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Fig. 6 Comparison of grayscale histograms and image results before and a er applying Contrast-Limited
Adaptive Histogram Equalization (CLAHE). ele panels represent the grayscale histogram and an example
image before CLAHE, while the right panels show the corresponding resultsa er CLAHE enhancement.

Mudstone Sandstone Shale
Label Description Black pixels indicate pores, white Black pixels indicate pores, white pixels indicate | Black pixels indicate pores, white pixels indicate
pixels indicate background background background
Image Size (pixels) 512 % 512 512 < 512 512 x 512
Field of View (m) 1.89~3.79 87.04 0.41~500.38
Resolution (um/pixel) | 0.0037~0.0074 0.1700 0.0008~0.9773
Magni cation 40,000 . %,Zogggdi,OOOx, 5,000, 10,000, 30,000, 100,000,
Count 2477 1152 11325

Table 2. Detailed Overview of the Final Processed Rock SEM Dataset.

Subsequently, to maintain consistent image size and increase the total number of images, all images were
cropped to a size of 512 % 512 pixels. Images with a corresponding porosity of less than 0.1%, which were essen-
tially blank, were removed. e nal dataset consists of 2,477 mudstone images, 1,152 sandstone images, and
11,325 shale images. With this step, the dataset construction was completed, and we refer to the resulting dataset
as cigRockSEM. Table 2 provides detailed information about the nalized constructed dataset.

Data Records

e cigRockSEM dataset is available at Zenodo (https://doi.org/10.5281/zenodo.14988631)%. A er download-
ing and extracting the archive, a root directory named data is created, containing three subdirectories corre-
sponding to the three lithologies: mudstone, sandstone, and shale. Each subdirectory contains two folders, imgs
and masks, where imgs stores the pre-processed SEM images in PNG format with a resolution of 512 < 512
pixels, and masks stores the corresponding segmentation-label lesin PNG format. e lenames in imgs and
masks are identical, enabling direct one-to-one pairing between each image and its ground-truth mask.

Technical Validation

A er constructing the dataset, we evaluated four traditional image segmentation algorithms and two deep
learning-based semantic segmentation methods to thoroughly assess their performance in the subsequent
experimental phase.

Benchmarking Traditional Image Segmentation Methods on cigRockSEM. Otsu’s
method. Otsu’s method is a global thresholding technique that selects an optimal threshold by minimizing the
intra-class variance of grayscale pixel intensities. It assumes that the image contains two distinct pixel classes,
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Fig. 7 Schematic Diagram of the U-Net Architecture®.

Name Parameter

GPU Model Tesla V100-PCIE-32GB
Memory 32GB

Operating System Linux

Programming Language Python 3.9

Deep Learning Framework Pytorch

Loss Function Cross Entropy Loss
Optimizer RMSprop

Epoch 100

Batch Size 16

Table 3. Hardware and So ware Con guration for Training U-Net Model.

typically foreground and background, and performs best when the grayscale histogram shows a clear bimodal
distribution®®.

In this study, Otsu’s method was applied directly to the grayscale SEM images in the cigRockSEM dataset
without any additional preprocessing. It served as a simple baseline for evaluating segmentation performance.
For sandstone samples, where pores typically exhibit strong contrast against a relatively uniform matrix, this
method yielded reasonable results. However, its e ectiveness decreased signi cantly in shale and mudstone
images, where grayscale histograms are 0 en more complex and lack a distinct separation between pore and
non-pore regions.

Adaptive Mean  resholding. Adaptive mean thresholding is a local binarization method that determines
the threshold for each pixel based on the average grayscale intensity within a surrounding neighborhood. It is
designed to adapt to local variations in intensity and is 0 en used in images with uneven lighting or complex
texture®s.

In this study, we applied adaptive mean thresholding to the grayscale SEM images in the cigRockSEM dataset
as a comparative method alongside global thresholding. Although it introduces local adaptability, the segmenta-
tion results were generally comparable to those obtained using Otsu’s method. In many cases, the method exhib-
ited sensitivity to noise and produced fragmented regions in areas with weak contrast or structural complexity.

Watershed Algorithm. e watershed algorithm is a classical image segmentation technique derived from top-
ographic analysis. In this approach, a grayscale image is interpreted as a three-dimensional relief surface, where
higher pixel intensities correspond to elevated regions and lower intensities represent valleys. e algorithm
identi es local minima as initial catchment basins and simulatesa ooding process. As the simulated water level
rises, adjacent basins expand until they intersect, forming watershed lines that delineate region boundaries®.

In this study, the watershed algorithm was applied to the cigRockSEM dataset to segment pore structures
from grayscale SEM images. e method showed reasonable e ectiveness in segmenting well-de ned pore
spaces, particularly in sandstone samples with distinct morphological boundaries. However, in  ne-grained
lithologies such as mudstone and shale, where textures are more heterogeneous and pore boundaries less dis-
cernible, the algorithm o en resulted in signi cant over-segmentation. is is primarily due to its sensitivity to
local grayscale variations and image noise, which limit its applicability in such contexts.

K-means Clustering.  K-means clustering is an unsupervised learning algorithm that partitions data into K
clusters by minimizing the within-cluster sum of squared distances to the cluster centroids. In image segmenta-
tion tasks, each pixel is treated as a data point in a low-dimensional feature space, typically based on grayscale
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Fig. 8 Schematic Diagram of the DeepLabv3+ Architecture®.

Name Parameter

GPU Model Tesla V100-PCIE-32GB
Memory 32GB

Operating System Linux

Programming Language Python 3.9

Deep Learning Framework PyTorch

Backbone ResNet-101

Loss Function Cross Entropy Loss
Optimizer Stochastic Gradient Descent
Epoch 100

Batch Size 16

Table 4. Hardware and So ware Con guration for Training DeepLabv3+ Model.

or color intensity. In this study, we applied K-means clustering with K = 2 to the grayscale SEM images in the
cigRockSEM dataset to separate pore and non-pore regions. Each image was reshaped into a one-dimensional
array of pixel intensities, and clustering was performed using the standard implementation provided by
scikit-learn. A er clustering, the cluster with the lower average intensity was identi ed as the pore phase®.

K-means produced relatively clean segmentation results in high-contrast sandstone images, where pore
regions exhibit intensities clearly distinct from the surrounding matrix. However, in shale and mudstone sam-
ples, overlapping grayscale distributions and weak contrast o en led to inaccurate classi cation and poorly
de ned boundaries. e method also showed sensitivity to initialization and lacked spatial context, which fur-
ther limited its performance in complex rock microstructures.

Benchmarking Deep Learning Methods on cigRockSEM.  U-Net. U-Net is a widely used convo-
lutional neural network (CNN) architecture®, featuring a symmetric encoder-decoder structure. s architec-
ture consists of two parts: the encoder extracts deep features from the input image, while the decoder combines
multi-scale features from the encoder to produce the nal segmentation output.  isdesigne ectively integrates
featuresat di erent scales, enabling the model to perform well in image segmentation tasks. e speci c architec-
ture used in this study is shown in Fig. 7.

e U-Net model was trained using the dataset constructed in this study. e training and testing sets were
splitinaratioof 8:2. e speci ¢ parameters used during training, as well as the platform used, are shown in
Table 3. A er training, the segmentation performance of the model was evaluated on the test set.

DeepLabv3+. e DeepLabv3+ model, proposed by the Google Research team, is an advanced semantic
segmentation model*. DeepLabv3+ shares a similar Encoder-Decoder architecture with the U-Net model. Its
encoder typically uses a pre-trained convolutional neural network (such as ResNet or Xception) as a feature
extractor, in this study, we used ResNet-101 as the backbone, which e ectively captures high-level semantic
information from the input image. Building on this, DeepLabv3+ incorporates the Atrous Spatial Pyramid
Pooling (ASPP) module, which extracts multi-scale features using convolutional Iters with di erent dilation
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Fig. 9 Comparison of segmentation results using di erent methods on SEM images of rock samples. e rst
row shows the original images, with shale in the rst two columns, sandstone in the next two, and mudstone in
the last two. e second to seventh rows display the segmentation results using Otsu’s method, adaptive mean
thresholding, watershed algorithm, K-means clustering, U-Net, and DeepLabv3+, respectively. e red regions
highlight the detected pore structures. e eighth row shows the corresponding ground truth labels.

rates. is enhances the model’s ability to capture context at various scales. Additionally, the model’s decoder
progressively restores spatial resolution, improving segmentation boundary accuracy. The structure of
DeepLabv3+ used in this study is shown in Fig. 8.

e DeepLabv3+ model was trained using the dataset constructed in this study. e training and testing
sets were splitinaratio of 8:2. e speci ¢ parameters used during the training process, as well as the platform
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Otsu’'s | Adaptive Mean | Watershed | K-means
method resholding Algorithm | Clustering | U-Net | DeepLabv3+
acc 0.8011 | 0.6846 0.8189 0.8044 0.9267 | 0.9317
F1 0.8514 | 0.7589 0.8706 0.8536 0.9522 | 0.9223
Mudstone
Recall | 0.7951 | 0.6359 0.8364 0.7998 0.9715 | 0.9318
mloU | 0.7637 0.6159 0.7879 0.7677 0.7940 0.8583
acc 0.9247 |0.8923 0.9346 0.9149 0.9880 | 0.9837
F1 0.9443 0.9243 0.9524 0.9325 0.9910 |0.9781
Sandstone
Recall | 0.9068 |0.8671 0.9325 0.8972 0.9905 | 0.9808
mloU | 0.9045 |0.8647 0.9174 0.8948 0.9272 | 0.9573
acc 0.5758 | 0.5624 0.6400 0.5729 0.9753 | 0.9809
shal F1 0.7137 | 0.7089 0.7656 0.7103 0.9769 | 0.8488
ale
Recall | 0.5684 | 0.5532 0.6366 0.5652 0.9936 | 0.8507
mloU | 0.5656 | 0.5506 0.6320 0.5625 0.6358 | 0.7639

Table 5. Segmentation Performance Comparison for Traditional and Deep Learning Methods.

employed, are shown in Table 4. A er training, the segmentation performance of the model was evaluated on
the test set.

To provide a comprehensive comparison of the performance of four traditional image segmentation algo-
rithms (Otsu’s method, adaptive mean thresholding, watershed algorithm, and K-means clustering) and two
deep learning-based segmentation methods (U-Net and DeepLabv3+) on various rock SEM images, systematic
tests are conducted on an identical set of rock SEM images. e segmentation results of these six methods for
mudstone, sandstone, and shale samples are presented in Fig. 9. e red regions highlight the identi ed pore
areas, providing a clear visual basis for comparing the performance of these methods. As illustrated, traditional
algorithms, including Otsu’s thresholding, adaptive mean thresholding, the watershed algorithm, and K-means
clustering, yield comparatively better performance on sandstone, where pore geometry is relatively simple,
but still fail to delineate small pores and precise boundaries.  eir e ectiveness drops further for mudstone
and shale, where pore networks are more intricate. Although other image segmentation techniques exist, most
require manual tuning of multiple parameters or involve complex iterative processes, limiting their practicality
for fast and accurate segmentation of rock SEM images. In contrast, the deep-learning models deliver superior
results across all three lithologies, clearly demonstrating a greater capacity to handle complex pore structures.

To enable a fair comparison, we quantitatively evaluate four traditional algorithms (Otsu, adaptive mean
thresholding, watershed, and K-means) and two deep-learning models (U-Net and DeepLabv3+). e evalu-
ation metrics include accuracy, recall, F1 score, and mean intersection over union (mloU), as summarised in
Table 5. Accuracy denotes the proportion of correctly classi ed pixels; recall measures how completely each
class (pore or background) is retrieved; the F1-score is the harmonic mean of precision and recall; and mloU is
calculated by averaging the Intersection over Union (loU) for each class. loU is the ratio of the intersection of
predicted and true regions to the union of these regions. In our dataset, due to the class imbalance, the pore class
typically occupies a small portion of the image, which results in a lower IoU for the pore class and a higher loU
for the background class. By using mloU, we obtain a single value that provides a comprehensive re ection of
the model’s performance across both categories, 0 ering a more balanced representation of segmentation con-
sistency. Across the three lithologies the convolutional models consistently outperform the classical algorithms.
In sandstone, where pore geometry is comparatively simple, classical methods already achieve accuracies above
0.93, yet DeepLabv3+ further increases mloU to 0.96, indicating sharper boundary delineation. In mudstone,
DeepLabv3+ reaches an mloU of 0.86, approximately eight percentage points higher than the best classical
algorithm, while U-Net produces the highest F1-score (0.95). For shale, the most challenging lithology, the best
classical mloU falls below 0.64; DeepLabv3+ maintains 0.76 and U-Net retains an F1-score close to 0.97, high-
lighting the robustness of convolutional networks to strongly anisotropic and irregular pore systems. Overall,
the deep-learning models not only deliver higher average scores but also exhibited greater robustness to litho-
logical variability, markedly improving ne-scale pore detection and the global consistency of the segmentation
in samples with complex microstructures.

All evaluations and comparisons in this study are based on manually annotated ground truth labels. While
the annotation process may be in uenced by human subjectivity, we make e orts to follow standardized labeling
protocols to minimize potential bias. e cigRockSEM dataset holds signi cant potential for both academic
research and industrial applications. It can be used to train deep learning models for automated pore detection,
support statistical analysis of microstructural pore characteristics, and serve as a pretraining foundation for
transfer learning across various geological settings. Nonetheless, there remains substantial room for improve-
ment. In future work, we plan to enhance the cigRockSEM dataset along several dimensions. First, the inclusion
of additional reservoir lithologies, such as igneous or metamorphic rocks, could improve the dataset’s geolog-
ical diversity and representativeness. Second, leveraging more advanced SEM systems and adopting standard-
ized imaging parameters could further improve image quality and consistency. ird, increasing the number
of high-quality annotated images would contribute to better model training and generalization performance.
It is also worth noting that the current dataset only includes binary pore annotations. Future versions could
expand the semantic scope to include mineral phases, lithological textures, or structural components, thereby
supporting a broader range of geoscienti ¢ and machine learning tasks. We believe these enhancements will
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signi cantly improve the scienti c utility and application value of the cigRockSEM dataset in both geoscience
and Al-assisted rock analysis.

Data availability

The cigRockSEM dataset used in this study is publicly available at Zenodo: https://doi.org/10.5281/
zen0do.14988631. The dataset is provided in PNG format. Additional details on the dataset contents, file
structure, and variable descriptions are provided in the Data Records section.

code availability
e code for deep learning training and inference, as well as the implementation of traditional methods for
benchmarking, is available at https://github.com/Zhangyao2414/cigRockSEM_dataset.
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