. Validation of physical accuracy



682 To verify the model’s ability to generalize pore-structure representation to previously unseen
683  rocks, we conducted a quantitative evaluation of the physical properties derived from the fine-tuned
684  reconstructions (Table 7). In terms of topological connectivity, Hy-MambalR (Fine-tuned) produces
685  key structural parameters—such as porosity, specific Euler characteristic density (yv), and
686  tortuosity—that are closest to the high-resolution (HR) reference. In particular, for the core
687  connectivity indicator, namely the number of effective flow paths (Path Count), the fine-tuned
688  model recovers 126 paths, significantly outperforming Bicubic (98 paths) and approaching the
689  ground-truth value of 135 paths. These results confirm that the model not only provides accurate
690  morphological restoration but also faithfully reconstructs the complex topological network
691  structures of new samples.
692 Table 7. Comparison of physical accuracy and performance between real samples and
693 reconstructed samples on pebbly sandstone.
Bicubic 1568 -1.27 x105pum™ 3.855 4.1-43 3.117 7.73 1.42 98
Hy-MambalR (Zero-Shot) 1631  -148 x10¢pm™ 3726  4.077 2914 4386 1.41 119
Hy-MambalR (Fine-tuned) 1592  -1.55x10%pm™  3.741 3.954 2942 3.59 1.38 126
HR 16.06  -1.73x10%pm™  3.583 3.766  2.983 0 1.35 135
694 Regarding the fluid-dynamics response, single-phase flow simulations based on the fine-tuned
695  digital rock indicate that the three-directional permeabilities predicted by Hy-MambalR yield a
696  mean relative error (MRE) of 3.59%. The three-dimensional velocity fields and two-dimensional
697  cross-sectional views shown in Fig. 17 show that the fine-tuned model reproduces the main velocity-
698  distribution patterns inside the pebbly sandstone. Detailed distributions of physical parameters
699 involved in the generalization test, such as throat radius and specific surface area, are provided in
700  Supplementary Figs. S9-S10. Automatic iterative thresholding for reconstruction (Supplementary
701  Fig. S9 and Table S2) leads to substantial deviations of key physical parameters from the HR
702  reference, highlighting the value of fine-tuning for this lithofacies. Together, the structural and flow
703 results support the applicability of the fine-tuning strategy to the evaluated pebbly sandstone and

704

motivate further validation across reservoir conditions and lithofacies.
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Fig. 17. Comparison of three-dimensional velocity fields and cross-sectional views for real and

reconstructed samples on pebbly sandstone.

5. Conclusion

To address the inherent trade-off between field-of-view (FOV) and resolution in digital rock
imaging, particularly the challenge of reconstructing cross-scale structures in strongly
heterogeneous conglomerate reservoirs, this study proposes a hybrid Mamba—Transformer network,
termed Hy-MambalR. The method adopts a serial “local-to-global” progressive architecture that
fuses the fine-scale detail-capturing capability of windowed self-attention with the macroscopic
structural modeling capacity of Mamba. The main conclusions are as follows:

(a) Hy-MambalR establishes a new benchmark for image reconstruction quality on strongly
heterogeneous conglomerate datasets. It achieves a PSNR of 33.36 dB, exceeding advanced
Transformer (HAT) and CNN (RCAN) baselines by more than 1.2 dB. In addition, the significant
reduction in LPIPS (0.1974) confirms that the method effectively recovers geologically realistic
textural details while suppressing artifacts that are commonly observed in conventional approaches.

(b) Physical validation extends the evaluation beyond image-quality metrics. Hy-MambalR

attains an IoU of 0.901 in segmentation, recovers pore-network connectivity and geometric
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characteristics, and yields a mean relative error of 18.56% for three-directional absolute
permeability. These results support its use for digital-rock flow analysis under the evaluated single-
phase conditions.

(c) Ablation experiments show that the SCAB and DyT modules contribute jointly to the
reconstruction gains. Hy-MambalR reaches 30 dB in 600 iterations, compared with 4,000 iterations
for HAT, reducing the training burden for the evaluated digital-rock reconstruction workflow.

(d) Supervised fine-tuning with paired low- and high-resolution images demonstrates
transferability to pebbly sandstone. The fine-tuned model reduces the mean relative error of three-
directional absolute permeability to 3.59% while preserving pore-scale topology and flow
descriptors. This result supports the use of the framework for reservoir characterization across
lithofacies.

Despite its strong performance, the current implementation of Hy-MambalR still relies on a
“2D-to-3D” slice-reconstruction strategy. Although explicit volumetric continuity is not directly
enforced, the proposed framework preserves continuity-related structural characteristics to a
considerable extent, as evidenced by the improvements in IoU, Path Count, velocity-field
reconstruction, and permeability prediction. Future work will focus on exploring voxel-wise
generation architectures based on 3D Mamba, and on incorporating physics-informed neural
networks (PINNs) by embedding fluid-dynamics governing equations as regularization terms in the
loss function, so as to guide the model toward pore structures with stronger physical consistency
and more realistic connectivity. In addition, we will investigate end-to-end optimization that couples
the super-resolution model with pore-network extraction algorithms, further enhancing both the

automation and the accuracy of physical-parameter prediction.
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