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A B S T R A C T

Accurate segmentation of digital rock images is essential for characterizing pore–matrix systems and predicting
petrophysical properties. However, the diversity of rock textures across different lithologies poses a significant
challenge for conventional segmentation networks, especially under limited training data. To address this, we
introduce DRI-SAM (Digital Rock Image – Segment Anything Model), a hybrid segmentation framework that
leverages the powerful visual prior of the Segment Anything Model (SAM) and adapts it to the digital rock
domain. Specifically, we apply LoRA-based fine-tuning to SAM’s image encoder to better capture rock-specific
microstructures, while U-Net is employed to generate prompt points, guiding SAM toward accurate pore–matrix
delineation. This approach retains the encoder’s representational power while allowing domain-specific adap-
tation via LoRA, enabling effective cross-domain generalization under limited training data. The model is trained
exclusively on 200 annotated images of Bentheimer sandstone, covering two distinct voxel resolutions, and is
evaluated on digital rock images of varying lithologies, resolutions and imaging modalities. The results confirm
that DRI-SAM achieves accurate segmentation on both sandstone and more challenging carbonate samples,
including synthetic and SEM images, without additional retraining or parameter adjustments. Compared to
DeepLabV3+and the only LoRA-tuned SAM, DRI-SAM demonstrates superior performance under limited su-
pervision, highlighting its strong generalization and practical value in digital rock image analysis. Moreover, the
findings suggest that foundation models like SAM, when properly adapted, also hold great promise for broader
geoscientific imaging tasks.

1. Introduction

Accurate characterization of subsurface materials underpins a
wide range of geoscience and engineering applications, spanning
hydrocarbon recovery, groundwater management, carbon storage,
and geothermal energy (Blunt et al., 2013; Li et al., 2023; Lubis and
Harith, 2014; Shan et al., 2024). The ability of researchers to reliably
predict subsurface behavior is fundamentally contingent on a precise
understanding of its microstructure (Dvorkin et al., 2009). However,
traditional experimental methods are often hindered by their high
cost, significant time demands, and limited capacity to resolve cri-
tical pore-scale details (Chi et al., 2024; Hou et al., 2023b;
Karimpouli and Tahmasebi, 2019a; Soltanmohammadi et al., 2024).
Over the past decade, digital rock physics has emerged as a

transformative paradigm, integrating high-resolution imaging tech-
niques (e.g., micro-CT, FIB-SEM) with numerical simulation and
data-driven modeling to bridge microscopic structures with macro-
scopic properties (Al-Marzouqi, 2018; Alkhimenkov, 2025; Andrä
et al., 2013a, 2013b; Madonna et al., 2012). Within this framework,
a central challenge lies in processing, analyzing, and interpreting
digital images, transforming their intricate visual information into
quantitative models that can underpin robust physical predictions.

A pivotal step in this transformation is image segmentation — the
process of assigning each voxel in a 3D volume or each pixel in a 2D
image to specific material classes such as pores and matrix. Only
through precise segmentation can researchers reliably: (1) Quantify
essential pore-scale structural properties, such as porosity, pore size
distribution, pore connectivity (percolation), pore throat geometry, and
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specific surface area – parameters crucial for understanding fluid sto-
rage and flow capacity (Arns et al., 2002; Purswani et al., 2020;
Reinhardt et al., 2022); (2) Simulate fundamental transport phe-
nomena, including single and multi-phase fluid flow (permeability),
electrical conductivity, and molecular diffusion, enabling predictions of
reservoir performance and recovery efficiency (Iraji et al., 2023;
Soltanmohammadi et al., 2024; Wang and Zai, 2023; Yang et al., 2023);
and (3) Predict key elastic and mechanical rock properties, such as bulk
and shear moduli, seismic velocities, compressibility, and strength,
bridging the gap between microstructure and geomechanical response
(Andhumoudine et al., 2021; Cao et al., 2022; Cui et al., 2021;
Hayatdavoudi et al., 2025; Hou and Cao, 2022; Karimpouli et al., 2018;
Saxena and Mavko, 2016). Thus, segmentation quality is not merely a
preliminary step; it is the foundational bottleneck upon which the va-
lidity and predictive power of all downstream digital rock physics
analyses critically depend (Hou et al., 2023a; Wang et al., 2026; Ye
et al., 2025).

However, the segmentation of digital rock images is often hindered
by limitations in image quality and the significant diversity of rock
textures across different lithologies and imaging resolutions (Hou et al.,
2021; Ibrahim et al., 2020; Karimpouli and Tahmasebi, 2019b). High-
performance segmentation networks, predominantly based on deep
learning architectures like U-Net (Ronneberger et al., 2015), typically
require large amounts of annotated data for training, which is both
expensive and labor-intensive in the digital rock domain due to the
need for expert geological knowledge. Moreover, a core challenge lies
in achieving robust model generalization. As a result, achieving accu-
rate and generalizable segmentation across different lithologies and
imaging resolutions remains exceptionally challenging under limited
training data availability, often necessitating resource-intensive re-
training or parameter tuning for new datasets.

Recently, the emergence of general-purpose vision foundation
models such as the Segment Anything Model (SAM) has opened new
possibilities for segmentation across diverse image domains (Kirillov
et al., 2023). SAM demonstrates impressive zero-shot performance on
natural images by leveraging strong structural priors and prompt-based
interaction. However, directly applying SAM to digital rock images
presents substantial domain-specific challenges. Ma et al. (2023) first
applied SAM to digital rock segmentation and showed that weak con-
trast often leads to segmentation failure, while direct fine-tuning can
partially alleviate this issue. Wang et al. (2025b) further proposed EG-
SAM, which enhances SAM by fusing encoder-derived semantic em-
beddings with edge features to improve boundary sensitivity. However,
both approaches rely solely on direct encoder fine-tuning and do not
introduce additional strategies for domain adaptation. SAM relies
heavily on clear visual boundaries to produce accurate masks, whereas
boundaries in CT images of rocks are often ambiguous. This is because
grayscale values in CT do not directly reflect the absolute density or
specific material composition; instead, they result from complex inter-
actions of X-rays with heterogeneous samples. Consequently, grayscale
only indicates relative contrasts and cannot reliably distinguish be-
tween solid matrix and pore spaces. Moreover, when voxel sizes exceed
the scale of microstructural features, a single voxel may represent a
mixture of minerals and pores, which further blurs boundary defini-
tions. In addition, prompt-based segmentation using sparse points is
less effective in digital rock images. A single field of view may contain
numerous pore regions, making one-point prompts insufficient. Auto-
matic point generation via grid sampling often fails to provide mean-
ingful guidance, while manually crafted prompts can yield better results
but are time-consuming to prepare. As illustrated in Fig. 1, both direct
use of SAM and point-based prompting exhibit limitations when applied
to digital rock image segmentation.

To address the aforementioned limitations, we propose DRI-SAM
(Digital Rock Image – Segment Anything Model), a segmentation fra-
mework that adapts SAM to digital rock analysis through encoder fine-
tuning and domain-specific prompt generation. Since segmentation

accuracy hinges on the encoder’s ability to extract meaningful features,
we fine-tune the SAM encoder using LoRA to enhance its sensitivity to
microstructural textures often overlooked by models trained on natural
images. Furthermore, we reformulate prompt generation as a sparse
point prediction task: using U-Net, we predict representative fore-
ground points derived from the centers of maximum inscribed spheres
within binary-labeled pore regions. This design enables DRI-SAM to
achieve accurate and transferable segmentation across varying lithol-
ogies and imaging settings.

2. Methodology

Building on the original Segment Anything Model architecture, DRI-
SAM incorporates LoRA-based fine-tuning of the encoder and in-
troduces a U-Net network for automated prompt point generation, with
the overall framework illustrated in Fig. 2. Section 2.1 provides a brief
overview of the SAM model and its key components. Section 2.2 de-
scribes the LoRA fine-tuning process applied to the encoder in detail.
Section 2.3 presents the U-Net-based point generation network, in-
cluding the design of point labels for automated prompt acquisition.
Finally, Section 2.4 outlines the dataset and experimental setup, cov-
ering Bentheimer sandstone samples at two voxel resolutions as well as
relevant hyperparameter configurations.

2.1. Overview of Segment Anything Model (SAM)

The Segment Anything Model (SAM) is a general-purpose image
segmentation model that combines interactive and automated seg-
mentation. Pretrained on the large-scale SA-1B dataset, which includes
11 million images and over 1 billion high-quality masks, SAM enables
robust zero-shot generalization across diverse domains. Its architecture
consists of three core components: an image encoder, a prompt encoder,
and a mask decoder:

1) The image encoder is built upon a Vision Transformer (ViT) archi-
tecture that has been pretrained using a masked autoencoding
(MAE) strategy. This pretraining approach enhances the encoder’s
ability to capture comprehensive contextual and structural in-
formation from input imagery. The encoder incorporates a hybrid
attention mechanism that effectively combines both local and global
attention. Local attention focuses on fine-grained details and texture
characteristics, while global attention captures broader structural
patterns and long-range dependencies. This dual attention strategy
enables the model to accurately recognize small-scale features as
well as large-scale compositional layouts.

2) The prompt encoder provides flexible user interaction, supporting
sparse prompts (such as points, boxes, or clicks) as well as dense
prompts (such as masks). This design allows SAM to adapt dyna-
mically to different segmentation tasks and user input, making it
versatile for interactive and automated workflows.

3) The mask decoder synthesizes feature embeddings from the image
and prompt encoders through a lightweight transformer-based ar-
chitecture. It generates high-fidelity, pixel-accurate segmentation
masks by integrating multi-scale feature representations. This multi-
scale processing helps preserve fine details and object boundaries
while ensuring overall structural coherence and spatial consistency
in the output segmentation.

SAM's modular architecture and strong visual priors, gained from
large-scale pretraining, enable efficient transfer to specialized domains,
supporting both zero-shot generalization and scenarios with limited
annotated data. This makes it a powerful foundation for digital rock
image analysis, where high-quality labeled samples are rare and
manual annotation is labor-intensive. By leveraging SAM's pretrained
feature representations, it becomes possible to achieve accurate seg-
mentation of complex pore–matrix systems without requiring extensive
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domain-specific annotations. However, despite these advantages, direct
application of SAM to digital rock images may still struggle to capture
subtle microstructural details arising from specific imaging modalities,
highlighting the need for domain-adaptive strategies, such as LoRA-
based encoder fine-tuning.

2.2. Lora-based fine-tuning method

Fine-tuning large-scale pretrained models has become a common
strategy for adapting general-purpose architectures to domain-specific
tasks (Gao et al., 2026; Guo et al., 2025). Common approaches include
full fine-tuning of both the encoder and decoder (Ma et al., 2024), and
freezing the encoder while fine-tuning only the decoder (Hu et al.,
2023). The former maximizes task-specific learning capacity but re-
quires large amounts of annotated data and substantial computational
resources. The latter allows the model to leverage the feature extraction
capabilities acquired from large-scale pretraining while adapting to
new tasks, but it may limit the refinement of segmentation accuracy. In
the context of digital rock images, full fine-tuning would necessitate the

collection of extensive sample–label pairs and high computational cost,
which has not been widely pursued. On the other hand, decoder-only
fine-tuning enables SAM to adapt to the digital rock domain, but it often
lacks sufficient fine-grained representation.This limitation arises be-
cause the encoder, pretrained on general images, does not fully perceive
the characteristics of specialized imaging modalities such as micro-CT,
an issue that will be further analyzed and discussed in subsequent
comparisons. It is also worth noting that the image encoder contains the
vast majority of SAM’s parameters, whereas the mask decoder is de-
signed to be lightweight. As a result, most existing studies focus on how
to efficiently fine-tune the encoder, while the decoder can be fully fine-
tuned at minimal computational cost.

To balance these trade-offs, LoRA (Low-Rank Adaptation) has re-
cently emerged as an effective technique for parameter-efficient adap-
tation of large models. By injecting low-rank learnable matrices into
pretrained weight layers, LoRA allows the model to adapt to new do-
mains without updating the entire set of parameters, preserving the
general visual priors while focusing on domain-specific features. In the
context of digital rock image segmentation, LoRA-based fine-tuning

Fig. 1. Segmentation results using the
Segment Anything Model (SAM) on
digital rock images. Left: From top to
bottom are the results of direct SAM
inference using three variants: ViT-B,
ViT-L, and ViT-H. Right: From left to
right are the multimask outputs guided
by different types of point prompts: a
single point, automatically generated
grid-based points, and manually anno-
tated points.

Fig. 2. Overall framework of DRI-SAM, where the newly added modules are highlighted in red.
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provides an efficient and effective solution for improving segmentation
performance while minimizing the computational burden, enabling the
encoded features to capture the unique textural patterns of digital
rocks.

Specifically, each transformer block’s multi-head self-attention
module contains a combined query-key-value (QKV) projection layer,
originally parameterized by a weight matrix ∈

×W RC Cout in. We replace
this layer with a LoRA-augmented module, decomposing the fine-
tuning update ΔW as the product of two low-rank matrices ∈

×A Rr Cin

and ∈
×B RC rout , where r ≪min(Cin, Cout). The adapted weight becomes:

= + = +W W ΔW W BAˆ (1)

This update is applied simultaneously and independently to the
query, key, and value projections by enabling LoRA on all three com-
ponents of the fused QKV layer. Furthermore, the feed-forward network
(MLP) within each transformer block contains two linear layers, both of
which are similarly augmented with LoRA modules, enabling the net-
work to better capture the microstructural nuances of digital rock
images.

During fine-tuning, the original SAM weights W remain frozen, and
only the low-rank matrices A and B are optimized, ensuring parameter
efficiency. Formally, the attention mechanism with LoRA-augmented
projections is given by:

= ( )Att Q K V Softmax V( , , ) QK
d

T

(2)

where the adaped queries, keys, and values are computed as
= = +Q W F W F B A Fˆq q q q , = = +K W F W F B A Fˆk k k k , = = +V W F W F B A Fˆv v v v ,

with ⋅W{ } denoting frozen original projection weights and ⋅A{ } and ⋅B{ }

trainable LoRA parameters. This fine-grained LoRA injection enables
the SAM image encoder to adapt to domain-specific textures and
structures in digital rock images effectively, while maintaining the ro-
bustness of the pretrained model and minimizing training cost.

2.3. UNet-based automated prompt point generation

Prompt-based segmentation with SAM relies on sparse, user-pro-
vided input points to guide mask generation. However, for digital rock
images, formulating meaningful prompts is inherently challenging. A
single 2D field of view often contains numerous disconnected pore re-
gions, making manual annotation impractical and random sampling
strategies largely ineffective. Moreover, the fine-scale heterogeneity
and irregular shapes of pores in micro-CT or SEM images further
complicate the selection of representative points.

These challenges motivate us to recast prompt generation as a sparse
point prediction problem, where each prompt corresponds to a re-
presentative point within an individual pore. In this formulation, the
task can be viewed analogously to instance-level center point detection
or minimal-point semantic labeling. By framing prompt generation in
this manner, it becomes possible to automate the process, reduce
human effort, and ensure that each pore is adequately represented
during segmentation. In practice, a standard U-Net architecture is em-
ployed to accomplish this sparse point prediction task.

To obtain reliable training labels for this task, we leverage the

binary ground-truth masks and extract geometrically meaningful center
points for each pore region (as illustrated in Fig. 3). Specifically, we
first perform connected-component labeling on the pore space (i.e.,
background in binary masks), and compute the Euclidean distance
transform within each connected pore region, where pixels with higher
values (shown in red) are farther from the boundary and highlight the
geometric center of the pore. The point with the maximum distance
from the boundary corresponds to the center of the largest inscribed
sphere within that region, offering a natural and robust choice for
sparse prompting. This center point is not only spatially stable but also
inherently captures the geometric core of each pore body.

Formally, let ⊂Ω R2 denote the binary pore mask, and let ⊂R Ωi be
the i-th connected pore region. We compute the distance transform

= −∈D x x y( ) min ‖ ‖i y δR 2i for all ∈x Ri. The maximum of D x( )i de-
termines the location of the center point ∈p Ri i such that:

=
∈

p arg max D x( )i x R ii (3)

where pi defines the center of the maximal inscribed disk in Ri. The
collection of such points {p }i over all pore regions provides the target
coordinates for training the point prediction module.

The network employed for sparse point prediction is a 2D UNet
consisting of an encoder-decoder architecture with skip connections.
The encoder progressively extracts multi-scale features through four
convolutional blocks with an increasing number of channels: 8, 16, 32,
and 64, each block consisting of two consecutive convolutional layers,
each followed by batch normalization and ReLU activation, and fol-
lowed by strided convolutions for downsampling. each followed by
strided convolutions for downsampling. The decoder restores spatial
resolution via transposed convolutions and concatenates features from
the corresponding encoder layers, followed by convolutional blocks to
refine the feature maps. The final output layer is a single-channel
convolution that produces a pixel-wise probability map of pore center
locations. The network is pre-trained prior to deployment, allowing
efficient inference of sparse prompts from new images without human
input. The automated nature of this labeling strategy eliminates the
need for manual annotations or heuristic sampling and naturally aligns
with SAM’s point-based prompt interface.

2.4. Data and training details

Generally, the performance of neural networks improves with in-
creasing training data, and conventional segmentation networks often
require thousands of images to learn effective representations. In con-
trast, this study aims to demonstrate the advantages of fine-tuning large
pretrained models under limited data conditions, and therefore, we use
only 200 annotated images for training. This design highlights the
capability of large models to adapt effectively in a weakly supervised
setting. Furthermore, we select a single lithology, Bentheimer sand-
stone, as the training material. Characterized by high porosity, strong
pore connectivity, and low clay content, this sandstone exhibits a re-
latively homogeneous internal structure, making it a widely used
benchmark material in both experimental and digital rock studies. By
choosing this lithology, we leverage its well-characterized and uniform
microstructure for training, while employing two voxel resolutions

Fig. 3. Workflow for generating pore
center point labels. A binary pore mask
is processed to compute the Euclidean
distance map for each connected pore
region, where the intensity of each
pixel indicates its distance to the
nearest boundary and highlights the
geometric center of the pore. The geo-
metrically meaningful centers are then
identified as the maximal inscribed
circles, with the circle centers serving
as reliable sparse point labels.
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(1.657314 μm and 2.25 μm) ensures that the model is exposed to
slightly varying spatial scales. Although the training dataset consists of
a single lithology, the test dataset includes a wider variety of rock types,
voxel resolutions, and imaging modalities to comprehensively evaluate
the robust cross-domain generalization of DRI-SAM. A detailed analysis
of these experimental results is presented in Section 3.

The model is trained for 100 epochs using the Adam optimizer with
a learning rate of 5×10-4, with each epoch taking approximately 25 s.
The loss function is BCEWithLogitsLoss, which is suitable for binary
segmentation tasks. For a predicted mask p and ground-truth mask g
the loss is defined as:

= − ∑ + − −
=

loss g σ p g σ p[ ·log ( ) (1 )·log(1 ( ))]N i
n

i i i i
1

1 (4)

Considering that large pretrained models may require substantial
adjustment when adapting to a new domain, an initially relatively high
learning rate is used to enable rapid alignment of the encoder features
with the digital rock images. As training progresses, the learning rate is
gradually decreased to facilitate the learning of fine-grained micro-
structural details. Accordingly, a ReduceLROnPlateau scheduler is em-
ployed with patience =10 and factor = 0.5, which reduces the
learning rate when the validation loss plateaus. The U-Net network used
for automated prompt point generation is trained on the same dataset
as DRI-SAM and uses the BCEWithLogitsLoss loss function. A smaller
learning rate of 1× 10-4 and the Adam optimizer are used. A longer
training schedule of 600 epochs is adopted because the target points
occupy a small spatial region in each image and require more iterations
to converge. The additional computational cost remains low due to the
relatively small number of parameters in the U-Net.All experiments are
conducted on two Nvidia A100 80 GB GPUs.

3. Results

After training, DRI-SAM is directly applied to various test datasets to
evaluate its generalizable segmentation performance without any

additional parameter tuning. Specifically, Section 3.1 presents seg-
mentation results on eight different sandstone samples, Section 3.2
evaluates segmentation on carbonate rocks with varying voxel resolu-
tions, and Section 3.3 examines performance across different imaging
modalities, including SEM images and diffusion model–generated
images. Section 3.4 further computes several elastic parameters based
on the segmentation results, quantitatively assessing the impact of
segmentation details on parameter estimation.

3.1. Generalizable segmentation on sandstones

Fig. 4 presents segmentation results on eight sandstone types (e.g.,
Bandera Brown, Bandera Gray, Berea, etc.), all with a voxel resolution
of 2.25 μm, which is also included in the training set. For each sand-
stone type, segmentation performance was quantitatively evaluated on
100 images using the Dice coefficient. The results consistently high
values across all samples, ranging from 0.9683 to 0.9881. Berea sand-
stone achieves the highest score, whereas Bandera Brown and Bandera
Gray show relatively lower performance, likely due to their finer, more
fragmented pores and complex pore–matrix interfaces. These char-
acteristics are visually reflected in the segmentation maps, where the
pores appear more intricate, disconnected, and irregularly shaped.
Additionally, the presence of high-density minerals, which appear as
bright regions in the original grayscale images, introduces further
challenges for accurate mask delineation. In contrast, other sandstone
types tend to feature larger, better-connected pores that are more easily
separable, facilitating more precise segmentation.

The difference maps indicate that most deviations are localized at the
pore–matrix interfaces, where the transition is often gradual and structu-
rally complex. These discrepancies do not necessarily imply model failure,
but rather reflect the inherent uncertainty and potential inaccuracy in the
ground truth itself, particularly in regions where a definitive boundary is
difficult to establish even under expert supervision.

Overall, the results preliminarily indicate that DRI-SAM generalizes
well to various sandstone types at the same resolution, even under limited

Fig. 4. Segmentation results of DRI-SAM on eight types of sandstone.
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data. The combination of high Dice scores and visual consistency across
multiple lithologies suggests that the model robustly captures micro-scale
pore details, highlighting its potential utility for cross-lithology digital rock
segmentation. Nevertheless, the observed variations underscore that cer-
tain complex pore morphologies and mineral heterogeneities remain
challenging, pointing to avenues for further refinement or incorporation of
additional domain-specific priors.

3.2. Generalizable segmentation on carbonates

Subsequently, the same DRI-SAM model was applied to carbonate rock
samples with a voxel resolution of 8 μm. As illustrated in Fig. 5, panel (a)
presents the t-SNE visualization of nine rock types, including eight sand-
stones and one carbonate. Different colors and marker shapes correspond
to distinct lithologies. The results demonstrate that samples of the same
lithology cluster closely together, indicating high intra-class feature simi-
larity extracted by the model. Conversely, distinct lithologies exhibit well-
separated clusters in the feature space, reflecting strong inter-class dis-
criminability. This indicates that the selected image features successfully
represent the intrinsic differences among rock types, highlighting the
segmentation model’s robust generalization performance when applied to
diverse lithologies with distinct textural properties.

Panel (b) displays the grayscale histograms of sandstone and car-
bonate images. Sandstone exhibits two prominent peaks: a lower-in-
tensity peak around 0–40 corresponding to pore spaces, indicating that
pores generally appear as dark regions; and a distinct mid-intensity
peak around 80–110 representing the rock matrix, suggesting a rela-
tively uniform and homogeneous matrix grayscale distribution. In
contrast, carbonate rock images are primarily distributed in a higher
grayscale range approximately between 170 and 220. Their histogram

is broader and smoother, lacking a pronounced low-intensity peak,
which implies a smaller proportion of pore spaces or pores with
grayscale values close to the matrix. This pattern reflects the carbo-
nate’s complex mineralogy and less distinct pore boundaries, poten-
tially due to the presence of high-density mineral phases such as do-
lomite or calcite, which obscure clear structural delineation.

Despite these complexities, DRI-SAM accurately segments the car-
bonate rock images, as demonstrated in the right of Fig. 5. These results
confirm that the model can generalize from training on homogeneous
sandstone to segmenting heterogeneous carbonate lithologies, under-
scoring its strong cross-lithology generalization capability.

3.3. Generalizable segmentation across imaging modalities

To further evaluate the generalization capability of DRI-SAM, we
tested it on four complex digital rock images without ground-truth labels:
Savonnières limestone (voxel size: 3.8 µm), a mono-mineralic, calcitic,
layered oolithic limestone from the Oolithe Vacuolaire formation in
France; two diffusion model-generated sandstone images (Esmaeili, 2024);
and a North Sea sandstone SEM image with 0.5 µm resolution. These
samples contain intricate pore structures such as inter- and intra-oolithic
microporosity and hollow ooliths with limited macro-pore connectivity. In
addition, they differ significantly from the training data in imaging
modality and texture. Specifically, the training set consists solely of micro-
CT sandstone images, while the test set includes SEM images and synthetic
data, posing a greater challenge for cross-domain generalization.

We compared DRI-SAM with two baselines: DeepLabV3+, a classical
semantic segmentation network known for its strong performance across
various segmentation tasks, and the original SAM enhanced with LoRA-
based fine-tuning, applied without automated prompt point generation. As

Fig. 5. Rock difference analysis and DRI-SAM segmentation results on carbonate samples: (a) t-SNE visualization showing distinct feature distributions between rock
types; (b) Grayscale histogram highlighting intensity differences between sandstone and carbonate.
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shown in Table 1, we calculated the average values of four evaluation
metrics for the three models. Compared with SAM, DRI-SAM improves the
IoU from 0.934 to 0.952. Although the numerical improvement is modest,
the visual enhancement is more noticeable and reliable. This is because
SAM already identifies most pore regions correctly, and the remaining
gains mainly come from reducing a small number of local segmentation
errors. As shown in Fig. 6 (highlighted in red), DRI-SAM consistently
produces the most accurate segmentation, effectively capturing subtle pore
structures and fine-scale connectivity. In contrast, DeepLabV3+ struggles
to generalize when trained on a single annotated dataset and applied to
previously unseen rock types, often failing to identify many pores. The
LoRA-tuned SAM performs reasonably well, but still lacks sufficient
structural detail in critical regions, particularly where pore boundaries are
ambiguous or highly complex.

4. Discussion

In summary, DRI-SAM addresses two major challenges inherent to au-
tomated segmentation of digital rock images: limited annotated data and
robust generalization. Remarkably, the model was trained on only 200
labeled images from a single lithology over 100 training epochs, yet it
consistently generalized to other rock types and imaging modalities. This
demonstrates that even with a relatively small number of training itera-
tions, DRI-SAM is capable of capturing the essential microstructural fea-
tures necessary for accurate segmentation across diverse datasets. Previous

studies have attempted to enhance digital rock image segmentation
through edge guidance or structural constraints (Wang et al., 2025a), but
none have achieved the level of stable generalization demonstrated by DRI-
SAM when trained on limited data from a single lithology. The underlying
reason lies in the difference between large-scale pretrained models and
conventional segmentation networks. SAM’s pretrained encoder already
possesses the ability to extract fundamental image features across diverse
domains. While it may initially lack sensitivity to the fine-scale micro-
structures specific to digital rock images, LoRA-based fine-tuning allows the
encoder to rapidly adapt to these patterns, enabling effective segmentation.
In contrast, traditional small-parameter networks tend to overfit or underfit
when trained on limited datasets, often failing to learn sufficiently re-
presentative features and, consequently, struggling to generalize to unseen
images. This limitation has long been a critical challenge in intelligent
segmentation of various types of images. For DRI-SAM, failure cases may
occur in boundary regions or areas with extremely small, low-contrast
pores, where pore locations can be slightly misidentified or adjacent micro-
pores merged. These issues could be mitigated by incorporating multi-re-
solution images for multi-scale feature extraction and fusion.

To further investigate why SAM requires fine-tuning for digital rock
image segmentation rather than directly relying on its pretrained en-
coder features, we conducted a feature visualization analysis.
Specifically, we examined the multi-channel feature maps (256× 64×
64) produced by the encoder. On the one hand, we randomly selected
several individual channels from the feature maps for inspection; on the
other hand, we applied principal component analysis (PCA) across all
channels and projected the first three principal components into the
RGB space, thereby providing a global visualization of the encoded
representations. As shown in Fig. 7, the first row presents feature maps
extracted directly from SAM’s encoder, while the second row shows the
features obtained after LoRA-based fine-tuning.

When features are extracted directly from SAM’s encoder without any
fine-tuning, the resulting activation maps tend to be diffuse and spatially
scattered, showing limited sensitivity to pore–matrix boundaries and fine

Fig. 6. Segmentation results of DRI-SAM and baseline models on more complex rock images.

Table 1
Presents the quantitative comparison across four segmentation metrics.

Dice IoU Recall Precision

DeepLabV3+ 0.897 0.885 0.902 0.896
SAM 0.952 0.934 0.956 0.958
DRI-SAM 0.971 0.952 0.974 0.988
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microstructural patterns. Feeding these raw encoder features into the de-
coder means that, regardless of how well the decoder is trained, it cannot
recover the missing fine-grained information, leading to segmentation
outputs that are less precise in regions with subtle or complex structures.
Therefore, LoRA-based fine-tuning of the encoder is necessary to adapt
SAM to digital rock images, enabling it to capture finer structural details
and produce more accurate segmentation results.

As a foundation model for segmentation, SAM demonstrates strong
generalization capability in the domain of digital rock images, and this
adaptability is likely to extend to other geoscientific imaging tasks as
well. To further examine this potential, we explored SAM’s performance
on seismic image, distributed acoustic sensing (DAS) VSP data, syn-
thetic aperture radar (SAR) image, and remote sensing image, as illu-
strated in Fig. 8. The visualized feature maps reveal that, even without

Fig. 7. Visualization of SAM encoder feature maps for digital rock images.

Fig. 8. Visualization of SAM encoder features across different geoscientific imaging modalities. (a) Seismic image, (b) distributed acoustic sensing (DAS) VSP data,
(c) synthetic aperture radar (SAR) image, and (d) remote sensing image.
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domain-specific fine-tuning, SAM effectively captures fundamental re-
presentations such as textures, edges, and structural patterns. These
features are essential not only for segmentation but also for down-
stream tasks including classification and denoising (Sheng et al., 2024).
Compared with the feature maps obtained from digital rock images, it is
evident that certain geoscientific image types align more readily with
SAM’s segmentation logic. This contrast underscores the particular
difficulty of digital rock image segmentation, where subtle pore–matrix
transitions and fine-scale heterogeneity present far greater challenges.

5. Conclusion

Intelligent image segmentation faces enduring challenges, particu-
larly the scarcity of annotated data and the need for robust general-
ization across diverse domains. In this study, we proposed DRI-SAM, a
domain-adaptive segmentation framework that combines LoRA-en-
hanced fine-tuning of SAM’s encoder with automated prompt genera-
tion via a pretrained U-Net. This design enables accurate and stable
segmentation of digital rock images, effectively tackling boundary
ambiguity, textural heterogeneity, and limited supervision. Despite
being trained on a small, homogeneous dataset, DRI-SAM demonstrates
strong generalization across a wide range of rock types, voxel resolu-
tions, and imaging sources. Its performance remains competitive even
on complex carbonate and cross-modality images, significantly out-
performing traditional segmentation networks and original SAM var-
iants. These results highlight the effectiveness of prompt-guided adap-
tation for scientific image domains and suggest that foundation models
like SAM, when appropriately tuned, can serve as powerful tools for
digital rock physics. Beyond digital rock physics, the findings suggest
that foundation models like SAM hold great promise for broader
geoscientific imaging tasks. When properly adapted, they can achieve
robust feature extraction and generalization, which are equally critical
in these domains. Future research will further extend DRI-SAM to 3D
scenarios, multiphase segmentation, and integration with downstream
physical simulations to maximize its applicability in earth science.
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