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Abstract: Thin section rock identification is a complex task, primarily constrained by the extraction of
complex minerals and the acquisition of large-scale labeled data. This paper proposes a thin section
rock identification method designed for few-shot labeled data, which enables the segmentation and
identification of various rock minerals with minimal labeled data. The SAM model is used for mineral
particle extraction, combined with the focal loss function, transfer learning, and the integration of
multiple classification models to identify thin sections. The prediction process is evaluated at multiple
levels. Ultimately, the method achieved the extraction and identification of 11 minerals using only 38
labeled data samples, with an identification accuracy of 91%. This approach significantly reduces the
cost of manual labeling, requiring only a small amount of labeled data and minimal training effort to
identify specific mineral classes.The source code of the proposed method are available at

https://github.com/Xuerenbujianhua/SAMRocks

Keywords: Few-shot; Rock thin section; Semantic Segmentation; Integrated learning
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1. Introduction

Thin section rocks not only reflect the rock type, mineral composition, microstructure, grain size,

sorting, and rounding of rocks but also reveal the pore-throat structure and other reservoir

characteristics, making them an important basis for analyzing sedimentary environments. They are a

crucial tool for geologists in studying rock genesis and geological evolution. Thin section rock

identification is an indispensable part of geological research. Traditional thin section identification

typically relies on manual visual inspection, which is inefficient and limited by the operator’s

experience, leading to potential inaccuracies. With the help of deep learning models, the automation of

thin section rock analysis can be significantly improved, reducing human errors, minimizing subjective

influence on the identification results, and enhancing both efficiency and accuracy. Researchers have

employed image processing and deep learning techniques to extract information from thin section rocks,

proposing various methods for rock classification, lithology identification, and mineral segmentation.

These methods aim to accommodate multiple scenarios and tasks, greatly enhancing analysis speed and

consistency, and driving the automation and quantitative progression of geological research.

In recent years, the intelligent identification of thin rock sections has garnered increasing attention

in geological engineering and petroleum exploration. Traditional manual identification methods rely

heavily on the expertise of geologists, who analyze the microscopic features of rocks under a

microscope. These methods, however, suffer from inefficiencies, subjectivity, and difficulties in

precise quantification. To improve the efficiency and accuracy of rock thin-section identification,

numerous researchers have proposed various machine learning-based automated identification methods.

Classification and segmentation are the two primary tasks in intelligent thin-section identification.

Classification tasks (Xu et al. 2022Error! Reference source not found.) can be divided into two
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categories: one focuses on categorizing entire thin sections by rock type, while the other involves

classifying individual minerals. Segmentation refers to extracting mineral particles from an entire thin

section and identifying their categories (Izadi et al. 2020; Tang et al. 2020). In terms of classification,

methods such as ResNet-18 (Xu et al. 2020), MLP-NN (Borazjani et al. 2016), and the region-growing

algorithm (Asmussen et al. 2015) have been effectively employed to identify minerals like sandstone

and carbonate rocks. For segmentation tasks, approaches like support vector machine classifiers

(Naseri and Resaei Nasab 2023), enhanced SLIC algorithms (Jiang et al. 2018), CNNs (Niu et al.2020),

and extinction consistency perception networks (Zhang et al. 2024) have been utilized to extract and

identify minerals such as quartz and feldspar. These studies employ diverse datasets, including CPPID

data and multi-angle polarized light images (Zhang et al. 2020; Obara 2007; Zhang et al. 2019). For

classification, the Inception-v3 and Xception models (Ma et al. 2021) achieved 90% and 98.65%

accuracy using datasets of 5,000 and 10,000 thin sections, respectively. The SENet model (Izadi et al.

2017) achieved 90.89% top-level classification accuracy on a hierarchical dataset containing 105

classes. For segmentation, support vector machine classifiers achieved 99.25% accuracy using 75 thin

sections, while a model combining deep forest and K-means SMOTE (Zhu et al. 2023) reached 97.17%

accuracy with 3,000 images. Karimpouli and Tahmasebi (Karimpouli and Tahmasebi 2019) generated

20,000 image instances from 20 Berea sandstone images using data augmentation techniques, which

enabled the training, validation, and testing of a deep convolutional autoencoder network. Their model

achieved 96% classification accuracy on the test set, demonstrating the feasibility of improving

accuracy through data augmentation under low-label conditions for sandstone. Previous studies often

used data derived from casting thin sections or thin sections of specific minerals (Iglesias et al. 2011).

These methods, while effective for certain minerals, lack generalizability and transferability due to the
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diverse and complex mineral compositions in rocks. Furthermore, training data requirements for

classifying entire thin sections are substantial (Liu et al. 2022), and long training cycles are necessary

due to the complexity of mineral compositions. The professional expertise required for semantic

segmentation of thin sections adds to the challenge, as generating accurate segmentation labels is

labor-intensive and difficult. To address these challenges, this study proposes a generalizable

intelligent identification framework for thin rock sections. The proposed approach achieves

multi-mineral recognition using only a minimal amount of labeled data, enabling the identification of

various minerals with low labor and training costs. This framework is transferable across different

study areas and mineral types, making it highly adaptable and cost-effective.
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Fig.1: Model Architecture. Image extraction using pre-trained models, taking ResNet-18 as an

example.
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2. Materials and Methods

2.1 Dataset

To validate the adaptability and transferability of the proposed approach, the datasets used in this

study were sourced from public available collections, covering multiple regions and different

geological environments. These datasets include a wide range of thin section rock images, ensuring that

the model can adapt to the geological characteristics of different areas and improve its generalization

ability in real-world applications. The data was reorganized, classified, and statistically analyzed, with

a selection of representative mineral types labeled manually by geological experts. The labeling process

for each image took an average of 1.5 hours. A total of 38 labeled training images were obtained,

containing 11 mineral types. The list of mineral categories and their corresponding labels is shown in

Table 1.

2.2 Introduction to SAM

SAM (Segment Anything Model) is a general-purpose image segmentation model based on the

Vision Transformer (ViT) architecture, which has been trained on large-scale datasets. The goal of the

model is to simplify the image segmentation process, enabling users to quickly segment semantic

information from images in various applications. Currently, SAM has been applied in multiple fields,

such as tumor segmentation, organ recognition, autonomous driving, and virtual reality (VR), among

others. Therefore, the model architecture for image identification of rock thin sections has been

designed based on SAM model (Fig 1).

Although SAM has the capability for zero-shot segmentation, it still has many limitations in

downstream tasks. As shown in Fig 2, for fine-grained segmentation tasks, some particles can be well

segmented, while the segmentation performance degrades when the surrounding environment is darker.



103 However, there are many obstacles to overcome in order to improve the SAM model in the absence of

104 labeled thin section rock data. Additionally, the segmentation results from SAM do not include

105 semantic information, meaning the categories of mineral particles are not identified, which poses a

106 severe challenge for rock thin section identification.

107
108 Fig.2: SAM particle segmentation results.
109 Table 1: Mineral types and thin section label count statistics.

. Secondary ) Fourth-Level
Primary Category Tertiary Category . .
Category Classification
Quartz Sandstone Quartz
. Quartz
Glauconite Quartz .
Plagioclase
Sandstone i
Muscovite
Clastic Rock Quartz
Arkose ]
Plagioclase
. Quartz
) Feldspathic ]
Sedimentary Rock Plagioclase
Sandstone .
Muscovite
.\ Calcite
Dolomitic Rock i
Dolomite
. Quartz
Carbonate Rock Crystalline Rock i
Anhydrite
) Calcite
Limestone .
Dolomite
Ultramafic Rock Peridotite Olivine
Quartz
Igneous Rock ..
Mafic Rock Gabbro Olivine

Pyroxene



Plagioclase

Hornblende
Intermediate L Pyroxene
Diorite .
Rock Plagioclase
Quartz
Quartz
Felsic Rock Granite Plagioclase
Muscovite
Andalusite Hornfels Aphanocrystalline
Hornfels o Cordierite
) Cordierite Hornfels )
Metamorphic Rock Aphanocrystalline
. . . Quartz
Schist Muscovite Schist )
Muscovite
110 3. Experimental Process
111 3.1 Particle Extraction and Preprocessing
112 First, the SAM model is used to segment the rock thin section images, and mineral particles are

113 extracted from the segmented images (Chen et al. 2023). However, SAM performs poorly in

114 downstream tasks and suffers from over-segmentation, resulting in substantial noise in the particle

115 extraction, such as 1x1 pixel images or mineral lines that do not contain meaningful mineral

116 characteristic information. This increases the training burden and negatively impacts model

117 performance. Therefore, it is necessary to filter the extracted mineral particle data. This is achieved by

118 calculating the particle pixel area size and the proportion of valid information in the entire image,

119 followed by area (pixel) filtering and line threshold filtering.

120 Additionally, due to the limited number of original labels and the small number of extracted

121 particles, data augmentation is necessary to ensure the model’s generalizability (Wang et al. 2022). The

122 choice of data augmentation methods and the extent of augmentation can significantly affect model

123 performance. Considering that the interference colors and shape features of different minerals under the

124 microscope are critical for mineral identification, this study employs contrast, clarity, translation,



125 zooming, and rotation of five augmentation techniques (Fig 3) to increase the sample size and

126 introduce noise without altering the crystal optical properties of the minerals.
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128 Fig.3: Data Augmentation Methods
129 3.2 Training Set Division
130 The scarcity of labeled data adds complexity to the evaluation of prediction results. To enable a

131 reasonable assessment of the prediction outcomes, the data is divided in detail, and training and

132 evaluation are conducted at three levels (Table 2).

133 First, the 38 thin section images are divided into a primary training set and test set. Thirty thin

134 section images are used as the training set, while the remaining eight thin sections are used as the test

135 set. The mineral species in both the training and test sets are consistent, and the training and test sets

136 for the same mineral species are from the same region.

137 Next, particle extraction is performed on the 30 thin section images, which contain 12 categories

138 (11 mineral species and 1 scale bar), resulting in the extraction of 4,129 mineral particles. These



139 particles are then divided into a secondary training set and test set in an 8:2 ratio, with the training set

140 containing 3,303 mineral particles.

141 Finally, the secondary training set is augmented five times, and the augmented data is then divided

142 into a tertiary training set and validation set in an 8:2 ratio. As a result, the training set contains 12,012

143 mineral particles. This division method evaluates the prediction quality at both the particle level

144 (granular level) and the thin section level (pixel level), allowing for a more comprehensive assessment

145 of the prediction results and model performance.

146 Table 2: Dataset division method.
Thin Number Number Data
Particle-Level Quant  Evaluati
Section-Lev  of Thin of Augmentatio i
Division ity on Level
el Division Sections Particles n
Third-Level Particle-L
o 12,012
Second-Level 3.003 Training Set evel
First-Level Training Set ’ Third-Level Particle-L
o 30 o 3,003
Training Set Validation Set evel
Second-Level Particle-L
751 \ \
Test Set evel
First-Level Particle-L
8 \ \ \ \
Test Set evel
147
148 3.3 Particle Classification
149  3.3.1 Loss Function
150 The loss function plays a crucial role in the model, as it directly determines the optimization

151 direction and final performance. Before constructing the model, the number of occurrences for each

152 mineral category was counted. It was found that the frequency of different mineral particles in the thin

153 sections varies significantly, resulting in severe data imbalance (Fig 4). This imbalance causes the

154 model to focus more on the minerals that appear more frequently during training, while neglecting
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those that appear less often, which severely impacts the model's generalization ability, training

performance, and evaluation method. Therefore, we chose the focal loss as the model's loss function.
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Fig.4: Bar chart of mineral categories and quantities in the Secondary Training Set before data

augmentation.

Focal loss is a loss function designed to address class imbalance by improving upon the
cross-entropy loss. It reduces the loss value for easily classified samples, allowing the model to focus
more on hard-to-classify samples. Experiments have shown that focal loss outperforms both the
cross-entropy loss function and the weighted cross-entropy loss function. Therefore, focal loss is
adopted in model construction to tackle the data imbalance issue.

FL(py) = —a:(1 — py)Y log(pe)
3.3.2 Transfer Learning

In the field of deep learning, a pre-trained image classification model refers to a deep neural
network architecture that has been trained on a large-scale dataset. These models exhibit significant
generalization capabilities by learning feature representations from a vast amount of image data.

Previous research has utilized various neural network architectures to classify rock thin section images.
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However, this study focuses on a more detailed particle-level classification task, which has distinct data

characteristics compared to previous research, thus requiring a re-evaluation of model performance.

Given this, the study adopts a transfer learning strategy, selecting five pre-trained models that

have demonstrated excellent performance in rock thin section image classification. These models

include ResNet-18, ResNet-50, ResNet-152, DenseNet-121, and MobileNetV2. These models were

further trained and evaluated for performance in the context of this study.

Parameter settings play a crucial role in model training and image processing(Table 3).

Specifically, a larger image size (img size) can provide more visual information but increases the

computational complexity of the model. The batch size refers to the number of samples processed

during each gradient update. A larger batch size helps obtain more stable gradient estimates but requires

more memory resources. Conversely, a smaller batch size may speed up model iterations but can lead

to larger fluctuations in gradients.

The learning rate controls the step size for each weight update. A learning rate that is too high may

cause the model to skip over the global optimum during optimization, preventing convergence, while a

learning rate that is too low results in an excessively slow training process and may cause the model to

get stuck in a local optimum.

Additionally, the area and line thresholds are used during the data preprocessing phase to filter out

unnecessary redundant information, directly influencing the quality of the training data. Due to the

limited training data, data augmentation is necessary. However, a too-low augmentation factor may

prevent the model from learning mineral features effectively, while a too-high factor may lead to

overfitting. Therefore, reasonable parameter settings are essential. Through a series of experiments, this

study determined a set of parameters that optimize the use of computational resources while
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maintaining model performance. All experiments were conducted using these parameters to ensure the

reliability and effectiveness of the results.

Table 3: Model Training Hyperparameter Settings.

Paramet Line Data

Paramet batch .

img size . er Area Threshol Augmentati
er Name size .

Setting d on Factor
Paramete
. 224%224 32 0.01 150 0.15 5

r Setting

Given the complexity and diversity of rock mineral particles, different classification models may

exhibit varying performance in the mineral particle recognition task. By analyzing the trends in training

accuracy and loss values (Fig 5), it can be observed that all five pre-trained image classification models

converge quickly and achieve high accuracy and low loss values in the later stages of training.

Furthermore, as shown in Fig 6, although the models perform similarly in terms of accuracy and loss,

there are significant differences in their training times.

Therefore, considering both training accuracy and training time as key factors, the ResNet-18,

DenseNet-121, and MobileNet v2 models are able to maintain high classification accuracy over a

shorter training period. As shown in Fig 7, the prediction accuracy for all models on the validation set

is above 90%. Furthermore, Fig 8 demonstrates that ResNet-18, DenseNet-121, and MobileNet v2

perform well on the secondary test set, with the accuracy for each mineral exceeding 80%. These

models not only effectively extract key data features of mineral particles from rock thin sections but

also exhibit stronger generalization capabilities under the same experimental conditions, resulting in

superior performance in mineral particle recognition tasks. Additionally, regardless of the length of the

mineral test samples, the accuracy remains at a high level, effectively addressing the data imbalance

issue.
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3.4 Integrated Model

By reintegrating the identified mineral particles back into the original rock thin section images, the
particle segmentation and prediction results for the entire thin section can be obtained. Pixel-level
evaluation is then performed using the labeled data from the test set. As shown in Fig 9, ResNet-18,
MobileNet _v2, and DenseNet-121 perform well in recognizing most mineral categories. However,
there are variations in recognition performance across different mineral categories. To enhance the
model's generalization ability and improve the accuracy of prediction results, this study adopts a voting
method to combine these three well-performing models, creating an ensemble model. This ensemble
model achieves the highest recognition accuracy across all mineral categories.

Fig 10 shows the confusion matrix for the ensemble model's classification results, where a large
number of elements concentrated along the diagonal indicate the high reliability of the model's
classification outcomes. This result further confirms the advantages of the ensemble model in the
mineral particle recognition task. By integrating the predictions from multiple models, the ensemble
approach effectively improves both the accuracy and robustness of the recognition. This method not

only fully leverages the complementary strengths of each model but also reduces the biases that may



239 exist in a single model, thereby yielding more stable and reliable results in the classification and

240  recognition of mineral particles.
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4. Discussion

Based on the analysis above, this study successfully trained and evaluated a model capable of

identifying 11 types of minerals using 38 rock thin section images. A multi-level evaluation method

was employed to reduce the quantity of training data, which further validated the feasibility and

reliability of the proposed approach. Specifically, as shown in Table 4, the highest accuracy for mineral

identification at the particle level reached 86.1%, while the pixel-level accuracy was 91.1%.

Fig 11 shows the prediction results for different rock thin sections when SAM is combined with

various classification models. Through model integration, the prediction accuracy was significantly

improved. This phenomenon indicates that integrating the predictions from multiple models enhances

overall recognition performance, bringing the results closer to the true labels.

Through the study, it was found that the lower bound of the final prediction accuracy is mainly

constrained by three factors. First, the training images only utilized orthogonal light images of the rock

thin sections, without incorporating polarized light images, resulting in a limited amount of information

extracted from the images. Additionally, mineral colors in the thin section exhibit certain variations at

different angles. The use of only a single orthogonal light image, rather than a sequence of orthogonal

light images, leads to the loss of some mineral information, which causes a decrease in accuracy.

Moreover, the segmentation results of the SAM model also impose certain limitations on the final

accuracy. Some particles were not segmented, leading to incomplete particle coverage in the images

and, consequently, a reduction in accuracy.

Nevertheless, overall, compared to the true labels, the ensemble model still achieved excellent

prediction results.
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270 These results indicate that, despite the limited number of training samples, the proposed model
271 and method can effectively identify and classify mineral particles in rock thin sections. The high
272 particle-level and pixel-level accuracy further confirm the model's effectiveness and robustness in
273 mineral identification tasks. By comprehensively utilizing evaluation metrics at different levels, this
274  study not only improved the model's performance but also enhanced the reliability of the results,
275  providing a feasible solution for the automatic recognition of mineral particles in rock thin sections.
276 Table 4: Overall Accuracy at Different Levels
Thin
Particle-L Data
Section-L Evaluatio  densenetl Mobilent_  integrated
evel Augmenta Resnet50 Resnetl8 Resnetl52
evel n Levels 21 v2 model
Division tion
Division
Third-Lev .
. Second-Le o Particle-Le
First-Level el Training \ \ \ \ \ \
L vel vel
Training o Set
Training . .
Set Third-Lev  Particle-Le
Set | | 0.98 0.97 0.97 0.97 0.98 \
e ve




Validation

Set
Second-Le )
Particle-Le
vel Test \ i 0.859 0.846 0.855 0.833 0.855 0.861
ve
Set
First-Level Pixel-Leve
\ \ 0.843 0.847 0.853 0.825 0.833 0.911
Test Set 1
277 5. Conclusions
278 This study focuses on orthogonal light rock microscopic images, combining the SAM semantic
279 segmentation model with pre-trained classification models for mineral segmentation and identification
280 in rock thin sections. The main conclusions are as follows:
281 (1)Efficient Data Utilization: By training with only 30 labeled rock thin section images and testing
282 with 8 labeled images, this study successfully achieved the segmentation and identification of 11 types
283 of minerals. The overall prediction accuracy reached 91.1%, demonstrating the advantage of the
284  proposed method in terms of data utilization efficiency.
285 (2)Comprehensive Evaluation Process: A detailed evaluation process was established, conducting
286 a comprehensive assessment of the model’s prediction results from both particle-level and pixel-level
287 perspectives. This validated the rationality and reliability of the prediction results, providing solid
288 evidence to support the model's performance.
289 (3)Systematic Comparison and Model Integration: A systematic comparison of different image
290 classification models was performed for mineral particle recognition tasks. A voting method was used
291 to integrate the top-performing ResNet-18, MobileNet v2, and DenseNet-121 models, resulting in an
292 ensemble model with higher prediction accuracy, further optimizing the recognition performance.
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(4)Few-shot Identification Method: A rock thin section identification method suitable for few-shot

data was proposed. This method can complete mineral identification in rock thin sections under

conditions of limited thin section image labels and low-cost training.

This approach provides a solution to the problem of data augmentation for rock thin section image

labels, effectively addressing the difficulty of acquiring labeled thin section data. Through multi-angle

evaluation, the reliability of the prediction results was verified, offering new insights for the field of

rock thin section image analysis.
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