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Abstract. This paper addresses the core issues of data sparsity, irregular morphology, and noise interference
in the 3D morphology reconstruction of casing damage. A multi-scale feature fusion Transformer (MSF-
Transformer) deep learning model is proposed. The model adopts a hierarchical architecture of "preprocessing
- feature extraction - damage enhancement - feature fusion - reconstruction output." Through a multi-scale
Transformer encoder constrained by local neighborhoods, it simultaneously captures the macroscopic
structure and fine details of the damage, reducing the computational complexity from O(N?) to O(NxK). A
damage region enhancement module (DREM) is designed to generate a dynamic mask based on feature
similarity, enhancing the weak feature response of minor damages and suppressing noise interference. A
multi-objective hybrid loss function is constructed, fusing normal-guided chamfer distance, normal vector,
and volume loss to balance morphological consistency and quantization accuracy. Experiments were
conducted using 800 dedicated datasets covering different damage types, scales, and noise levels. Results
show that the MSF-Transformer achieves a MAE of 0.032 mm and an RMSE of 0.047 mm in a noise-free
environment, representing reductions of 18.9% and 21.7% respectively compared to the TPR. For 0.5 mm
microcracks, the RVRE is only 4.2%, and the MAE is 0.071 mm under 20% high-intensity noise, exhibiting
the smallest performance degradation. The single-sample reconstruction time is 23.6 ms, and the GPU
memory usage is 1.8 GB, meeting real-time detection requirements. This model achieves high-precision,
noise-resistant, and high-efficiency 3D reconstruction of casing damage, providing reliable technical support
for casing integrity assessment.

Keywords: Casing damage; 3D morphology reconstruction; deep learning; transformer; multi-scale feature
fusion; damage region enhancement; noise resistance; point cloud processing

1. Introduction

As the core structure of the downhole oil and gas channel,
the integrity of the casing in oil and gas wells directly
determines the safety and economy of oil and gas field
development. During long-term service, casing is
susceptible to damage such as cracks, corrosion, and
localized deformation due to factors such as formation
stress, corrosive media, and drilling disturbances. If not
assessed promptly and accurately, this can lead to serious
accidents such as wellbore collapse and oil and gas leaks,
causing huge economic losses and ecological damage.
Three-dimensional topography reconstruction technology
can quantify key parameters such as damage length, depth,
and volume, providing core data support for damage level
determination, remaining life prediction, and repair plan
development [1]. It is a key technical means for casing
integrity detection.
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Existing three-dimensional reconstruction methods for
casing damage are mainly divided into two categories:
traditional techniques and deep learning methods [2].
Among traditional techniques, laser scanning is limited by
the confined space downhole, making data acquisition
difficult and susceptible to dust interference; while CT
imaging offers high accuracy, its equipment is expensive
and its detection efficiency is low, making it difficult to
meet the needs of batch on-site inspections [3]. The rise
of deep learning has provided a new path for 3D
reconstruction. The PointNet series of models achieves
end-to-end processing of point cloud data, but its ability
to capture local fine features is insufficient. VoxelNet
represents 3D structures through voxelization, but faces a
trade-off between resolution and computational
complexity [4]. Point Transformer introduces an attention
mechanism to improve global feature modeling
capabilities, but it is not specifically optimized for
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damage reconstruction and is sensitive to sparse data and
noise.

Casing damage reconstruction faces significant domain-
specific challenges: First, the data in the damaged area is
sparse, with few effective sampling points for micro-
cracks (width < 1 mm) and shallow corrosion (depth <0.5
mm), resulting in weak feature signals. Second, the
damage morphology is irregular, with no fixed pattern in
crack extension direction and corrosion pit distribution,
increasing the difficulty of feature extraction [5]. Third,
noise interference is severe; mechanical vibration and
electromagnetic interference in the downhole detection
environment cause point cloud data to contain a large
amount of redundant noise, masking the true damage
features [6]. Existing models have not fully addressed
these issues, resulting in insufficient reconstruction
accuracy, especially in the quantization error of micro-
damage, which fails to meet engineering requirements.
To address the aforementioned limitations, this paper
aims to propose a high-precision, noise-resistant single
algorithm for reconstructing the 3D morphology of casing
damage, achieving accurate quantification of damage
parameters [7]. The core innovations are as follows: 1)
Designing a multi-scale feature fusion Transformer
(MSF-Transformer) model, which simultaneously
captures macroscopic structural and fine-detail features of
the damage through a combination of multi-scale
convolution and an improved attention mechanism; 2)
Constructing a Damage Region Enhancement Module
(DREM), which generates a damage confidence mask
based on feature similarity, enhancing the response of
weak feature regions and suppressing background noise;
3) Constructing a dedicated casing damage dataset
covering different damage types, scales, and noise levels,
providing high-quality data support for model training
and performance verification. This paper verifies the
algorithm's advantages in reconstruction accuracy, noise
resistance, and computational efficiency through
experimental simulations, providing a technical solution
for accurate casing damage detection.

2. Multi-scale Feature Fusion
Transformer (MSF-Transformer)

2.1 Overall Algorithm Framework

The MSF-Transformer algorithm takes casing damage
point cloud data as input and achieves high-precision
reconstruction and parameter quantization of the three-
dimensional morphology of the damage through a
hierarchical architecture of "preprocessing - feature
extraction - damage enhancement - feature fusion -
reconstruction output". The input layer addresses the
noise interference and density unevenness of the raw point
cloud data acquired from downhole inspection [8]. First,
a statistical filtering algorithm is used to remove outliers
other than 3o, reducing interference from environmental
vibration and equipment errors. Then, the farthest point
sampling (FPS) method is used to unify the point cloud
density to 1024 points/sample, improving the algorithm's
computational efficiency while ensuring that key features

are not lost [9]. The feature extraction module
innovatively uses three different scales of convolutional
kernels (3%3, 5x5, and 7x7) to work in conjunction with
the Transformer encoder. Small-scale convolutional
kernels focus on extracting fine details such as crack tips
and corrosion pit edges, while large-scale convolutional
kernels emphasize global feature modeling of the overall
morphology of the damage area and the casing matrix
structure, achieving simultaneous capture of multi-
dimensional features. The Damage Region Enhancement
Module (DREM) is specifically designed to address the
issue of weak feature signals and susceptibility to
background noise in small damages (width <1 mm, depth
< 0.5 mm). It enhances the damage region response
through dynamic optimization of feature weights. The
feature fusion module employs an adaptive weighting
strategy, calculating weight coefficients based on the
information entropy of features at each scale, dynamically
integrating multi-scale features to generate a unified
feature representation that combines global structural
consistency with accurate local details [10]. The output
layer maps the fused features to a 3D point cloud via a
deconvolutional network, and then extracts key
parameters such as damage length, depth, and volume
using geometric calculation methods, providing direct
data support for the quantitative assessment of casing
damage.

2.2 Core Module Design

2.2.1  Multi-Scale Transformer Encoder

Traditional Transformer models, when processing point
cloud data, employ a global self-attention mechanism,
resulting in a computational complexity as high as O(N2).
Furthermore, their ability to capture local neighborhood
features is insufficient, making them ill-suited for
managing the sparsity and irregularity of damaged point
clouds [11]. To address this, a multi-scale Transformer
encoder based on local neighborhood constraints is
designed. Using a ball query method, a set of neighboring
points V' (i) ( K = 32neighboring points) is selected with
each point as the center and a radius of r=0.05 mm. This
constructs a local feature matrix, confining the self-
attention calculation to the local neighborhood, reducing
the time complexity to O(NxK) and significantly
improving the algorithm's efficiency.

The local neighborhood attention calculation is shown in
Equation (1). By introducing a neighborhood distance
weight wg;s (i,7), the attention distribution is adjusted,
allowing closer neighboring points to contribute higher
weights, enhancing the correlation of local features, and
simultaneously suppressing interference from distant
points.

g
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Where  wgi (i,j) = exp <— %) is  the
neighborhood distance weight, 0 = 0.02 mm is the
distance decay coefficient (determined through
experiments to balance local feature aggregation and
global information transmission), V(i) represents the
neighborhood point set of the i point, and d; is the
dimension of the query vector and the key vector (set to
128).

Multi-scale feature extraction is achieved by combining
convolutional kernels of different sizes with a
Transformer encoder [12]. The feature mapping at each
scale is shown in formula (2). Residual connection and
normalization (LN) are used to avoid gradient vanishing
and improve feature propagation efficiency.

F$ = Conv*(MLP(P)) +
LN (TransformerEncoder S(MLP(P))) )

Where s € {1,2,3} corresponds to three convolutional
kernel scales: 3x3, 5x5, and 7x7. The MLP consists of
two fully connected layers (input dimension 3—64—128)
to achieve up-dimensional mapping of point cloud
coordinate features. The TransformerEncoder”s contains
6 encoding layers, each consisting of a multi-head
attention mechanism (number of heads = 8) and a
feedforward neural network.

To achieve cross-scale feature interaction and
complementarity, a skip connection mechanism is
designed to fuse low-scale high-resolution features with
high-scale low-resolution features through upsampling, as
shown in formula (3):

FS = FS + Upsample(FS™1) © Conv,,;(F*) (3)

Cross

Upsample uses bilinear interpolation to improve the
resolution of low-scale features to the current scale.
Conv; 4, is used to adjust the channel dimension of low-
scale features (from 128 dimensions to 256 dimensions)
to ensure consistency with the dimension of high-scale
features. (O represents element-wise multiplication,
which enhances the correlation of multi-scale information
through feature interaction.

2.2.2 Damage Region Enhancement Module
(DREM)

The DREM module addresses the problem of weak
damage region feature signals and severe background
noise interference in the casing damage point cloud. It
enhances the damage region through feature similarity
calculation and dynamic mask generation [13]. First,
based on the damage region features labeled in the
training set, the K-means clustering algorithm (K = 5) is
used to obtain the damage feature prototype F, which
can represent the common features of different damage
types (cracks, corrosion, deformation). Then, the cosine
similarity between the feature of each point and the

damage feature prototype is calculated, as shown in
formula (4):

(it
ex —— proto
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Where S; represents the similarity score of the i point
belonging to the damaged region. The higher the score,
the greater the probability that the point belongs to the
damaged region. Normalization is applied to distribute the
similarity scores within the [0,5] interval, facilitating
subsequent interpolation filtering.

A damage enhancement mask is generated based on the
similarity scores. An adaptive threshold 7 (initial value
set to 2.5, dynamically optimized by minimizing the loss
function during training) is used to filter damaged points,
as shown in formula (5):

4)

B {1 +tanh (y(S;— 1)), Si=T

exp (—B(t—Sp)), Sitau ©)

i

Wherein, y = 1.5 is the damage region enhancement
coefficient, which maximizes the feature weight of the
damage region to 2.5 times, and f = 0.8 is the non-
damage region suppression coefficient, which suppresses
the feature weight of the non-damage region to below 0.1.
A piecewise function is used to achieve differentiated
feature processing between the damage and non-damage
regions.

Finally, a mask is used to perform weighted optimization
on the cross-scale fusion features, and residual
connections are introduced to avoid information loss
during feature enhancement, resulting in the enhanced
damage features:

=F . OM+Residual(F ) (6)

enhanced cross SS

Wherein, Residual (F,,. ) is the residual connection term,
which adjusts the feature dimension through 1x1
convolution to ensure consistency with the enhanced
feature dimension, effectively mitigating the gradient
vanishing problem that may occur during feature
weighting.

2.3 Loss Function Design

To simultaneously ensure the overall consistency of
2D topography reconstruction, edge detail accuracy, and
damage volume quantization accuracy, a multi-objective
hybrid loss function is designed, as shown in formula (7):

Liotal = @Lnep + BLnormal + ¥ Lyolume @)

Where «, B,y are weighting coefficients, the optimal
values of which were determined through grid search
(search range 0.1-0.8, step size 0.1) to bea = 0.6, =
0.2,y = 0.2, highlighting the core position of topography
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reconstruction while also considering detail accuracy and
quantization accuracy.

Lycp is the normal-guided chamfer distance loss.
Traditional chamfer distance only considers spatial
coordinate errors, ignoring the distortion in edge
reconstruction caused by normal vector consistency.
Therefore, a normal vector penalty term is introduced to
optimize topography consistency by combining spatial
coordinate and normal vector information.

Lnep = %Zlivzl min (”Pi - 15]'”2 : (1 +u(l-mn; ﬁj))) ®)

Where n;and fi; are the unit normal vectors of the real and
reconstructed points, respectively (calculated through
eigenvalue decomposition of the covariance matrix of
neighboring points), and y = 0.5 is the normal vector
weight coefficient, which significantly increases the loss
value when the normal vectors are inconsistent, forcing
the normal vectors of the reconstructed points to be
aligned with those of the real points.

Lpormar 18 the normal vector loss, using cosine similarity
to measure the consistency of the normal vectors,
focusing on the reconstruction accuracy of detailed
features such as damage edges.

1 A
Lnorma] = EZ?}:l (1 —n;- ni) (9)

The loss function has a value range of [0,2]. The loss is 0
when the normal vectors are completely identical and 2
when they are completely opposite. This effectively
constrains the normal vector direction of the reconstructed
points, improving the sharpness of edge details.
Loume represents the damage volume loss, calculated
based on the convex hull algorithm to determine the
volume error of the damaged region, directly optimizing
the accuracy of the damage quantization parameters.

Vgt - Vpred

Lvolume -

(10)

Vgt

Where Vg and Vpeq represent the actual damage volume
and predicted damage volume, respectively. The damage
region is divided into multiple tetrahedrons using convex
hull decomposition, and the total volume is obtained by
summing the volumes of each tetrahedron [14]. This
method achieves a volume calculation error of less than 3%
for irregular damage morphologies, ensuring the
reliability of the loss function.

3. Experimental Simulation and Result
Analysis

3.1 Experimental Environment and Dataset

The experimental hardware environment was configured
with an Intel Core 19-13900K processor (5.8GHz), an
NVIDIA RTX 4090 GPU (24GB GDDR6X VRAM),
64GB DDR5 6400MHz RAM, and a 2TB NVMe SSD to
ensure efficient large-scale point cloud data processing

and model training. The software environment was
developed based on Python 3.9, using the PyTorch 2.0
deep learning framework, combined with Open3D 0.17.0
for point cloud visualization and preprocessing, Scikit-
learn 1.2.2 for calculating evaluation metrics, Matplotlib
3.7.1 for plotting experimental charts, and COMSOL
Multiphysics 6.0 for generating damage point cloud
simulations.

The dataset consists of two parts: an extension of a public
dataset and a self-made simulation dataset. 1) The public
dataset is extended from the ModelNet40 3D model
library, selecting 300 sets of sleeve-type models and
adding damage such as cracks and corrosion through
manual annotation to generate basic damage samples. 2)
The self-made COMSOL simulation dataset contains 500
sets of samples, covering four typical damage types: axial
cracks (length 0.5-5mm, width 0.1-1mm), circumferential
cracks (length 1-8mm, width 0.1-1.2mm), pitting
corrosion (depth 0.2-2mm, diameter 0.5-3mm), and local
deformation (deformation amount 0.1-1mm). Each set of
samples includes real 3D coordinates, normal vectors, and
damage parameter annotations. To simulate the actual
downhole detection environment, Gaussian noise of four
intensities (5%, 10%, 15%, and 20%) (mean 0, variance
0.001-0.004) was added to the dataset, resulting in a
comprehensive dataset of 800 samples. This dataset was
divided into a training set (560 samples) and a test set (240
samples) in a 7:3 ratio.

3.2 Comparative Experiment Design

Mainstream algorithms in the current field of 3D point
cloud reconstruction were selected as comparison targets,
including PointNet++ (classic point cloud feature
extraction model), DGCNN (dynamic graph convolution
model), Point Transformer (attention mechanism
benchmark model), and TPR (Transformer-based Point
Cloud Reconstructor, a recently optimized model). A 5-
fold cross-validation scheme was used, randomly dividing
the dataset into 5 subsets. Four subsets were selected
alternately as the training set and one as the test set. The
final result was the average of the 5 experiments to avoid
the impact of data partitioning bias on the reliability of the
evaluation.

All algorithms used a unified input point cloud density of
1024 points/sample and employed the same data
preprocessing workflow (statistical filtering + FPS
downsampling). The evaluation dimensions covered three
aspects: 1) basic reconstruction accuracy, measured by
MAE and RMSE to assess overall morphological
restoration; 2) micro-damage reconstruction performance,
using RVRE to evaluate volume quantization accuracy for
cracks <lmm in length and corrosion samples <0.5mm in
depth; 3) noise resistance, testing model performance
stability under 5%-20% noise intensity; 4) computational
efficiency,  statistically  analyzing  single-sample
reconstruction time and GPU memory usage.
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3.3 Experimental Results

3.3.1 Quantitative Results Analysis

Table 1 shows the basic reconstruction accuracy and
micro-damage reconstruction performance of different
algorithms in a noise-free environment [15]. In terms of
overall accuracy, MSF-Transformer achieved a MAE of
0.032mm and an RMSE of 0.047mm, representing
reductions of 18.9% and 21.7% respectively compared to

TPR, and 35.3% and 38.2% respectively compared to
PointNet++, demonstrating the advantages of multi-scale
feature fusion and damage enhancement modules. For
micro-damage, MSF-Transformer achieved an RVRE of
only 4.2% for a 0.5mm crack, a reduction of 29.6%
compared to DGCNN; and an RVRE of 5.7% for a 0.2mm
pitting, a reduction of 27.8% compared to Point
Transformer, indicating that the DREM module
effectively enhanced the extraction capability of weak
feature regions.

Table 1. Comparison of Reconstruction Performance of Different Algorithms (Noise-Free Environment)

Overall Overall Microcracks Microcracks Minimal pitting | Minimal pitting

Algorithm accuracy accuracy RVRE (%) RVRE (%) RVRE (%) RVRE (%)

MAE(mm) RMSE(mm) 0.5mm length 1.0mm length 0.2mm depth 0.5mm depth
PointNet++ 0.049 0.076 6.5 5.1 8 6.3
DGCNN 0.043 0.068 5.9 4.5 7.9 5.8
Point Transformer 0.038 0.059 5.6 4.2 7.9 5.5
TPR 0.039 0.06 5.2 3.9 7.6 5.1
MSF-Transformer 0.032 0.047 4.2 3.1 5.7 4

Performance
improvement (vs 17.90% 21.70% 19.20% 20.50% 25.00% 21.60%
TPR)

Table 2 presents the anti-interference performance of each
algorithm under different noise intensities. As the noise
intensity increases from 5% to 20%, the MAE of all
algorithms shows an upward trend, but the performance
degradation of MSF-Transformer is the smallest: at 20%
high-intensity noise, its MAE is 0.071mm, only 121.9%

higher than in the noise-free scenario, while the MAE of
TPR and Point Transformer increases by 157.9% and
164.1%, respectively. This result verifies the noise
suppression effect of the DREM module, which
effectively filters redundant interference information
through the generation of damaged region masks.

Table 2. Comparison of MAE of Algorithms under Different Noise Intensities (Unit: mm)

Algorithm Noise intensity Noise intensity Noise intensity Noise intensity Maximum attenuation rate
5% 10% 15% 20% (%)
PointNet++ 0.058 0.072 0.089 0.105 114.3
DGCNN 0.051 0.063 0.078 0.092 100
ngs"fl;‘rtmer 0.045 0.056 0.069 0.097 164.1
TPR 0.046 0.055 0.067 0.093 157.9
Traﬁ?:r_mer 0.038 0.046 0.053 0.071 121.9
Figure 1 shows the MAE of each algorithm as a function o ] ] )
. . . . . . . MAE Variation with Noise Intensity for Different Algorithms
of noise intensity, with the horizontal axis representing 0.11 —
noise intensity (5%, 10%, 15%, 20%) and the vertical axis 0.10-
representing MAE value (mm). It can be seen that MSF- 0.00
Transformer maintains the lowest MAE across the entire
noise range and has the smallest curve slope, indicating go.oa-
more stable noise resistance. Figure 2 shows the trend of 5007
RVRE of microcracks as a function of crack length, with = 0.06
the horizontal axis representing crack length (0.5mm, 0.051
0.8mm, 1.0mm, 1.5mm, 2.0mm) and the vertical axis
representing RVRE (%). MSF-Transformer outperforms 004
0.03

the comparison algorithms in all length ranges, especially
showing a significant advantage in the 0.5mm ultra-
microcrack scenario, with RVRE reduced by 19.2%
compared to TPR.

5 10 15
Noise Intensity (%)

20

I PointNet++ I MSF-Transformer

S DGCNN

3 Point Transformer
= TPR

Figure 1. MAE Variation with Noise Intensity.
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%VRE Variation with Micro-Crack Length for Different Algorithms

—v— PointNet++

8 —o— DGCNN

7 —&— Point Transformer
;\36 —o— TPR
o MSF-Transformer
s
o

4

3 \\_\

2

0.5 0.8 1.0 15 2.0
Crack Length (mm)

Figure 2. RVRE Variation with Micro-Crack Length.

3.3.2 Qualitative Results Analysis

Figure 3 shows a comparison of the reconstruction results
of a typical 0.8mm crack sample. From (a) to (d), the
results are: true morphology, MSF-Transformer
reconstruction, TPR reconstruction, and PointNet++
reconstruction, respectively. It can be seen that the crack
edges reconstructed by MSF-Transformer are clear and
continuous, accurately restoring the minute deformation
features of the crack tip without obvious jagged distortion.
However, the reconstruction results of TPR and
PointNet++ suffer from blurred edges and loss of detail,
especially the characteristic smoothing phenomenon in
the crack tip region.

Figure 3. Comparison of reconstruction results for a typical
0.8mm crack sample.

3.3.3  Algorithm Efficiency Analysis

Figure 4 shows that the MSF-Transformer's single-sample
reconstruction time is 23.6ms, which is 32.8% shorter
than Point Transformer (35.1ms) and 18.3% shorter than
PointNet++ (28.9ms), only slightly higher than TPR
(21.8ms). This efficiency improvement is attributed to the
attention mechanism design based on local neighborhood
constraints, which reduces the computational complexity
from O(N?) to O(NxK). Regarding GPU memory usage,
the MSF-Transformer's single-sample GPU memory
usage is 1.8GB, lower than Point Transformer (2.3GB)
and TPR (2.1GB), demonstrating hardware deployment
advantages. Combining accuracy and efficiency, the
MSF-Transformer can meet the requirements of real-time

downhole field detection (single-sample processing time

<30ms), laying the foundation for engineering
applications.
35 Algorithm Efficiency Comparison 24
5.3 EE Inference Time (ms)
36 . = GPU Memory (GB) |[23
34 2.2
2 3
E32 213
[}
E30 202
" £
Ca2s 192
N
L2 185

~
N
=
~

N
N
=
o

B PointNet++ DGCNNPoint Transformer TPR MSF—Transfurmer1'5
Algorithms

Figure 4. Algorithm Efficiency Comparison.

4. Conclusion

This study successfully proposed and validated the MSF-
Transformer deep learning model, effectively addressing
key issues such as data sparsity, irregular morphology,
and noise interference in 3D reconstruction of casing
damage. Experimental results show that the model
significantly outperforms existing mainstream algorithms
in overall reconstruction accuracy, ability to restore minor
damage, and noise resistance. The single-sample
reconstruction efficiency meets the requirements for real-
time downhole detection, providing a precise quantitative
tool for casing integrity assessment. However, the study
still has certain limitations: although the dataset covers
typical damage types, it lacks real samples under extreme
conditions (such as high temperature and pressure, and
multiple damage superposition), and the robustness of the
model in complex real-world downhole environments
needs further verification; the influence of different
casing materials on reconstruction accuracy is not fully
considered, and the model's lightweight nature is
insufficient, which is not conducive to deployment on
embedded devices. Future research will focus on
expanding real-world damage datasets for extreme
operating conditions and casing of various materials to
improve the model's adaptability to complex scenarios;
achieving lightweight optimization through model
pruning and quantization techniques to meet embedded
deployment requirements; constructing a casing damage
lifecycle monitoring system using digital twin technology
to achieve damage evolution prediction and intelligent
repair scheme recommendation; and exploring
multimodal data fusion and reconstruction methods to
further improve the detection and quantification accuracy
of minute damages, promoting the large-scale engineering
application of the technology in oil and gas field
development.
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