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ABSTRACT

Micro-Computed Tomography (uCT) is an indispensable non-destructive technique for characterizing the internal microstructures of
materials like porous media, but any quantitative analysis hinges on accurate image segmentation—a task complicated by image noise, poor
contrast, and intricate features. While deep learning, and the U-Net architecture in particular, has shown considerable promise in automating
this process, this study presents a comparative analysis between the standard U-Net and a bespoke, modified architecture for segmenting
multi-phase micro-computed tomography (uCT) images of Bentheimer sandstone. Our modified U-Net introduces several architectural
enhancements: optimized convolutional blocks for superior feature extraction, spatial dropout for more effective regularization, and L2 weight
regularization to mitigate overfitting. We trained both models on 2D slices from two core samples and subsequently evaluated them against
an independent blind test set of 1872 slices from a third core, which contained four distinct phases: porosity, quartz, clay, and feldspar. The
quantitative results reveal that the modified U-Net decidedly outperforms its standard counterpart, achieving a macro-averaged Dice
Similarity Coefficient (DSC) of 0.92 versus 0.88, and a macro-averaged Intersection over Union (IoU) of 0.85 versus 0.80. Most notably, our
model demonstrated substantial gains in segmenting the challenging minority phases; the DSC for clay surged from 0.71 to 0.85, and for
feldspar, it rose from 0.85 to 0.87, all while maintaining stable performance on the majority phases of porosity and quartz. These statistical
improvements are corroborated by qualitative visual assessments, which confirm superior boundary delineation and a reduction in
misclassifications. Ultimately, our findings indicate that the proposed architectural refinements yield a more accurate and robust segmentation
model for micro-computed tomography (uCT) imagery, providing a more reliable foundation for downstream Digital Rock Physics (DRP)
applications critical to the mining and geo-engineering sectors, such as geomechanical stability assessment and mineral liberation analysis.
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1. Introduction

The characterization of porous media remains a cornerstone of
geoscience and engineering, with profound implications for fields as
diverse as hydrocarbon recovery, CO; sequestration, groundwater
management, and geothermal energy [1, 2]. In the mining sector, this
characterization is equally critical, forming the basis of geometallurgical
models that predict ore processability, optimizing mineral liberation
and recovery, and assessing the geomechanical and hydrogeological
stability of mine structures from pit slopes to underground excavations
[3, 4]. The ability to accurately predict fluid flow—a complex interplay
of microstructural architecture, fluid properties, and interfacial
phenomena—is of paramount importance [5, 6, 7]. In this context,
Bentheimer sandstone serves as a ubiquitous model rock. Its relative
homogeneity and well-documented properties make it an ideal
benchmark for validating novel analytical techniques and conducting
fundamental pore-scale investigations [8, 9, 10]. This standardization
fosters comparability and ensures the robustness of research findings, as
seen in studies where multi-phase distributions in Bentheimer have
yielded critical insights into oil recovery mechanisms [5]. The advent of
Micro-Computed Tomography (uCT) has revolutionized the study of
porous media. By enabling non-destructive 3D imaging of internal

structures and fluid transport at the pore scale, it has opened new
windows into subsurface processes [1, 11, 12]. Capable of resolutions
from the micron to sub-micron level, micro-computed tomography
(uCT) preserves the integrity of the sample and uniquely allows for in-
situ imaging under representative laboratory conditions [7, 13, 14]. The
voluminous 3D datasets generated by this technique are indispensable
inputs for Digital Rock Physics (DRP) analyses and advanced
computational simulations [5, 15]. Crucially for the mining industry,
micro-computed tomography (uCT) is emerging as a transformative
tool for process mineralogy, enabling three-dimensional mineral
liberation analysis (MLA). This technique provides quantitative data on
the volumetric distribution and locking characteristics of valuable
minerals within the ore matrix, information that is essential for
optimizing comminution circuits and downstream separation processes
like flotation and leaching [3, 4]. However, the sheer scale of micro-
computed tomography (uCT) data necessitates the development of
automated, fast, and highly reliable image processing and segmentation
workflows [1, 13].

Digital Rock Physics (DRP) offers a computational pathway to
predict petrophysical properties like porosity and permeability directly
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from high-resolution 3D micro-computed tomography (uCT) images,
thereby complementing or even replacing traditional, often destructive,
laboratory measurements [16, 17, 181. The central aim of DRP is to forge
a direct link between a rock's microstructure and its macroscopic
behavior, which is essential for improving reservoir characterization and
optimizing resource management [6]. Beyond fluid flow, the DRP
workflow is now integral to geomechanics, where high-fidelity digital
rock models are used to simulate mechanical properties and predict
failure mechanisms [19]. By accurately representing the rock's
microstructure, including mineralogy, porosity, and micro-fractures,
these simulations provide critical insights into rock mass strength and
deformability. This capability is paramount in mining engineering for
applications such as analyzing the stability of underground openings,
characterizing the excavation damaged zone (EDZ), and modeling the
behavior of open-pit slopes [20]. A typical DRP workflow begins with
image acquisition, followed by preprocessing, segmentation, and finally,
the numerical computation of physical properties [16]. Within this
workflow, image segmentation—the partitioning of an image into its
distinct material phases—stands out as the most critical step [12, 17, 21].
The fidelity of the segmentation directly governs the reliability of all
subsequently derived petrophysical properties and flow simulations [6,
18, 221.

Even subtle inaccuracies in delineating phase boundaries can cascade
into significant errors in estimating pore volume, connectivity, and
tortuosity, particularly in complex multi-phase systems [5, 231. This
'segmentation bottleneck' has direct and severe consequences for
engineering applications [3]. In mineral processing, for instance,
inaccurate phase delineation leads to erroneous mineral liberation
estimates, resulting in suboptimal grinding strategies and reduced
metallurgical recovery [4]. In geomechanics, the failure to accurately
segment micro-fractures and mineral boundaries can lead to unreliable
predictions of rock strength and failure pathways, potentially
compromising the safety and design of mining excavations [19, 20]. It is
therefore no exaggeration to state that high-precision segmentation is a
prerequisite for realizing the full potential of DRP [20, 24].

Traditional segmentation algorithms, such as thresholding and
watershed methods, often struggle when applied to complex micro-
computed tomography (uCT) images. They are easily confounded by
imaging noise, artifacts, partial volume effects, and the overlapping
grayscale intensities of different mineral phases [16,17, 25, 26, 27]1. These
methods frequently depend on manual parameter tuning, which
introduces user bias and can be computationally demanding. The
resulting inaccuracies in segmentation can severely compromise the
integrity of DRP analyses [21, 24, 28]. The growing complexity of micro-
computed tomography (uCT) datasets only accentuates the urgent need
for more sophisticated segmentation solutions. Deep learning, and
Convolutional Neural Networks (CNNs) in particular, has ushered in a
new era for computer vision and is finding increasingly powerful
applications in the geosciences [6, 29, 301.

CNNs possess the remarkable ability to automatically learn
discriminative, hierarchical features directly from raw data, thereby
obviating the need for manual feature engineering and enabling the
capture of highly complex patterns [16]. Architectures like Fully
Convolutional Neural Networks (FCNNs) have proven exceptionally
effective at segmenting intricate structures, even in the presence of
significant image imperfections [16, 31, 32]. The U-Net model, first
proposed by Ronneberger et al. (2015) [33], has become a de facto
standard for semantic segmentation in biomedical imaging and is
rapidly gaining traction in the geosciences and DRP [10, 34, 35, 36]. Its
elegant U-shaped encoder-decoder structure, augmented with skip
connections, masterfully fuses deep, semantic features with shallow,
high-resolution spatial information.

This design enables both precise localization and the delineation of
fine-grained boundaries [20, 30], making it particularly well-suited for
resolving the complex inter-grain textures in multi-mineral ores and the
subtle features of micro-fracture networks in geological materials [20,
21]. The proven effectiveness of U-Net, even with limited training data,
and its inherent adaptability make it a robust foundation for DRP
applications [34, 37, 38]. However, the standard U-Net architecture is
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not without its limitations. To achieve optimal performance on complex,
multi-phase micro-computed tomography (uCT) images of geological
materials—which present subtle intensity variations, noise, and diverse
features—strategic enhancements are necessary [16, 20, 35, 391
Architectural modifications are therefore aimed at improving accuracy,
robustness, and efficiency by tailoring the model to the specific
challenges posed by geological images [37, 40].

This study puts forth a modified U-Net architecture that incorporates
several such enhancements: optimized convolutional blocks, spatial
dropout, and L2 regularization. Depthwise separable convolutions are
employed to reduce the parameter count and computational footprint
compared to standard convolutions. This allows for faster training and
inference and can lead to improved accuracy by mitigating overfitting, a
crucial consideration for large datasets [35, 37, 41, 42]. We also integrate
spatial dropout, a regularization technique that randomly nullifies entire
feature maps during training. This forces the network to learn a more
diverse and robust set of features, an approach that is particularly
advantageous for segmentation tasks [22, 40, 43, 44, 45].

Finally, L2 regularization (or weight decay) is applied to penalize
large model weights, which encourages simpler models that are less
susceptible to noise in the training data and thus generalize better to
unseen examples [40, 46]. By combining these improvements, we aim
to develop a modified U-Net architecture that is not only
computationally efficient and robust but also specifically tailored for the
high-precision segmentation of complex scientific imagery.

To test these modifications, this paper presents a comparative
evaluation of the standard U-Net against our proposed modified
architecture for the task of segmenting multi-phase micro-computed
tomography (uCT) images of Bentheimer sandstone. The primary
contribution of this work is an empirical assessment of whether these
targeted modifications translate into tangible improvements in
segmentation performance within the context of DRP [20]. Our central
hypothesis is that the modified U-Net will demonstrate superior
computational efficiency due to its optimized convolutional blocks,
while also achieving enhanced generalization and segmentation
accuracy as a result of the spatial dropout and L2 regularization,
ultimately leading to more reliable phase delineation. This increased
reliability is particularly consequential for geo-engineering. For
example, the ability to accurately segment challenging minority phases,
such as clays, is critical as their presence can disproportionately govern
the rock's hydro-mechanical behavior and the efficiency of mineral
processing [3]. Therefore, our hypothesis is that these targeted
architectural modifications will produce a segmentation model whose
outputs can serve as more robust and trustworthy inputs for the DRP-
based mineralogical and geomechanical simulations that inform
modern mine design and operation.

The remainder of this paper is structured as follows: Section 2 details
the methodology, including the dataset, model architectures, training
procedures, and evaluation metrics. Section 3 presents and discusses the
comparative results. Finally, Section 4 offers our conclusions,
summarizing the key findings and their implications, and suggests
avenues for future research.

2. Methodology

This section outlines the experimental framework used to compare
the standard U-Net architecture against our proposed modified U-Net
for segmenting multi-phase micro-computed tomography (pCT)
images of Bentheimer sandstone. We describe the dataset, detail the
preprocessing and data augmentation techniques, specify the
architectures of both models, and explain the training protocol and
quantitative evaluation metrics.

21 Dataset description

The dataset for this study comprises pCT images of Bentheimer
sandstone, which were previously characterized by Liang et al. (2022)
[47]1. Each image slice contains four distinct phases: porosity, quartz,
clay, and feldspar, as illustrated in Figure 1.
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Figure 1. An example of the data augmentation process on a pCT image slice. The top row displays the original preprocessed slice from Sample A (far left) alongside five
examples of randomly generated augmented images. The bottom row shows the corresponding ground-truth segmentation masks, which have undergone the exact same
random transformations. This process was employed to expand the training dataset and enhance the model's generalization capabilities. The legend identifies the four

distinct phases: Pore, Quartz, Clay, and Feldspar.

The dataset for this study comprises micro-computed tomography
(uCT) images from three distinct Bentheimer sandstone core samples,
designated A, B, and C, with each core containing 1872 2D image slices.
The volumetric distribution of the four constituent phases for each core
sample is detailed in Table 1. A key characteristic of this dataset is the
significant class imbalance, with porosity and quartz representing the
vast majority of the volume, while clay and feldspar constitute
challenging minority phases, collectively accounting for less than 5% of
the total volume in each sample. This low prevalence presents a
significant challenge for segmentation algorithms, as these minority
phases are critical for accurate geomechanical and mineralogical
analysis. To ensure a rigorous and unbiased evaluation of the models'
generalization capabilities, the entirety of core sample C (1872 slices)
was held out as an independent blind test set.

For the development of the training and validation sets, data was
sourced from core samples A and B. Given that the manual annotation
of ground truth labels for micro-computed tomography (uCT) images
is a meticulous and time-intensive process, we adopted a sparse
sampling strategy to create a high-quality, manageable dataset.
Specifically, we selected slices at 100-slice intervals from both core A and
core B, yielding 20 unique slices from each. This resulted in a total pool
of 40 annotated 2D images. This pool was then randomly partitioned,
with 80% (32 slices) allocated to the training set and the remaining 20%
(8 slices) designated for the validation set.

2.2, Preprocessing and data augmentation

To prepare the micro-computed tomography (uCT) images for the
models, a standardized preprocessing workflow was applied to all 2D
slices (Figure 2). Initially, the pixel intensities of the grayscale images
were normalized to a [0, 1] range by dividing each pixel's value by the
maximum possible intensity. Following normalization, all image slices
and their corresponding labels were resized to a uniform dimension of
512x512 pixels using bilinear interpolation to ensure dimensional
consistency and manage the computational load.

To enhance model robustness, improve generalization, and mitigate
the risk of overfitting on the limited training set, a series of data
augmentation techniques were applied on-the-fly during the training
process. These transformations, which were applied randomly and
identically to both the input images and their segmentation masks to
maintain spatial correspondence, included random rotations within a +
15 degree range and random horizontal and vertical flips, each with a
50% probability.

Additionally, the augmentation strategy involved random zooming,
where images were scaled between 90% and 110% of their original size,
followed by cropping or padding to restore the 512x512 dimension. The
dataset was further diversified through random shearing with an
intensity range of +0.05 and random translations that shifted images
horizontally and vertically by up to +10% of their dimensions.

2.3. Model architectures

We implemented and compared two U-Net-based architectures: a
standard U-Net serving as our baseline, and a modified U-Net
incorporating our proposed enhancements.

231 Standard U-Net

The baseline model employed in this study is a classic U-Net
architecture, characterized by its symmetric encoder-decoder structure
and the use of skip connections to merge low-level and high-level
feature maps.

The encoder, or contracting path, is composed of four blocks
designed for feature extraction and downsampling. Each block contains
two sequential 3x3 convolutional layers, with each layer followed by
Batch Normalization and a ReLU activation function. To reduce spatial
dimensions, a 2x2 Max Pooling operation with a stride of 2 is applied
after each block. As the data progresses through the encoder, the
number of feature channels doubles at each step, increasing from an
initial 64 to 512. At the base of the "U" lies the bottleneck layer, which
consists of two 3x3 convolutional layers (also with Batch Normalization
and ReLU) and operates on 1024 feature channels, capturing the most
abstract features.

The decoder, or expansive path, symmetrically mirrors the encoder
to reconstruct the segmentation map. It consists of four blocks, where
each block begins with a 2x2 transposed convolution for upsampling, a
process that halves the number of feature channels. The upsampled
feature map is then concatenated with the corresponding feature map
from the encoder via a skip connection, a critical step that allows the
network to recover fine-grained spatial information. This combined map
is subsequently processed by two 3x3 convolutional layers with Batch
Normalization and ReLU. Through the decoder, the feature channels
are progressively halved from 1024 back down to 64. Finally, the output
layer utilizes a 1x1 convolution to map the 64-channel feature map to
the four output classes (porosity, quartz, clay, and feldspar), followed by
a Softmax activation function to generate pixel-wise class probabilities.

2.3.2. Proposed modified u-net

Our modified U-Net architecture (Figure 3) preserves the core
encoder-decoder structure and skip connections of the standard U-Net
but integrates the following key enhancements to improve
regularization and feature extraction:

Optimized Convolutional Blocks (Encoder): We replaced the
standard pair of 3x3 convolutions in each encoder block. Our modified
blocks consist of two sequential units, each comprising a 3x3 depthwise
separable convolution (a depthwise followed by a 1x1 pointwise
convolution), Batch Normalization, and a ReLU activation. This change
is designed to improve both computational efficiency and feature
representation.
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Table 1. Volumetric phase distribution for the three Bentheimer sandstone core samples.
Phase Sample A (%) Sample B (%) Sample C (Test Set) (%)
Porosity 196 234 253
Quartz 754 739 724
Clay 28 0.8 10
Feldspar 22 19 13

Main Dataset: Micro-CT
images of Bentheimer

Three core samples: A, B, and
Core sample C | €— C (each contains 1872 2D Core samples Aand B

slices)

Sampling strategy: select slices
Blind test set: all 1872 slices alevery 00 sten
from core sample C ¢

Final sampled dataset = 20
4— slices from A + 20 slices from B

=40 unique 2D images

Preprocessing steps

Pixel intensity normalization:
Convert to [0, 1] by dividing by
255

| —

Resize images and masks
using bilinear interpolation

Random data split

20% 80%
| Validation set: 8 slices (20%) | J l

¥

Model training and validation

Ii On-the-fly data augmentation:

Rotation (+15°)
Vertical/Horizontal flip (50%)
v Scale (90-110%)

v Cropping/padding
<— Final trained model Shear deformatio_n (£0.05)
Random translation (£10)

Training set: 32 slices (80%) |

Final model evaluation on
unseen data

Figure 2. Flowchart of the complete data processing pipeline. The diagram illustrates the workflow from the initial splitting of core samples into training, validation, and
blind test sets, through preprocessing and on-the-fly data augmentation, to the final model evaluation.

4 256 2% 4
128 ¢ 256 256 128 128 ¢
192 192 64 64 &
4 Vs /
% 9 32 32 ¥
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B MaxPool O SpatialDropout2D 2 26 RS
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Figure 3. Architecture of the proposed modified U-Net model.
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1. Optimized Convolutional Blocks (Encoder): We replaced the
standard pair of 3x3 convolutions in each encoder block. Our
modified blocks consist of two sequential units, each comprising a
3x3 depthwise separable convolution (a depthwise followed by a 1x1
pointwise convolution), Batch Normalization, and a ReLU
activation. This change is designed to improve both computational
efficiency and feature representation.

2. Spatial Dropout: After each max pooling operation in the encoder,
we inserted a spatial dropout layer with a rate of 0.25. This form of
dropout nullifies entire feature maps, providing a more structured
regularization that is particularly effective for convolutional layers.

3.L2 Regularization: We applied L2 weight regularization (weight
decay) with a penalty factor of 1x10™* to the kernels of all
convolutional layers across the entire network (encoder, bottleneck,
and decoder). This discourages excessively large weights, promoting
simpler models that are less prone to overfitting. The L2 penalty is
added to the loss function as follows:

A 2
Ltotal = Lorigina] + HZL wi (1)

where A is the regularization coefficient and N is the total number of
weights.

The remaining components of the modified U-Net—the bottleneck,
decoder path, and output layer—follow the same structural principles as
the standard model (e.g, standard 3x3 convolutions in the decoder),
with the crucial difference that L2 regularization is also applied to their
convolutional layers.

2.4. Training setup and procedure

To ensure a fair and direct comparison, the training protocol was kept
identical for both the standard and modified U-Net models. The Adam
optimizer [48] was employed for model training, with an initial learning
rate set to 1 x 107* To facilitate dynamic adjustments during training, a
reduce learning rate on plateau scheduler was utilized, which decreased
the learning rate by a factor of 0.1 whenever the validation loss stagnated
for five consecutive epochs. The models were trained using the
categorical cross-entropy loss function, which is highly suitable for
multi-class semantic segmentation tasks. The loss for a single pixel is
calculated using the categorical cross-entropy function, a standard
choice for multi-class classification tasks in deep learning [49]:

Lecg = — 2ty y log (Pc) (2)

where M is the total number of classes; the summation is performed
over each class index c; y, is a binary indicator (1 if class c is the true
class for the pixel, and 0 otherwise); and p.is the model's predicted
probability that the pixel belongs to class c.

The training was conducted with a batch size of 8, a choice dictated
by the available 8 GB of VRAM on the NVIDIA RTX 3070 Ti GPU used
for all experiments. Models were set to train for a maximum of 100
epochs. However, an early stopping mechanism was implemented to
prevent overfitting; training was halted if the validation loss did not
improve for 15 consecutive epochs, and the model weights from the
best-performing epoch were restored for final evaluation.

2.5. Evaluation strategy

The segmentation performance of the trained models was
quantitatively assessed on the independent blind test set (Sample C).
We used the following standard pixel-wise metrics, calculated for each
of the four phases and then macro-averaged for an overall score:

1. Dice Similarity Coefficient (DSC): Measures the overlap between

prediction and ground truth, calculated as 2 X %
2. Intersection over Union (IoU) / Jaccard Index: Quantifies the

similarity between the predicted and ground truth areas, given by
IXny|
Ixuy|
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3. Pixel Accuracy (PA): The fraction of correctly classified pixels. This
metric is commonly used for evaluating semantic segmentation
performance [30, 31] and is defined as:
where the summation is over all M classes, indexed by c¢; TP_c

represents the number of true positives (pixels correctly classified) for

class ¢; and FP_c represents the number of false positives (pixels

incorrectly classified as class c).

Beyond these quantitative measures, we also performed a qualitative
visual comparison of the segmentation outputs on representative slices
from the test set. This allowed us to assess the practical quality of the
boundary delineations, particularly for minority phases and at complex
interfaces.

3. Results and evaluation

This section presents a comprehensive comparative analysis of the
segmentation performance of the standard U-Net and our proposed
modified U-Net. The evaluation was performed on the independent
blind test set (Sample C), which contains 1872 pCT slices, to provide a
robust measure of how well each model generalizes to new data. Our
analysis integrates quantitative metrics, qualitative visual assessments,
and a discussion of the practical implications and computational
overhead.

3.1 Quantitative Performance Analysis

We quantified the segmentation performance of both models using
macro-averaged Dice Similarity Coefficient (DSC), Intersection over
Union (IoU), and Pixel Accuracy across the four phases (porosity,
quartz, clay, and feldspar). To dig deeper, we also computed these
metrics on a per-phase basis, which is crucial for understanding how the
models handle the challenging minority mineral phases.

3.11 Overall segmentation metrics

The macro-averaged performance metrics, summarized in Table 3,
clearly demonstrate the superiority of the modified U-Net architecture.
Compared to the standard U-Net, our modified model achieved a 4.25%
increase in DSC, a 6.33% increase in IoU, and a 2.79% increase in pixel
accuracy.

These aggregate results strongly suggest that the architectural
enhancements—optimized convolutional blocks, spatial dropout, and
L2 regularization—collectively contribute to a more accurate and
reliable segmentation of these complex multi-phase microstructures.

3.12. Per-phase segmentation metrics

To gain a more granular understanding of model behavior, we
analyzed the DSC and IoU scores for each individual phase, as detailed
in Tables 4 and 5. The per-phase results are particularly revealing and
underscore the modified U-Net's primary advantage. As established in
Table 1, the dataset is characterized by a pronounced class imbalance,
with clay and feldspar being significant minority phases. For instance, in
the blind test set (Sample C), clay constitutes merely 1.0% of the total
volume. This low prevalence is directly correlated with the standard U-
Net's poor performance, which achieved a DSC of only 71.4% for this
phase. In contrast, the modified U-Net achieved a DSC of 84.7% for clay,
marking a remarkable 18.63% improvement.

The IoU score showed an even more dramatic gain of 32.32% for this
challenging phase. This demonstrates that the architectural
enhancements, particularly the stronger regularization, enabled the
model to learn discriminative features from a very limited number of
examples. Crucially, this substantial improvement for minority phases
did not come at the expense of the majority phases (porosity and
quartz), where performance remained stable and high. This capability
to accurately identify low-abundance components is precisely what
makes the model more robust for real-world DRP applications where
such phases can govern the overall rock behavior.
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Table 2. Summary of Key Differences Between Standard and Modified U-Net Models.

Feature Standard U-Net Modified U-Net
Encoder Convolution Standard Convolution Depthwise Separable Convolution
Kernel L2 Regularization None Yes (factor 1x107* in all sections)
Bias L2 Regularization None Yes (factor 1x10™* in all sections)
Spatial Dropout None 2D Spatial Dropout with rate 0.25 in encoder
Decoder Convolution Standard Convolution Standard Convolution
Optimizer & Learning Rate Adam with rate 1x1073 Adam with rate 1x1073
Kernel Initializer he_uniform he_uniform
Table 3. Overall segmentation performance on the blind test set (sample c).
Improvement Standard U-Net Modified U-Net Improvement
Dice Similarity Coefficient (%) 88.0 91.7 +4.25
Intersection over Union (%) 80.2 85.2 +6.33
Pixel Accuracy (%) 90.0 92.5 +2.79
Table 4. Per-phase dice similarity coefficient (dsc) on the blind test set (sample c).
Phase (%) Standard U-Net Modified U-Net Improvement
Porosity 983 98.0 -037
Quartz 97.2 96.9 -023
Clay 714 84.7 +18.63
Feldspar 85.0 87.2 +2.62
Table 5. Per-phase intersection over union (iou) on the blind test set (sample c).
Phase (%) Standard U-Net Modified U-Net Improvement
Porosity 96.7 96.0 -072
Quartz 94.5 941 - 045
Clay 55.6 735 +3232
Feldspar 73.9 773 + 464

3.2 Qualitative visual evaluation

A visual inspection of the segmentation results offers crucial practical
insights that complement the quantitative metrics. Figure 4 provides a
side-by-side comparison of the original pCT image, the ground truth,
the standard U-Net output, and the modified U-Net output for
representative slices from the test set.

A qualitative analysis of these slices consistently underscores the
superior performance of the modified U-Net. The key visual
improvements directly translate to more reliable outcomes in mining
and geo-engineering applications:

1. Improved Delineation of Minority Phases: The modified U-Net
excels at identifying small, dispersed clay particles which the
standard U-Net often misses or misclassifies (Figure 4). This is a
direct reflection of its superior quantitative performance on this
phase, despite clay only constituting 1.0% of the test sample's
volume (Table 1). This capability is critically important in both
mineral processing and geomechanics. In mineral processing,
accurately identifying clay is vital because it can adversely affect
flotation and dewatering processes. In geomechanics, the presence
and distribution of clays significantly influence the rock's hydro-
mechanical properties, such as strength and swelling potential,
which are key inputs for assessing the stability of pit slopes and
underground excavations.

2.Sharper and More Accurate Inter-Phase Boundaries: The
boundaries between all phases are delineated with greater precision
by the modified U-Net. This translates directly to more accurate 3D
Mineral Liberation Analysis (MLA). Precise boundary definition is

the foundation for calculating the degree to which valuable
minerals are locked with gangue. An accurate MLA model, built on
a high-fidelity segmentation like ours, allows engineers to optimize
grinding energy and reagent dosage, thereby enhancing
metallurgical recovery.

3.Reduced Misclassification and Noise: The cleaner segmentation
maps from the modified U-Net, with fewer misclassified pixels,
indicate greater robustness. For DRP-based simulations, this
reduces uncertainty. When simulating fluid flow for mine
dewatering studies or stress distribution for stability analysis,
spurious misclassifications can introduce significant errors into the
model, leading to unreliable predictions. Our model's output
provides a more trustworthy digital twin of the rock fabric.

4. Better Preservation of Fine Structures: The modified U-Net does a
better job of preserving subtle structural details, both within the
pore space and in complex mineral arrangements, resulting in a
more faithful representation of the true microstructure.

These visual improvements strongly corroborate the quantitative

findings and highlight the practical value of the architectural
enhancements for producing high-fidelity segmentations.

3.3. Training dynamics and model stability

To assess the learning behavior and stability of the models, we
analyzed their training and validation loss curves over the course of
training (Figure 5). These curves, especially the validation loss, offer
insight into how well the models generalize and whether they are prone
to overfitting.
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The standard U-Net model (left, Figure 5) displayed considerable
volatility in its validation loss, with prominent spikes (e.g, to values
above 0.6) around epochs 5 and 15. This erratic behavior suggests
instability in the learning process and a tendency to overfit the small
training dataset, which can compromise the model's reliability on new
data.

In stark contrast, the modified U-Net (right, Figure 5) demonstrated
far greater stability. After a few initial epochs, its validation loss curve
follows a much smoother, more consistent downward trend that closely
tracks the training loss. This stability is a clear testament to the positive
impact of the architectural modifications—spatial dropout and L2
regularization—in mitigating overfitting and enhancing the model's
ability to generalize. This stable learning behavior aligns perfectly with
the model's superior performance on the blind test set (Tables 2-4). Both
models benefited from an early stopping mechanism, which ensured
they were evaluated at their peak performance on the validation set.
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Figure 5. Training and validation loss curves for the standard (up) and modified
(down) U-Net models during training.

3.4. Computational considerations

A brief comparison of the computational costs reveals a modest trade-
off. The modified U-Net, with its depthwise separable convolutions and
additional regularization steps, has a slightly larger number of trainable
parameters (an increase of about 7-9%) compared to the standard U-
Net. From a practical engineering standpoint, this marginal increase in
computational cost is highly justified by the substantial gains in
segmentation accuracy and model reliability. The cost of inaccurate
geological or geomechanical models in mining—which can lead to
inefficient mineral recovery or, in the worst case, catastrophic slope or
tunnel failure—far outweighs the minor additional investment in
computational resources during the model training phase. Therefore,
this represents a highly favorable trade-off for any application where
high-fidelity ~microstructural characterization is paramount to
operational success and safety.

4. Conclusion

In this study, we conducted a systematic comparative evaluation of a
standard U-Net architecture against a bespoke, modified U-Net for the
challenging task of multi-phase segmentation of pCT images of
Bentheimer sandstone. Our primary goal was to determine whether
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targeted architectural enhancements—specifically, the integration of
optimized convolutional blocks, spatial dropout, and L2
regularization—could yield significant improvements in segmentation
accuracy and robustness over a conventional baseline.

The comprehensive evaluation, conducted on a large, independent
blind test set, unequivocally demonstrated the superiority of the
modified U-Net architecture. Quantitatively, our model achieved higher
macro-averaged scores across all key metrics. Most critically, the model
delivered substantial improvements in the segmentation of challenging,
low-abundance minority phases like clay—which comprised only 1.0%
of the test data—an enhancement that is vital for the reliability of
subsequent geomechanical and mineral processing simulations.

These quantitative gains were further validated by qualitative visual
assessments, which revealed that the modified U-Net produced cleaner
segmentation maps with sharper inter-phase boundaries and superior
preservation of fine structural details. These significant performance
improvements were realized with only a modest increase in model
parameters and computational time, signaling a highly advantageous
trade-off.

The principal contribution of this work is the demonstration that a
synergistic combination of architectural modifications can markedly
elevate the performance of U-Net models for complex pCT image
segmentation, thereby providing a more trustworthy input for Digital
Rock Physics (DRP) workflows. We posit that the optimized
convolutional blocks enhanced feature extraction capabilities, while the
dual regularization strategies effectively curtailed overfitting and
promoted better generalization.

While these results are highly encouraging, our findings are based on
a single, albeit standard, type of porous medium. Future research should
extend this work along several promising avenues. Evaluating the
proposed architecture on a wider array of geological samples,
particularly ore-bearing rocks and samples from excavation-damaged
zones, would be a valuable next step. Adapting these enhancements to
fully 3D U-Net frameworks could unlock further benefits for volumetric
segmentation.

In conclusion, the modified U-Net architecture presented here offers
a tangible improvement over the standard U-Net, directly addressing a
critical bottleneck in the DRP workflow. By providing a more accurate,
robust, and reliable tool for segmenting complex microstructures, this
work contributes to enhancing the fidelity of downstream models used
in the mining and geo-engineering sectors. Ultimately, a more accurate
segmentation foundation leads to more reliable predictions of rock mass
behavior and mineral processing efficiency, contributing to safer and
more economically viable engineering designs.
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