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Abstract

Large models perform better than traditional deep learning methods in terms
of generalization and continuous learning capabilities, but the application of
large models in vertical fields still needs to be developed. This study attempts
to apply large models to the field of geological image segmentation, based on
the Stable Diffusion model. By fine-tuning a small number of samples in geo-
logical image aspects of the model, combined with prompt word engineering,
the model realizes automatic division of geological profile images. Experi-
mental results show that large models can achieve vertical domain tasks down-
stream with small sample fine-tuning and prompt word engineering.
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1. Research Background

Early image segmentation was mainly based on traditional methods such as thresh-
old segmentation, edge detection, and region growth, which were based on under-
lying image features, relied on hand-designed features, had limited ability to handle
complex scenes, lighting changes, noise, etc., and insufficient segmentation accu-
racy and robustness, making it difficult to meet the segmentation requirements
for complex images in practical applications. At the beginning of the 21st century,
deep learning emerged, bringing revolutionary changes to image segmentation.
Convolutional neural networks can automatically learn advanced features of im-
ages. The proposal of deep learning architectures such as fully convolutional net-

works, U-Net, Mask R-CNN, etc. has greatly improved the accuracy and efficiency
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of segmentation, making breakthrough progress in image segmentation technol-
ogy. It can process more complex images and promote the rapid development of
image segmentation research. Image segmentation has important applications in
several fields. In medical imaging analysis, it can identify tumors or organs and
assist doctors in diagnosis and treatment; in industrial production, it can detect
product defects; in the field of remote sensing, it can segment aerial or satellite
images into different features such as farmland, cities, forests, etc., for resource
investigation and environmental monitoring. Demand in these areas has driven
the development of image segmentation technologies [1] [2].

With the development of deep learning, large models have emerged. These are
neural network models with vast numbers of parameters capable of handling mul-
tiple types of input, including text, images, audio, and video. Unlike traditional
deep learning models that can only process a single type of data, multimodal large
models can integrate different types of data, extract useful information, and com-
bine them to achieve better prediction and reasoning [3] [4].

The development of traditional single-modal models is already well established,
both in the fields of text, images, speech, and video. However, in the multimodal
field, high-quality multimodal annotation data is often difficult to obtain. There-
fore, multimodal pre-training models are also constructed based on Transformer-
like pre-training through large quantities of unannotated multimodal data. When
processing downstream tasks, reasoning is performed through a small number of
samples or even zero-sample prompts. The Vision Transformer model was the
first model to pioneer the application of the Transformer in the field of computer
vision [5]. The experimental results also proved that its performance exceeded the
most powerful CNN model in the field of computer vision at the time. The Vide-
oBERT model is the first model to apply the Transformer to the multimodal field,
demonstrating the tremendous value and potential of the Transformer in this do-
main. This model is widely used in tasks such as video generation, video descrip-
tion, video question answering, and video action classification, proving the feasi-
bility of the “large-scale multimodal pretraining model + few-shot fine-tuning”

approach [6]-[9].

2. Technical Principle

2.1. Stable Diffusion Regulation Mechanism

Stable Diffusion is a variant of the diffusion model called the “potential diffusion
model.” Developed by the company Stability Al, its purpose is to eliminate the
continuous application of Gaussian noise to the training image and can be con-
sidered as a series of denoising autoencoders. Stable Diffusion consists of three
parts: variational autoencoder, U-Net, and a text encoder. Training VAE converts
images into a low-dimensional latent space. The process of adding and removing
Gaussian noise is applied to this potential representation, and the final denoising
output is then decoded into the pixel space. During forward diffusion, Gaussian

noise is iteratively applied to the potential characterization of compression. Each
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denoising step is accomplished by a U-Net architecture containing the middle of
the residual neural network, which obtains a potential characterization by de-
noising from the forward diffusion in the reverse direction. Finally, the VAE de-
coder generates an output image by converting the characterization back into
pixel space. The denoising step can be conditional on a text string, an image, or
some other data. The encoding of the conditioning data is exposed to the archi-
tecture of the denoising U-Net by means of a cross-attention mechanism. To reg-
ulate the text, a pre-trained fixed CLIP ViT-L/14 text encoder was used to convert

the prompt word into an embedding space (Figure 1).
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Figure 1. Stable diffusion flowchart.

2.2. Forward and Reverse Diffusion Processes of Stable Diffusion

The forward diffusion process is the stepwise addition of Gaussian noise to the
input image. Noise addition is accomplished more quickly using the following

closure formula, resulting in a specific time step directly obtained T Noise im-

Zt=\/:20+«/1—a€ (1)

Due to the high computational cost, the reverse diffusion process is not directly

age:

computable and can only be approximated by training the neural network
Py (2112, - The loss function is as follows:

Lior = Et,zo,c,y ["61 —6 (Zt 47 (y))”z} @

7, =\Jaz, +\1-ae (3)

where 7,(y) is the input adjustment.

2.3. LoRA Fine-Tuning

Stable Diffusion is a large model that generates images. It is trained and fine-tuned
using a small number of segmented-style images. The model has the ability to
generate corresponding segmented images based on the original image. Its central
idea in the fine-tuning process is to introduce small, low-rank matrices in the de-
cisive hierarchy of the model to achieve fine-tuning of the model’s behavior with-

out drastically modifying the entire model structure.
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As shown in Figure 2. During training, first fix the other parameters of Stable
Diffusion, and adjust only the parameters of the two new matrices. Add the results
of the new channel to the Stable Diffusion model to obtain the final result. The
input is a vector, FIGW is a fully connected layer of the model, which is a matrix,
and A and B are low-rank matrices. First, the weight parameter of the first matrix
A is initialized using the Gaussian distribution, and then the weight parameter of
the second matrix B is set to a zero matrix to ensure that the newly added channel
BA = 0 at the beginning of training does not affect the prediction result of the
large model. The results on both sides are added to obtain the most intermediate
result,h = WX + BAX = (W + BA)X. Therefore, only the trained matrix BA needs
to be added to the original weight matrix W.

A R

NS R

xC——

Figure 2. Fine-tuning process.

3. Experimental Design Arrangements

Stable Diffusion’s LoORA model was trained with a small number of label pictures.
The LoRA model was incorporated into the Stable Diffusion model, and then the
geological profile map not learned by the model was input into the Stable Diffu-
sion model, and a similar label map was generated by fine-tuning a small number
of samples and prompting of prompt words. Refine the edges of the generated
images to create more intuitive segmented images, using the Segment Anything
Model (Figure 3).

Image Processing and Model Integration
Input Label Refine Label

Image Combine Models Image

The process begins with The Laro model is A new image is input The segment anything
inputting a label image combined with the stable into the newly model refines the
for training. diffusion model. generated model. generated label image.

Produce Label
Train Laro Model Image

The Laro model is A new stable diffusion The model produces a
trained using the input model is created from corresponding label
label image. the combination. image.

Made with Z Napkin

Figure 3. Experimental flowchart.

DOI: 10.4236/jcc.2025.1310007

120 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.1310007

M. C. Zhao, Z. H. Ma

During the experiment, it was found that the factors affecting the model gener-
ation effect are mainly reflected in the following two aspects: the control propor-
tion of prompt words and the control proportion of the model’s own ability to
generate autonomously.

The dataset [10] selected during the experiment is a public dataset from the
SFM model. This dataset is the largest pre-training dataset in the field of seismic
exploration, including various sedimentary patterns, structural features, geologi-
cal body distributions, and signal-to-noise ratios. During the experiment, the
LoRA model was trained using different datasets. It was found that when the num-
ber of datasets is too large, the loss of the trained LoORA model is high. The smallest
loss that can be obtained after multiple rounds of training is around 0.04. With a
large number of datasets in the training process, there are more common features
that need to be learned, and a model with a smaller loss value cannot be obtained.
Therefore, there is no need for excessive data when selecting a dataset; selected
and representative partial data can make the training loss value smaller and can
also better capture the types of images in the dataset. During the training, four
label images were selected to train the LoORA model. In the “selection training da-
taset,” only the corresponding label diagram is included. The original diagram
corresponding to the label is not selected. During training, the model can only
learn the common features of the images in the label. The images tested in the
experiment and the corresponding label diagram are not added to the training
dataset.

Parameters for training the LoORA model: training batch of 50 rounds, UNet
learning rate of 1e—4, text learning rate of le—5, optimizer is AdamW8bit, and the
model is trained with fp16 accuracy. When the loss of the trained LoRA model is
large, the style of the picture cannot be learned accurately. The picture generated
after the fusion of the LoORA model generated by the label picture and the original
Stable Diffusion model works better. The following graph shows the loss value,
UNet learning rate, and text encoder learning rate changes during LoRA training

(Figure 4 and Figure 5).
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Figure 4. LoRA training loss change chart.
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Figure 5. LoRA training UNet learning rate change chart.

Prompt words and Classifier-Free Guidance scale: The prompt word writing of
the Stable Diffusion model has certain specifications. In the experiment, the best
control of the generated prompt words was attempted: 8 k, Ultra-high resolution,
&lt;lora:vail:1&gt;, Tile, Smooth Edges. Prompt words generally first describe the
quality of the generated picture, and then specify other requirements for the gen-
erated picture. Under the condition that the Stable Diffusion model has the ability
to generate independently at 0.53, Figure 6(a) is the original input image; Figure
6(b) shows that when the LoRA model is not added, the generated image contains
a large number of other elements and irregular graphics; Figure 6(c) shows that
when adding the LoRA model, the generated image can better reflect the charac-
teristics of the original image, but the boundary part is too blurry. The most suit-
able Classifier-Free Guidance scale when generating the image is between 7 and
8. An excessive proportion will cause the generated image to be blurry and have
too many elements, preventing the image from being automatically recognized by
the Segment Anything Model for refined segmentation.

TR :“ e g’)’;"‘ £ ‘."4;";%\’ ,. < a4
@ (b)

Figure 6. Different prompt word control ratio generation diagram.

The Denoising Strength of the Stable Diffusion model. When the prompt word
is fixed, the characteristics of the original image and the Denoising Strength of the
Stable Diffusion model will be relied on in the process of generating the label im-
age. Through repeated verification and cross-contrast of a large number of exper-
iments, the proportion of the most suitable Denoising Strength is between 0.4 and

0.6, which is adjusted in real time according to different situations generated.
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The picture below shows the images generated when the proportion of different
Denoising Strength is varied. Figure 7(a) shows the images generated when the
Denoising Strength approaches zero. It can be observed that there is basically no
obvious difference between the images generated when they approach zero and
the input images; at this time, the generation process relies on the Stable Diffusion
model to a very small extent. The generated image is the same as the original im-
age. Figure 7(b) shows that when the proportion of the Denoising Strength is
around 0.7, it can be clearly observed that the generated image has some charac-
teristics of the original image, and there are also elements from the prompt word

“tile” and elements autonomously generated by the model.

Figure 7. Generation diagram of the proportion of different autonomous generation ca-
pacities.

Based on the above multi-dimensional factor analysis and comprehensive con-
siderations, the parameters and prompt words selected for the experiment were
as follows: the prompt word was 8 k, Ultra-high resolution, <lora:vail:1>, file,
smooth edges, the Classifier-Free Guidance scale is set to 7, and the Denoising
Strength of the stable diffusion model is 0.53 to obtain the label diagram. The first
generated picture can only be roughly described, and the generated image quality
is relatively blurry, and then the newly generated table is used as input. Generate
again, and reduce the model’s Denoising Strength to improve the boundary clarity
of the layers in the picture; after two generations, a picture with a relatively clear
boundary is obtained. The Segment Anything Model cannot accurately identify
images with blurred images to achieve refined segmentation.

The boundary clarity of Figure 8(b) generated for the first time is relatively
blurred. Under the same parameters, the Denoising Strength of the stable diffu-
sion model is only reduced and generated again using picture Figure 8(b) output
for the first time as input. The second generated picture Figure 8(c) has clearer
boundaries. The second picture is segmented in a refined manner using the Seg-
ment Anything Model to obtain Figure 8(d). In the experiment, identification and
segmentation were not carried out by manual marking, so the Segment Anything

Model did not accurately identify the small area below the picture.
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First generation

(b)

Figure 8. Rendering of the experiment.

Second
generation

Segment

(©) (d)

For quantitative analysis of generated images, the similarity between the label
image, the generated image, and the original image is compared pairwise using
Dice loss. First, the two images to be compared are preprocessed and converted
into tensor form before calculating the Dice loss to measure their similarity. Fig-
ure 9 uses the original image as the target and the label image as the prediction,
resulting in a Dice loss of 0.233 between the original image and the label image.
Figure 10 uses the original image as the target and the generated image as the
prediction, resulting in a Dice loss of 0.270 between the original image and the
generated image. Figure 11 uses the label image as the target and the generated
image as the prediction, resulting in a Dice loss of 0.228 between the generated
image and the label image. The similarity between the generated segmentation
images and both the original and corresponding label images is over 70% (Table

1).

Table 1. Dice loss between the original image, label image, and generated image.

Comparison item Dice loss
Original image, label image 0.233
Original image, generated image 0.270
Label image, generated image 0.228
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Figure 9. Dice loss of the original image and label image.
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Figure 10. Dice loss of the original and generated images.
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Figure 11. Dice loss between generated images and label images.

4. Conclusion

This study applies large models to the field of geological image segmentation,
where training, optimization, fine-tuning, and prompt word engineering for do-
main-specific geological image segmentation domain data enable large models to
significantly improve knowledge understanding on tasks in this field. This ap-
proach not only applies large models to segmentation tasks in downstream pro-
fessional fields, but also generalizes more in segmentation fields than traditional
deep learning methods. It also has certain reference value in the development and
application of large models in professional fields. This performance improvement
not only helps to solve practical problems, but also promotes the development and
innovation of related industries. Due to limitations in computing power, it is not
possible to fine-tune the model more precisely, and the model is relatively sensi-
tive to parameter adjustments. Future research could achieve the application of

large models in vertical fields through more precise fine-tuning of large models.
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