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Abstract: To address the issues in ultrasonic testing of pipeline welds, including reliance on manual expertise, insufficient
generalization capability of deep learning models, and scarcity of annotated samples, this paper proposes an intelligent identification
method based on Gramian Angular Field (GAF) and an improved Transformer-Faster R-CNN. By converting one-dimensional
ultrasonic time-series signals into two-dimensional feature images via GAF encoding, the method preserves the temporal dependencies
and spatial patterns of defects. A hybrid backbone network integrating ResNet-101 and a Transformer encoder is introduced to
combine local feature extraction with global contextual awareness. Additionally, a spatial attention module is embedded in the Region
Proposal Network (RPN) to enhance the mod-el's focus on discriminative defect features. Experimental results demonstrate that,
compared to models such as ResNet, VGG, Vision Transformer (Vit), and the original Faster R-CNN, the proposed method achieves
significant improvements in accuracy, precision, recall, and F1-score, reaching up to 96.94%, 97.21%, 96.96%, and 96.90%,
respectively. It exhibits superior identification accuracy and robust-ness, particularly for small-sized and complex-shaped defects. This
approach provides an efficient solution for the automated and intelli-gent identification of pipeline weld defects.
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1. INTRODUCTION

Defect recognition is the ultimate objective of ultrasonic
nondestructive testing for pipeline welds. Its core task is to
automatically and accurately determine the presence of
defects, classify their types (e.g., porosity, cracks, lack of
fusion), evaluate their geometric dimensions (length, height),
and precisely locate them from processed signals or images[1-
3]. With the surge in data volume from modern inspection
techniques and the growing demand for intelligent solutions,
defect recognition technology has progressively transitioned
from an experience-dependent model reliant on manual
interpretation to a new stage of automation and intelligence.
This evolution is of great significance for ensuring the safe
operation of energy pipelines.

Traditional defect recognition methods heavily depend on the
professional knowledge and practical experience of
inspectors. Operators typically assess defect characteristics
subjectively by observing features such as echo amplitude,
temporal position, and waveform morphology in A-scan
displays. The widespread application of Phased Array
Ultrasonic Testing (PAUT) technology[4-5] has introduced
two-dimensional  sector scans and three-dimensional
volumetric imaging, transforming traditional one-dimensional
waveform signals into intuitive 2D/3D images. This
advancement significantly reduces reliance on operator
experience and enhances the intuitiveness and reliability of
defect recognition[6-7]. In these images, different types of
defects usually appear as bright spots or regional distributions
with  specific morphological characteristics, enabling
operators to perform identification and quantitative analysis
more directly. However, this approach fundamentally remains
within the realm of "human intelligence," where recognition
efficiency and consistency are difficult to guarantee, and it is
susceptible to subjective factors from operators.
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Currently, the forefront of defect recognition research has
fully entered the era of deep learning, particularly target
detection and image segmentation techniques based on
Convolutional Neural Networks (CNN)[8-9]. Researchers
extensively adopt established CNN-based object detection
models (e.g., Faster R-CNN[10-11], YOLO[12-13] series) by
training them on large, annotated ultrasonic image datasets.
This allows the models to automatically learn deep visual
features of defects and directly output bounding box locations
and class confidence scores. Going a step further, semantic
segmentation models (e.g., U-Net [14-15]) can classify every
pixel in an image accurately, enabling fine delineation of
defect contours. This offers unparalleled advantages for the
quantitative assessment of irregularly shaped defects. For one-
dimensional A-scan signals, researchers have also developed
1D CNNs or hybrid models combining Recurrent Neural
Networks (RNNs), capable of end-to-end learning directly
from raw waveform data to accomplish defect classification
and localization tasks [16-17].

Despite the significant success of deep learning in defect
recognition, its practical application in pipeline weld
ultrasonic testing still faces specific challenges. Firstly,
acquiring large quantities of high-quality, accurately
annotated defect samples in industrial field settings is
extremely difficult and costly, especially for rare but
hazardous defect types. This necessitates techniques such as
few-shot learning [18-19], transfer learning[20][21], and
intelligent data augmentation[22][23]. Secondly, model
generalization capability and robustness are critical, as factors
like material variations, changing operating conditions, and
noise interference in real-world inspection environments can
lead to significant performance degradation [24].
Furthermore, the limited interpretability of deep learning
models hinders their application in safety-critical scenarios.
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Addressing the aforementioned challenges, this paper
proposes an improved  Transformer-Faster ~R-CNN
architecture as the core recognition model. Building upon the
traditional Faster R-CNN, this model incorporates a
Transformer-based multi-scale feature enhancement module,
effectively capturing global contextual information of defect
regions through the self-attention mechanism.  This
architecture fully leverages the Transformer's strength in
global feature modeling while maintaining the precise
localization capability of Faster R-CNN, providing reliable
technical support for the accurate identification of weld
defects.

2. PRINCIPLES AND METHODS

2.1 Gram-Charlier expansion principle
Ultrasonic testing signals are inherently one-dimensional
time-series data, where defect features are embedded in
amplitude, frequency, and temporal correlations. Traditional
waveform analysis methods struggle to extract deep feature
patterns effectively. To address this, the study introduces the
Gramian Angular Field (GAF) transformation technique to
encode one-dimensional ultrasonic signals into two-
dimensional feature images.

The core idea of GAF is to map time-series signals to a polar
coordinate system, preserving the angular relationships
between signal points to construct a Gramian matrix, which is
then converted into a 2D image. The specific steps are:

Data normalization: The one-dimensional ultrasonic signal is
normalized to the interval [-1, 1] to eliminate amplitude
variations and enhance feature sensitivity. The normalized
signal is then transformed into a polar coordinate system,
where the angle of each data point is calculated using

Equation (2): t; ., = 2X b= mm(T) -1@)
' max(T)—min(T)

¢ =arccos(t), t e[-11] @

Construction of GASF matrix: The Gramian Angular
Summation Fields (GASF) matrix is generated using the
cosine function of summed angles to capture global
correlation features of the spectrum. The calculation formula
is as follows:

COS(gi +4)  COS(dh+4,) ... cos(d+41)](3)
GASF:cos(qﬁl+¢j): cos(¢:2+¢1) cos(¢f+¢2) cos(¢f+¢n)
cos(¢, +¢) cos(4, +¢,) ... cos(d, +4,)

This transformation preserves the temporal dependencies and
relative angular information of the original signal, mapping
deep features such as amplitude variations and phase
characteristics into textural patterns and spatial configurations
in the image. Ultrasonic signals from pipeline welds collected
at a reference temperature of 25°C were transformed using
GAF, successfully constructing an image dataset
encompassing five major defect types: lack of fusion,
porosity, cracks, slag inclusion, and incomplete penetration.
Each defect category contains over one thousand samples,
providing a sufficient data foundation for subsequent deep
learning model training. The results are shown in Figure 1.
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Fig. 1 Clean signal and image conversion

2.2 Improved Transformer-Faster R-CNN

Recognition Model

After obtaining the two-dimensional feature images
transformed by GAF, this study employs an improved
Transformer-Faster R-CNN model for automatic defect
recognition and classification. Built upon the traditional Faster
R-CNN, this model incorporates a Transformer module,
forming a hybrid architecture that integrates local feature
extraction with global context awareness.

First, the GAF images are input into a hybrid backbone
network consisting of ResNet-101 and a Transformer encoder.
ResNet-101 extracts local features from the images, while the
Transformer encoder captures long-range dependencies
among features through its self-attention mechanism. The
multi-head attention mechanism can be expressed as:

MultiHead (Q, K,V = Concat(head,, ..., head, )W ° (4)

where MultiHead denotes multi-head attention, Q, K, V
represent the queries, keys, and values, Concat combines

multiple heads, head is a single attention head, and W is
another learnable weight matrix. The calculation for each head

is: head, = Attention(QW,°, KW,“ ,VW.") (5)
Attention(Q, K,V = softmax((QK™) / sqrt(d, ))V (6)

where d, is the dimension of each head, and softmax
represents the feed-forward process of multi-head attention.
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The overall loss function of the model consists of two parts:
RPN loss and Fast R-CNN loss: L = Lppy + Lieggrenn (0

LRPN = LcIsRPN + Lreg ren (8)

LFastRCNN = I‘CISRCNN + Lreg RCNN (9)

Among them, the classification loss( Lds) uses Focal Loss to
address the class imbalance problem, and the regression loss
( Lyeg Juses Smooth L1 Loss.

The network structure of the Transformer-Faster R-CNN
recognition model is shown in Table 1.

Table 1 Parameters of each layer of the model

Input/Output/ I
Stage Name Kernel/Stride/ Activatio
. n
Padding
Convit 3/64/7*7/2/3 ReLU
MaxPool1l 64/64/3*3/2/1 -
CNN Conv2_1 64/128/3*3/1/1 ReLU
*
Conv2_2 128/25613/3 3/1/ ReLU
AdBPIVRAVIPO | 9561256/-1-- :
*
Projection Projection 256/513/1 Uy -
Trans Layer 1 512/512/-/-/- ReLU
MH Attention 512/512/-/-1- -
512/2048—51
Transform Feed Forward 2/-]-]- ReLU
er Trans Layer 2 512/512/-/-/- ReLU
MH Attention 512/512/-/-/- -
Feed Forward 212/2048—51 ReLU
2/-1-1-
FPN FPN Level 0-2 512/256/-/-/- -
RPN Conv 256/252/3*3/1/ ReLU
RPN RPN Classifier | 256/18/1*1/1/0 -
RPN Regressor | 256/36/1*1/1/0 -
ROI Align ) i
RO ROI Classifier 256xT2/CA1 i
ROI Regressor 256x72/4(C+1) i

2.3 Evaluation metrics

To comprehensively evaluate model performance, four
metrics—Accuracy, Recall, Precision, and F1-score—are
employed for result analysis. Accuracy reflects the overall
correctness of the model across all samples. Precision
indicates the proportion of samples predicted as positive that
are truly positive. Recall measures the proportion of actual
positive samples correctly identified. The F1-score balances
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Precision and Recall to avoid biases from single metrics. The
calculation formulas for each evaluation metric are as follows:

TP+TN
TP+TN +FP +FN

Acurracy = x100% (10)

Recall = L x100% (11)
TP+FN

+

Precision = L><100% (12)
TP+ FP

—+

Precision x Recall
Fl—score =2x — (13)
Presicion + Recall

where: TP represents the number of positive samples correctly
identified; TN represents the number of negative samples
correctly identified; FN represents the number of positive
samples misclassified; FP represents the number of negative
samples misclassified.

3. EXPERIMENTAL PREPARATION

3.1 Experimental equipment

To verify the effectiveness of the Transformer-Faster R-CNN
model for classifying ultrasonic signals from pipeline welds,
signals were acquired using a self-developed ultrasonic flaw
detector (Figure 2). The detector consists of a host unit and an
ultrasonic probe. The host unit integrates a high-speed signal
acquisition and processing module, signal amplification and
filtering circuits, a data storage unit, and a control system,
enabling multi-channel synchronous signal acquisition, real-
time analysis, and intelligent defect recognition. The
ultrasonic probe comprises a metal protective casing,
piezoelectric  film, backing damping block, acoustic
impedance matching layer, wedge, and sound-absorbing
block. The piezoelectric film is made of PZT-5H material,
shaped as a 10x10 mm square. To simulate real defects,
different types of artificial defects were prefabricated in the
weld. Ultrasonic signals from pipeline welds were acquired in
a test chamber (Figure 3), with 450 sampling points per
signal.

(b)PMUT linear array ultrasound probe

Fig. 2 Ultrasonic flaw detection intelligent detector
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i

(b) Pipe specimens with weld defects

Fig.3 Environmental simulation chamber and pipeline
specimens with weld defects

3.2 Pipeline Weld Joint Classification
According to the "Classification and Description of Metal
Fusion Weld Defects", weld defects can be divided into six
major categories: cracks, porosity, slag inclusion, lack of
fusion, incomplete penetration, and shape defects. Each main
category can be further subdivided into multiple subclasses
based on their location and morphological characteristics. For
example, cracks can be classified as transverse cracks in the
weld or transverse cracks in the heat-affected zone. However,
due to the limitations of current detection technology, precise
discrimination of each defect subclass is still difficult to
achieve. Therefore, in engineering practice, pipeline weld
defects are typically categorized into the above six main types,
with shape defects assessed based on conventional welding
conditions. In this experiment, based on the statistics from the
factory inspection certificate of pipeline weld defects (as
shown in Table 2), ten weld defect detection points were
established, covering five typical defect types. Specifically,
defect points 1-5 correspond to porosity, incomplete
penetration, cracks, lack of fusion, and slag inclusion,
respectively, while defect points 6-10 correspond to the same
five defect types in the same order.

Table 2. Factory inspection certificate data of pipeline
weld defects
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No Defect Defec Position Depth | Length
. Type t No. (mm) (mm) (mm)
1 | Porosity 1S 151=73 5 L1=25

Incomplet
2 e 25 | 251=307 10 | L2=23
penetratlo
n
3 Crack 3S | 351=458 S“’efac L3=10
4 | Lackof e 4s1-661 8 | L4=18
fusion
5 | . Slg 55 | 5S1=848 7 | L5=24
inclusion
6 Porosity 6S 6S1=1041 5 L6=14
Incomplet
e _ _
7| penewatio | 7S | 7S1F123L | 10| L7=40
n
8 | Crack 8S | 8S1=1445 S“Lfac L8=30
Lack of _ _
9 oo 9S | 951=1592 8 L9=63
Slag 10S1=180 L10=4
10 inclusion 105 2 7 7

Porosity refers to cavities formed when bubbles in the molten
pool fail to escape before metal solidification. These bubbles
primarily originate from gases generated by physical and
chemical reactions in the welding material. In the Gramian
Angular Field (GAF) image, porosity defects appear as short-
duration, high-amplitude, and energy-concentrated features.
The overall image distribution is relatively isolated, with no
obvious connections between pores, consistent with their
discrete nature. The corresponding image is shown in Figure
4(a).

Slag inclusion occurs when molten slag and other non-
metallic impurities fail to fully float to the surface and become
trapped in the weld during welding, often due to excessively
low current or high travel speed. Inclusions mainly consist of
non-metallic compounds, flux residues, and oxides. In the
GAF image, slag inclusion exhibits no distinct central
concentration, with drastic blackness variations, reflecting its
complex composition and random distribution. The
corresponding image is shown in Figure 4(b).

Cracks are fissures formed in the welded joint region due to
the combined effects of multiple factors, representing one of
the most hazardous common defects in welded structures. In
the GAF image, cracks are characterized by directional
reflections, concentrated energy, and short duration. The
image exhibits linear, parallel, or intersecting textures,
reflecting the propagative nature and severity of cracks. The
corresponding image is shown in Figure 4(c).

Lack of fusion refers to interface-type defects where
incomplete bonding occurs between weld metal and base
material or between adjacent weld passes. In the GAF image,
lack of fusion displays strong interface reflections and uneven
energy distribution. The defect region shows clear contrast
with the background, consistent with its distinct interface and
fixed location characteristics. The corresponding image is
shown in Figure 4(d).

Incomplete penetration refers to the failure of complete fusion
at the weld root, commonly observed in single-sided and
double-sided welding. In the GAF image, incomplete
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penetration typically appears as a continuous or intermittent
dark line with relatively straight edges and a certain degree of
continuity, reflecting its fixed position and regular
morphology. The corresponding image is shown in Figure
4(e).

Gramian Angular Field
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Fig. 4 GAF-based Images of Different Weld Defects

3.3 Dataset

As shown in Table 2, a total of 1,199 GAF images were
obtained for porosity (599 from defect No. 1 and 600 from
No. 6), 1,199 for incomplete penetration (599 from No. 2 and
600 from No. 7), 1,199 for cracks (599 from No. 3 and 600
from No. 8), 1,200 for lack of fusion (600 each from Nos. 4
and 9), and 1,199 for slag inclusion (600 from No. 5 and 599
from No. 10). From the acquired dataset, 70% of the images
were randomly selected as the training set, and the remaining
30% as the test set.

4. TRAINING AND RESULTS
ANALYSIS

Due to the complex structure and high computational
demands of neural networks, training on CPUs is often time-
consuming and insufficient for practical applications.
Therefore, a GPU (GeForce RTX 4060, 8GB memory) was
used for training in this study. The models were implemented
in Python using the PyTorch framework on the Windows
operating system.

4.1 Experimental Methods

To validate the effectiveness of the Transformer-Faster R-
CNN model for classifying ultrasonic signals from pipeline
welds, the following evaluation was conducted. Ultrasonic
signals were converted into GAF images, and the model's
performance was compared with ResNet, VGG, ViT, and
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Faster R-CNN using Accuracy, Recall, Precision, and F1-
score.

4.2 Training Results

During model training, the Transformer-Faster R-CNN was
trained using the training set images, with accuracy (ACC1)
and loss curves recorded for each epoch to evaluate its
recognition performance. The trained model was then
validated on the test set. As shown in Figure 5, with
increasing iterations, ACC1 gradually rose and stabilized at
0.98, while the loss converged to near zero and remained

stable.
45

0 20 W o4 50 (]

Epoch

(a) Loss variation curve during model training

B (t?qfii

O 20 i o) = 1o
Epoch
(b)ACC1 variation curve during model training
Fig. 5 Training results of the Transformer-Faster R-CNN
model

4.3 Test Result Comparison Experiment
Figure 6 presents the confusion matrix for ultrasonic
identification of pipeline weld defect types, where Classes 1-5
correspond to porosity, incomplete penetration, cracks, lack of
fusion, and slag inclusion, respectively. The vertical axis
represents the actual defect types, while the horizontal axis
represents the defect types identified by the model. All correct
identifications are recorded in the diagonal cells of the matrix.
As shown in Figure 6, the Transformer-Faster R-CNN
network model adopted in this study demonstrates excellent
performance in identifying and classifying pipeline weld
defect types when compared with ResNet, VGG, ViT, and
Faster R-CNN. The model exhibits strong performance across
all evaluation metrics, indicating high recognition accuracy
and good generalization ability.
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Fig. 6 Comparison of confusion matrices for weld defect
identification across different models

Table 3 presents the overall average metrics of different
models tested in this study. Table 4 shows the overall
evaluation results of the Transformer-Faster R-CNN model
for ultrasonic identification of pipeline weld defects, including
Precision, Recall, and F1-score validated on original images
of five defect types. The F1-scores and average metrics for the
five defect types are all close to 96.90%, indicating that the
model achieves high recognition accuracy for weld defect
classification.

Table 3 Overall average metrics for ultrasonic data across
different models

. F1-

Type Accuracy | Precision | Recall score
Transformer-

Faster R-CNN 0.9694 0.9721 0.9696 | 0.9690
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5. CONCLUSION

This paper proposes an intelligent recognition method for
pipeline weld defects based on Gramian Angular Field and an
improved Transformer-Faster R-CNN. The conclusions are as
follows:

(1) The GAF transformation technique maps one-dimensional
ultrasonic time-series signals into two-dimensional feature
images. By preserving amplitude, frequency, and temporal
correlation characteristics through polar coordinate encoding,
it significantly enhances the capability of CNNs and
Transformer models to extract features of typical defects such
as porosity, cracks, and lack of fusion, addressing the
limitations of one-dimensional signal feature representation.

(2) The improved Transformer-Faster R-CNN model, through
a hybrid architecture combining ResNet-101 and a
Transformer encoder, integrates both local feature perception
and global dependency modeling advantages. Combined with
a spatial attention mechanism and multi-scale feature
pyramid, it effectively improves recognition accuracy and
robustness for small-sized defects and those with complex
morphologies.

(3) Compared with traditional CNN models and the standard
Faster R-CNN method, the proposed approach achieves
significantly superior performance across all evaluation
metrics in five typical defect recognition tasks. Its end-to-end
processing pipeline and GPU acceleration substantially
enhance recognition efficiency. The method maintains high
generalization performance even with limited annotated
samples, providing a reliable technical pathway for the
intelligent advancement of pipeline weld nondestructive
testing.
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