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Abstract

To ensure the economy and safety of the pipelines, the study of the residual strength of
corrosion pipelines is key to determining whether the pipelines can continue to operate.
There is often a conflict between accuracy and convenience. Artificial intelligence algo-
rithms offer the advantages of high accuracy and ease of use. Therefore, research on the
prediction of the residual strength of corroded pipelines using artificial intelligence algo-
rithms is of great significance. CNN and LSTM algorithms are often used to predict the
remaining strength of pipelines. However, single CNN models perform poorly in handling
time-series data, while LSTM and BiLSTM models also have limitations in processing
high-dimensional spatial features. In this article, a pipeline residual strength prediction
model based on the CNN-BiLSTM-Adaboost algorithm is proposed. Correlation analysis
was used to evaluate the influencing factors of the pipeline’s residual strength, and the
CNN algorithm parameters were optimized using BiLSTM and AdaBoost algorithms. The
proposed CNN–BiLSTM–AdaBoost evaluation method achieves a significantly improved
prediction accuracy for pipeline residual strength, with an average relative error of 4.694%.
Our method reduces the predictive error by 28.901%, 43.391%, and 40.753% relative to
ASME B31G, DNV RP F101, and PCORRC. This model can predict the residual strength of
pipelines conveniently and accurately, minimizing losses caused by corrosion.

Keywords: CNN-BiLSTM-Adaboost algorithm; residual strength; prediction model

1. Introduction
Pipeline transportation is an important mode of transportation in China. Due to

the large volume of detected data and the reliance on manual interpretation for defect
identification, traditional methods are time-consuming, labor-intensive, and prone to errors
such as false detections and missed detections. Therefore, there is an urgent need to
develop intelligent defect identification methods to improve defect detection efficiency. If
the residual strength of pipelines can be accurately predicted and effectively maintained,
the occurrence of major accidents, such as oil and gas leaks, will be reduced, leading to
minimized economic losses and environmental protection.

In recent years, researchers have increasingly adopted data-driven intelligent ap-
proaches for prediction. Oh et al. [1] explored the use of deep neural networks in predicting
the burst pressure of API 5L Class X pipes, validating the model experimentally. Lu et al. [2]
applied a correlation vector machine enhanced by a multi-objective optimization algorithm
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to predict burst pressure in corroded pipes, evaluating the model’s accuracy and stability
through case studies. In another study [3], a hybrid data-driven model was employed
to predict the residual strength of a single-point corroded pipeline, utilizing principal
component analysis to optimize the input data. Ma et al. [4] introduced a neural net-
work model guided by theoretical principles for predicting burst pressure in corroded
pipelines, combining traditional burst pressure prediction formulas with empirical formula
knowledge. Experimental and finite element simulations using open datasets confirmed
the model’s superior prediction accuracy compared to benchmark models. Lu et al. [5]
employed various machine-learning models [6], including regression, tree-based artifi-
cial neural networks, and kernel-based models, to predict corrosion depth in pipelines.
Chen et al. [7] used an artificial neural network to predict residual strength in corroded
pipes, employing a modified linear unit (ReLU) activation function to reduce neurons due
to limited training data. However, most current research on pipeline residual strength
prediction focuses on improving and applying pipeline strength evaluation formulas and
conducting experimental tests using finite element analysis, while exploration of algorithms
remains limited.

The convolutional neural network (CNN) [8–10], as a typical deep neural network, has
been introduced into pipeline leakage diagnosis due to its unique convolutional structure,
weight sharing, local connection, and strong autonomous feature extraction ability. Re-
search by numerous scholars has shown that CNN exhibits a good classification prediction
performance in pipeline leakage detection. Chuang et al. [11] proposed a CNN-based
leakage detection method for groundwater pipelines, using the Mel frequency cepstrum
coefficient of the leakage acoustic signal as the input and the presence or absence of leak-
age in the pipeline as the output. The model achieved a classification accuracy of 98%.
Zhou et al. [12] proposed a one-dimensional convolutional neural network (TL1DCNN)
method with integrated transfer learning to accurately detect and locate leaks using small
samples, employing particle swarm optimization (PSO) to optimize the base learner’s
weights. Kang et al. [13] fused one-dimensional convolutional neural networks with Sup-
port Vector Machines (SVMs) [14–16] to propose an image-based leakage detection and
location algorithm for water supply networks, achieving a leak detection accuracy of 99.3%.
Cody et al. [17] proposed a pipeline leakage detection method based on CNN combined
with a mutation autoencoder, classifying hydroacoustic data and achieving a classification
accuracy of 97.2%. Guo et al. [18] used the leakage spectrum to describe the leakage signal
characteristics and established a time–frequency convolutional neural network model to
identify leakage signals, achieving an average classification accuracy of 98% under different
signal-to-noise ratios. However, these algorithms still need optimization to further improve
accuracy and feasibility. While CNN has been successfully applied in computer vision
and other fields for efficiently learning features from image and spatial data, it remains
relatively inadequate in capturing long-term temporal dependencies in time-series data,
making them less effective in handling complex temporal data [19].

To overcome this limitation, Long Short-Term Memory (LSTM) networks [20] have
been widely applied in time-series prediction. LSTM effectively addresses the vanishing
gradient problem faced by traditional recurrent neural networks (RNNs) [21] when han-
dling long-term sequential data through the introduction of memory units and gating
mechanisms. Bidirectional long and short-term neural network (BiLSTM) [22–24] further
enhances LSTM’s performance by processing both past and future inputs simultaneously.
However, while BiLSTM excels in temporal modeling, it still falls short in handling high-
dimensional spatial data, where CNN performs more effectively.

Despite the complementary strengths of CNN and BiLSTM, both models individually
face challenges when applied to complex real-world scenarios. CNN is limited in its ability
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to capture long-term dependencies, while BiLSTM struggles with high-dimensional spatial
feature extraction. To address these limitations, the Adaptive Boosting (AdaBoost) [25]
algorithm can be employed to combine the strengths of both models and further enhance
predictive performance.

AdaBoost is widely used in various machine-learning tasks, excelling in classification
and regression problems. Its main advantage is the ability to enhance overall model perfor-
mance by combining multiple weak classifiers, making AdaBoost robust when dealing with
noisy and imbalanced data [26]. Compared to using CNN alone, AdaBoost compensates
for CNN’s limitations in handling complex patterns, particularly in capturing long-term
dependencies in time-series data. By combining AdaBoost with CNN, the model’s learning
capacity and generalization performance are optimized, improving the accuracy of pipeline
residual strength prediction. Thus, integrating the AdaBoost algorithm with CNN for
pipeline residual strength prediction leverages CNN’s powerful feature extraction capa-
bilities while enhancing the robustness and accuracy of the model through AdaBoost’s
ensemble learning strategy, resulting in more reliable predictions in practical applications.

In this study, we propose a CNN-BiLSTM-Adaboost model that combines the spatial
feature extraction capabilities of CNN, the temporal dependency capture of BiLSTM,
and the ensemble learning strategy of Adaboost. The Adaboost algorithm improves the
overall robustness and generalization of the model by iteratively adjusting sample weights,
focusing on misclassified samples, and optimizing the model ensemble. In this combined
framework, CNN first extracts local spatial features from pipeline data, BiLSTM captures
the temporal dependencies, and Adaboost optimizes the overall prediction performance
through model integration. We compared the predictive effectiveness of various algorithms,
including CNN, LSTM, BiLSTM, BiLSTM-Adaboost, CNN-LSTM, CNN-BiLSTM, and
CNN-BiLSTM-Adaboost. Through correlation analysis, we verified the fit between the
predictions of intelligent algorithms and actual outcomes. We analyzed the correlation
between inner diameter, wall thickness, corrosion defect depth, defect length, and burst
pressure under different optimization algorithms. Based on these results, we employed
CNN using the optimal penalty factor and kernel function, applying it to predict the
residual strength of 93 corroded pipelines. By comparing the average relative error and
the number of non-conservative points in the predictions, the CNN-BiLSTM-Adaboost
algorithm with the highest accuracy was ultimately selected. A comparison between
the CNN-BiLSTM-AdaBoost algorithm and standard evaluation methods confirmed the
feasibility of intelligent algorithms in predicting pipeline residual strength. Compared to
traditional pipeline residual strength evaluation standards, this intelligent algorithm is not
only accurate but also easy to implement.

2. Methods
2.1. Residual Strength Prediction Based on Correlation Analysis

A correlation analysis model [27] in Matlab software (Matlab R2023a) is established
which involves analyzing data in numerical form as Matlab algorithms primarily operate
with numerical data. Therefore, the data analyzed in this study is presented in numerical
form, and some of the influencing factors transform preprocessing. In the course of
this research, the main factors considered include pipeline inner diameter, pipeline wall
thickness, defect depth, defect length, and actual burst pressure. All data are derived from
the literature, and the data sources are presented in Table 1, with partial pipeline burst
pressure data shown in Table 2.

The data was input into the correlation analysis model for analysis, and the results
obtained are shown in the following Figure 1. It can be observed that factors such as
pipeline diameter, pipeline wall thickness, defect depth, and defect length are correlated
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with the actual burst pressure of the pipeline. As depicted in Figure 1, pipeline diameter and
pipeline wall thickness are positively correlated with the actual burst pressure, at 0.01029
and 0.3825, while defect length and defect depth show a negative correlation with the
pipeline burst pressure, −0.1228 and −0.2166, respectively. Among all influencing factors,
the pipeline wall thickness has a relatively significant impact on the residual strength of
the pipeline.

Table 1. Pipeline data source.

Pipeline Steel Grade (mm) Data Sources

X35 reference literature [28]
X42 reference literature [29,30]
X46 reference literature [28–31]
X52 reference literature [31,32]
X56 reference literature [32]
X60 reference literature [29,31]
X65 reference literature [28,29,32]
X80 reference literature [32]
X100 reference literature [32]

Table 2. Partial pipeline blasting data.

Serial
Number

Pipeline
Steel

Grade

Pipeline
Inner

Diameter
(mm)

Pipeline
Wall

Thickness
(mm)

Defect
Depth
(mm)

Defect
Length
(mm)

Burst
Pressure

(MPa)

1 X35 508 7 3.3 304.8 12
2 X42 529 9 4.7 160 15.7
3 X46 457.7 6.23 6.23 2750 12.06
4 X52 273.05 5.23 1.85 408.94 16.71
5 X56 506.73 5.74 3.02 132.08 10.73
6 X60 508 14.3 10.03 500 13.4
7 X65 762 17.5 4.4 200 24.11
8 X80 1219 19.89 1.77 607.74 23.3

Figure 1. Correlation analysis result graph.
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Prior to model training, the data underwent a four-step preprocessing pipeline:
(1) missing value check and removal, (2) unit normalization, (3) Z-score standardization,
(4) correlation analysis to verify feature relevance.

2.2. Principle of the CNN-BiLSTM-Adaboost Algorithm and Parameter Setting

In the context of predicting the residual strength of pipelines, we proposes a hybrid
model that integrates convolutional neural networks, bidirectional Long Short-Term Memory
networks, and the Adaboost algorithm, referred to as the CNN-BiLSTM-Adaboost algorithm.
This approach leverages the strengths of spatial feature extraction, temporal dependency
modeling, and ensemble learning to enhance prediction accuracy and model robustness. The
dataset was randomly partitioned into training and testing subsets, with 80% of the samples
allocated for training and the remaining 20% for testing, ensuring a balanced evaluation of
model performance. The strategy diagram of prediction is shown in Figure 2.

Figure 2. Strategy diagram of prediction method.
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2.2.1. CNN Algorithm

CNN is a deep neural network architecture consisting of convolutional layers, pooling
layers, and fully connected layers. Its basic structure is shown in Figure 3. Convolution
operations are central to the functionality of a CNN. In the convolutional layer, the network
analyzes input data through convolution operations using a set of learnable filters known
as convolutional kernels. The operation of the convolutional layer is expressed as

Ci = f (wi × xi + bi) (1)

where xi denotes the input of the convolutional layer, Ci is the output feature map of layer
iii, wi is the weight matrix of the convolution, × denotes the dot product operation, bi is
the bias vector, and f is the activation function [33].

Figure 3. The basic structure of CNN.

Pooling operations are utilized to decrease the spatial dimensions of the feature map
while preserving critical features. Typical pooling operations include max pooling and
average pooling. The pooling layer operation is shown as

γ(ci, ci−1) = max(ci, ci−1) (2)

pi = γ(ci, ci−1) + βi (3)

where γ denotes the maximum pooling function, βi is the deviation, and pi is the output of
the maximum pooling layer. The feature maps obtained through pooling operations are
transferred to the fully connected layer, which computes the final output vector [34].

The fully connected layer resides at the apex of the network, transforming features
extracted by preceding convolutional and pooling layers into the ultimate output. In this
layer, every neuron is connected to all neurons in the preceding layer. The operation of the
fully connected layer is expressed as

yi = f (ti pi + δi) (4)

where yi is the final output vector, δi is the bias, and ti is the weight matrix.
The input data, X = [x1, x2, . . . , xn], undergoes normalization to scale the values

between 0 and 1 using the min–max normalization technique:

X′ =
X− Xmin

Xmax − Xmin
(5)
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Given an input X ∈ RH×W×C, where H is the height, W is the width, and C is the
number of channels, the feature map generated by the convolution operation is

Hi,j,k = σ

(
M

∑
m=1

N

∑
n=1

Wm,n,k · Xi+m−1,j+n−1,k + bk

)
(6)

Here, Hi,j,k represents the k-th feature map at position (i, j), Wm,n,k denotes the weight
matrix of the convolution kernel, is the bias term. The ReLU activation function,
σ(x) = max(0, x), introduces nonlinearity into the network, enhancing the model’s ability
to capture complex patterns [35].

Subsequently, a max-pooling layer with a pooling size of 3× 1 and a stride of 1 reduces
the dimensionality of the extracted features, summarized as

H′ i,j,k = max
(

Hi,j,k, Hi+1,j,k, Hi+2,j,k

)
(7)

2.2.2. LSTM Algorithm

LSTM is a special type of recurrent neural network (RNN) designed to overcome the
gradient vanishing and exploding problems that traditional RNNs face when dealing with
long-term dependencies. LSTMs effectively store and update information through the
introduction of memory cells and gating mechanisms. The core structure of LSTM includes
an input gate, a forget gate, and an output gate. Its basic structure is shown in Figure 4.

Figure 4. The basic structure of LSTM.

The key equations governing the operations within LSTM are as follows:

1. Input Gate

H′ i,j,k = max
(

Hi,j,k, Hi+1,j,k, Hi+2,j,k

)
(8)

where it is the output of the input gate, σ is the Sigmoid activation function, ht−1 is the
hidden state from the previous time step, and xt is the input at the current time step [36].

2. Forget Gate

ft = σ
(

w f × [ht−1, xt] + b f

)
(9)

ft is used to control whether the memory from the previous time step should be forgot-
ten [37].

3. Candidate Cell State

C̃t = tanh(wc × [ht−1, xt] + bc) (10)

4. Current Cell State

Ct = ft × Ct−1 + it × C̃t (11)
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5. Output Gate

σt = σ(wo × [ht−1, xt] + bo) (12)

6. Current Hidden State

St = σt × tanh(Ct) (13)

In these equations, Ct represents the cell state at the current time step, while St denotes
the hidden state.

2.2.3. BiLSTM Algorithm

BiLSTM build upon LSTM by incorporating a reverse LSTM layer to process time-
series data in both forward and backward directions [38]. Unlike traditional LSTM, which
only utilizes past information, BiLSTM enhances context understanding by using two
LSTMs at each time step—one for past inputs and one for future inputs. Its basic structure
is shown in Figure 5.

Figure 5. The basic structure of BiLSTM.

The BiLSTM network is capable of handling temporal dependencies in sequential
data, with its bidirectional structure allowing the model to capture both past and future
contextual information. For a given time-series input, the forward and backward hidden
states in BiLSTM are computed as follows:

• Forward LSTM
→
ht = LSTM

(
Ft,

→
ht−1

)
(14)

• Backward LSTM

←
ht = LSTM

(
Ft,

←
ht−1

)
(15)

The final output of the BiLSTM Ht is the concatenation of the forward and backward
hidden states:

Ht =
→
ht ⊕

←
ht (16)

where ⊕ denotes the concatenation operation. This approach ensures that the model
leverages information from both past and future sequences, thus improving the prediction
accuracy [39]. The BiLSTM output is passed through a fully connected layer, converting
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the hidden states into output predictions, followed by a regression layer that maps these
predictions to the actual values, as shown in the following equation:

y = W f c · Ht + b f c (17)

where W f c and b f c are the weights and biases of the fully connected layer, and y is the
final output.

The model optimization is performed using the Adam optimizer, which adjusts the
learning rate dynamically during training. The learning rate starts at α = 0.01 and decays
by a factor of 0.01 every 70 epochs, enhancing the model’s convergence. The structure of
CNN-BiLSTM is shown in Figure 6.

Figure 6. CNN-BiLSTM model structure diagram.

Each pipeline sample was structured as a 1 × 4 vector containing geometric features.
These were processed as 1D feature maps by the CNN with kernel size of 1. No time-series
simulation was applied; all data were static and literature-derived.

To enable BiLSTM processing, each feature vector was reshaped into a sequence of four
pseudo-time steps. This structure allowed the model to learn inter-feature relationships in
a temporal fashion despite the data being static.

The CNN input is shaped as a 1 × 4 × 1 tensor. After convolution and pooling, a
4 × 1 sequence is passed to BiLSTM, producing a 64-dimensional feature vector. This
vector is input into AdaBoost, which outputs a scalar prediction of residual strength. The
parameters used in the CNN-BiLSTM method are listed in Table 3.
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Table 3. Parameters’ setting of CNN-BiLSTM method.

Parameters Value

Convolution layer filters 64
Convolution layer kernel size 1

Convolution layer activation function RELU
Convolution layer padding Same

Pooling layer pool size 1
Pooling layer padding Same

Pooling layer activation function RELU
Number of hidden units in BiLSTM layer 64

2.2.4. Adaboost Algorithm

Adaboost is an ensemble learning algorithm that combines multiple weak classifiers
to form a strong classifier. The core idea of Adaboost is to iteratively adjust the weights
of training samples, giving higher weights to those samples that were misclassified in
previous iterations, thus improving the overall classification accuracy. The Adaboost
algorithm is employed to enhance the CNN-BiLSTM model by iteratively training multiple
weak regressors and combining them into a strong predictor. Ten weak regressors (K = 10)
are used.

In each iteration, given a weight distribution w(t)
i , a weak classifier h(t) is trained, and

its weighted error ε(t) is computed as

ε(t) =
n

∑
i=1

w(t)
i g
{

h(t)(xi) ̸= yi

}
(18)

where g{·} is the indicator function, yi is the true label of sample i. The weight of the weak
classifier is then calculated as

α(t) =
1
2

ln

(
1− ε(t)

ε(t)

)
(19)

Subsequently, if h(t)(xi) = yi, the weight distribution of the training samples is updated as

w(t+1)
i =

wi

2
(
1− ε(t)

) (20)

If h(t)(xi) ̸= yi, the weight distribution of the training sample is updated as

w(t+1)
i =

wi

2ε(t)
(21)

Finally, the output of Adaboost is the weighted voting result of all weak classifiers:

f (T)(·) =
T

∑
t=1

α(t)h(t)(·) (22)

2.2.5. CNN-BiLSTM-Adaboost Algorithm

1. Workflow of CNN-BiLSTM-Adaboost Algorithm
The structure of CNN-BiLSTM-Adaboost is shown in Figure 7. The overall workflow
of the CNN-BiLSTM-Adaboost algorithm is as follows.

(a) Feature Extraction: CNN is utilized to extract spatial features from the input
data, yielding the feature vector FCNN .
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(b) Sequence Modeling: The feature vector FCNN is then input into BiLSTM, which
extracts temporal dependency features, resulting in the feature vector FBiLSTM.

(c) Classification: Adaboost is employed to classify the feature vector FBiLSTM,
producing the final prediction H(FBiLSTM).

This hybrid model combines the spatial feature extraction capability of CNN, the
temporal dependency modeling ability of BiLSTM, and the ensemble learning strength of
Adaboost, making it highly effective for complex sequential data prediction tasks.

Figure 7. CNN-BiLSTM-Adaboost structure diagram.

2. CNN-BiLSTM-Adaboost Training Process

The CNN-BiLSTM-Adaboost training process is shown in Figure 8, and the main steps
are as follows.

Figure 8. Activity diagram of CNN-BiLSTM-Adaboost training process.



Appl. Sci. 2025, 15, 9059 12 of 23

(a) Input Data: The data required for training the CNN-BiLSTM-Adaboost algorithm is
fed into the model.

(b) Data Standardization: As there is a large variance in the input data, z-score standard-
ization is applied to normalize the input data, as shown in Formula (23).

yi =
xi − x

s
(23)

where yi is the standardized value, xi is the input data, x is the average of the input data,
and s is the standard deviation of the input data.

(c) Network Initialization: The weights and biases of each layer of the CNN-BiLSTM-
Adaboost model are initialized.

(d) CNN Feature Extraction: The input data is passed through the convolution and
pooling layers to extract local spatial features, resulting in a feature vector.

(e) BiLSTM Temporal Modeling: The feature vector output from the CNN layer is passed
through the BiLSTM layer, which processes the temporal dependencies in the sequen-
tial data via forward and backward LSTM networks, generating an output.

(f) Adaboost Enhancement: The output from the BiLSTM layer is fed into multiple weak
regressors, which are combined using the Adaboost algorithm to produce the final
output.

(g) Output Layer Calculation: The final output of the model is generated through a fully
connected layer and a regression layer, mapping the Adaboost output to the final
predicted value.

(h) Error Calculation: The predicted value from the output layer is compared with the
actual value for the dataset, and the corresponding prediction error is calculated. The
error calculation metrics are the mean absolute percentage error (MAPE) and mean
squared error (RMSE):

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (24)

MAPE =
1
n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100% (25)

(i) End Condition Judgment: The training process is evaluated against termination condi-
tions, which include completing a predetermined number of cycles, the weights falling
below a certain threshold, or the prediction error rate being below a preset threshold.
If any of these conditions are met, training is completed; otherwise, it continues.

(j) Error Back Propagation: The calculated error is propagated backward through the
network, updating the weights and biases of each layer. The process then returns to
step 4 to continue training.

3. CNN-BiLSTM-Adaboost Prediction Process

The precondition for the CNN-BiLSTM-Adaboost prediction is that the model has
completed its training. The prediction process is shown in Figure 9, and the main steps are
as follows.

(a) Input Data: The input data required for prediction are fed into the model.
(b) Data Standardization: The input data are standardized using the z-score method to

ensure consistency with the data distribution during training.
(c) Model Prediction: The standardized data are then fed into the trained CNN-BiLSTM-

Adaboost model to generate the corresponding predicted output value.
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(d) Standardization Restoration: The predicted output value from the CNN-BiLSTM-
Adaboost model is in a standardized form. It is restored to the original value using
the following Formula (26).

xi = yi · s + x (26)

where xi is the restored original value, yi is the output value from the CNN-BiLSTM-
Adaboost model, s is the standard deviation of the input data, and x is the mean of the
input data.

(e) Output Result: The restored prediction results are then outputted, completing the
prediction process.

Figure 9. Activity diagram of CNN-BiLSTM-Adaboost prediction process.

3. Results and Discussion
3.1. CNN Algorithm for Residual Strength Prediction

In Matlab software, four combined models—BiLSTM-Adaboost, CNN-LSTM, CNN-
BiLSTM, and CNN-BiLSTM-Adaboost—and the traditional CNN, LSTM, and BiLSTM
models are constructed. The 93 sets of pipeline burst pressure and influencing factor data
obtained from the literature are divided into two categories: the first category consists of
73 sets of data influencing pipeline residual strength and actual burst pressure, serving
as the model’s training samples. The second category includes 20 sets of data influencing
pipeline residual strength and actual burst pressure, serving as the model’s testing samples.
Firstly, the BiLSTM-Adaboost, CNN-LSTM, CNN-BiLSTM, CNN-BiLSTM-Adaboost, and
traditional CNN, LSTM, and BiLSTM models are individually trained using samples from
the training set. Then, the trained models are used to predict the residual strength of the
20 testing samples, and the root mean square error of each predicted result is calculated.
The average relative error of the 20 predicted samples is computed, and the fulfillment of
conservatism requirements in the prediction results is statistically analyzed. The evaluation
of the prediction results is presented in Table 4.



Appl. Sci. 2025, 15, 9059 14 of 23

Table 4. CNN model prediction results relative error and conservative point situation.

Algorithm RMSE MAE MAPE (%) R2

CNN 4.3963 3.2794 28.8084 0.6354
LSTM 8.5470 7.147 53.7685 −5.5987

BiLSTM 6.3117 5.5958 35.4587 −2.9485
BiLSTM-Adaboost 3.0654 2.5289 15.0926 0.7664

CNN-LSTM 1.8516 1.3291 8.1882 0.8828
CNN-BiLSTM 1.9619 1.1757 5.9847 0.9425

CNN-BiLSTM-XGBoost 3.3828 2.3119 25.0796 0.7205
CNN-BiLSTM-Adaboost 1.5732 1.2463 4.6944 0.9532

Figure 10 presents the results of the CNN model in predicting pipeline residual
strength. By comparing the predicted and actual values for the training and testing sets, the
fitting performance of the CNN model is displayed. While the CNN model captures part
of the data trend, larger prediction errors are observed in some samples, particularly in the
high-pressure regions, indicating the limitations of CNN in handling complex nonlinear
data. The RMSE of the CNN model is 4.3963, reflecting significant errors, especially in the
high-pressure regions.

   

(a)  (b) 

Figure 10. Prediction results graph of the CNN model.

Figure 11 shows the prediction results of the BiLSTM-Adaboost model. It is evi-
dent that the BiLSTM-Adaboost model performs better than the CNN model in handling
time-series data, with higher accuracy in the predicted values. The prediction accuracy
is significantly improved across different data intervals, especially in the high-pressure
regions, further validating the effectiveness of the AdaBoost ensemble learning strategy.
The RMSE of the BiLSTM-Adaboost model is 3.0654, showing a substantial reduction in
error compared to the CNN model and indicating a better fitting performance.
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Figure 11. Prediction results graph of the BiLSTM-Adaboost model.

Figure 12 presents the prediction results of the CNN-LSTM model. Comparing the
results of the CNN-LSTM model with other models, it can be seen that while LSTM captures
temporal dependencies well, its prediction accuracy still needs improvement for certain
complex nonlinear data points. The model’s performance in the high-pressure region is
slightly inadequate, indicating that its overall fitting ability is still inferior to the BiLSTM-
Adaboost model. The RMSE of the CNN-LSTM model is 1.8516, showing good performance
in handling temporal dependency data.

   

(a)  (b) 

Figure 12. Prediction results graph of the CNN-LSTM model.

Figure 13 shows the prediction results of the CNN-BiLSTM model. Compared to the
previous models, the CNN-BiLSTM model performs more consistently across different
pressure ranges, with relatively lower prediction errors. The RMSE of the CNN-BiLSTM
model is 1.9619, indicating a better overall performance than CNN and CNN-LSTM models.
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(a) (b)

Figure 13. Prediction results graph of the CNN-BiLSTM model.

Figure 14 illustrates the prediction results of the CNN-BiLSTM-Adaboost model. A
comparison with other models reveals that the CNN-BiLSTM-Adaboost model provides
the most ideal fitting across various pressure ranges, particularly excelling in high-pressure
predictions with minimal error. The RMSE of the CNN-BiLSTM-Adaboost model is 1.5732,
the lowest among all models, demonstrating that the combination of CNN’s spatial feature
extraction, BiLSTM’s temporal modeling, and AdaBoost’s ensemble learning significantly
improves prediction accuracy.

(a) (b)

Figure 14. Prediction results graph of the CNN-BiLSTM-Adaboost model.

Figure 15 illustrates the prediction results of the CNN-BiLSTM-XGBoost model. The
predicted values generally follow the actual values, showing the model’s ability to capture
key trends in pipeline residual strength. With an RMSE of 3.3828, the model shows
moderate error. The hybrid structure improves learning of spatial, temporal, and nonlinear
features, providing a balanced but not optimal prediction solution.
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(a) (b)

Figure 15. Prediction results graph of the CNN-BiLSTM-XGBoost model.

Figure 16 shows the linear fitting of the CNN model’s prediction results. Although the
CNN model fits part of the data, the overall prediction performance is suboptimal. The
R2 value of the CNN model is 0.6354, indicating limited explanatory power, especially in
the high-pressure data points where the linear fitting curve deviates significantly from the
ideal 45-degree line, reflecting the model’s limitations in handling complex nonlinear data.

(a) (b)

Figure 16. CNN prediction results in linear fitting graph.

Figure 17 presents the linear fitting results of the BiLSTM-Adaboost model. It is
evident that the BiLSTM-Adaboost model performs better than the CNN model, with an
R2 value of 0.7664. The fitting curve approaches the ideal 45-degree line, demonstrating
higher accuracy and robustness in handling complex time-series data.
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(a) (b)

Figure 17. BiLSTM-Adaboost prediction results in linear fitting graph.

Figure 18 shows the linear fitting results of the CNN-LSTM model. Compared to
previous models, the LSTM model performs well in capturing temporal dependencies,
with an R2 value of 0.8828. This indicates a significant improvement in data fitting, al-
though some high-pressure data points still deviate from the ideal curve, leaving room for
minor errors.

(a) (b)

Figure 18. CNN-LSTM prediction results in linear fitting graph.

Figure 19 illustrates the linear fitting results of the CNN-BiLSTM model. The figure
shows that the CNN-BiLSTM model fits the data well, with the fitting curve close to the
ideal 45-degree line. The R2 value of the CNN-BiLSTM model is 0.9425, demonstrating
excellent performance in handling time-series data and significantly better fitting accuracy
compared to previous models.
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(a) (b)

Figure 19. CNN-BiLSTM prediction results in linear fitting graph.

Figure 20 presents the linear fitting results of the CNN-BiLSTM-Adaboost model.
Compared to other models, the fitting curve of the CNN-BiLSTM-Adaboost model is
the closest to the ideal 45-degree line, with an R2 value of 0.9532, the highest among all
models. This indicates that this model has the strongest fitting ability and prediction
accuracy in pipeline residual strength prediction, further validating its effectiveness as the
optimal model.

(a) (b)

Figure 20. CNN-BiLSTM-Adaboost prediction results in linear fitting graph.

Figure 21 presents the linear fitting results of the CNN-BiLSTM-XGBoost model. Com-
pared to other models, the CNN-BiLSTM-XGBoost model achieves a moderate alignment
with the ideal 45-degree line, with an R2 value of 0.7205. Although the fitting curve shows
noticeable deviations in certain regions, the overall trend suggests that the model can
effectively learn key patterns in the data. The integration of CNN for spatial feature extrac-
tion, BiLSTM for capturing temporal dependencies, and XGBoost for enhanced nonlinear
learning contributes to its balanced performance. While its predictive accuracy is not as
high as the top-performing models, it demonstrates promising potential for improvement
and serves as a competitive alternative in pipeline residual strength prediction.
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(a) (b)

Figure 21. CNN-BiLSTM-XGBoost prediction results in linear fitting graph.

The prediction results and the calculated average relative errors from the four opti-
mization models visually demonstrate that among the bioinspired algorithms, the model
optimized using the CNN-BiLSTM-Adaboost parameters performs the best. The CNN-
BiLSTM-Adaboost algorithm shows an average relative error of 4.6944% and has 1 point
not satisfying conservatism out of the 20 predicted pipeline residual strength influencing
factor data. Among exhaustive search optimization algorithms, the CNN-BiLSTM algo-
rithm has four points not satisfying conservatism, and its average relative error is relatively
higher compared to the CNN-BiLSTM-Adaboost algorithm, leading to a slight deficiency in
accuracy. Therefore, the CNN-BiLSTM-Adaboost algorithm is chosen as the optimal model
for predicting the residual strength of pipelines with corrosion defects. The predicted
results are then compared with the standard evaluation methods.

3.2. Comparison of CNN-BiLSTM-Adaboost Algorithm and Standard Methods for Residual
Strength Prediction

For commonly used standard methods for pipeline residual strength evaluation, the
American Society of Mechanical Engineers (ASME) B31G evaluation method, Det Norske
Veritas Recommended Practice (DNV RP)-F101 evaluation method, and Pipeline Coatings
and Corrosion Research Council (PCORRC) evaluation method are representative. To
feasibly study the CNN-BiLSTM-Adaboost-based pipeline residual strength evaluation
method, the predicted results of the CNN-BiLSTM-Adaboost algorithm are compared with
the evaluation results of ASME B31G, DNV RP-F101, and PCORRC for the 20 predicted
samples and the actual residual strength of the pipeline. The average relative error and
conservatism situations for the 20 sets of data are calculated and presented in Table 5.

Table 5. The relative error and conservatism of prediction results of intelligent algorithm and standard
method model.

Evaluation Methods
CNN-

BiLSTM-
Adaboost

ASME
B31G DNV RP-F101 PCORRC

average relative error (%) 4.694 33.595 48.085 45.447
number of points not
meeting conservatism 1 2 4 4
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It is observed that, among the CNN-BiLSTM-AdaBoost algorithm, ASME B31G eval-
uation method, DNV RP F101 evaluation method, and PCORRC evaluation method, the
CNN-BiLSTM-AdaBoost algorithm has a relatively smaller average relative error in the eval-
uation results. Compared with the traditional ASME B31G, DNV RP F101, and PCORRC
standards, CNN-BiLSTM-AdaBoost method reduces the average relative error by 28.901%,
43.391%, and 40.753%, respectively [40]. In terms of accuracy, the CNN–BiLSTM–AdaBoost
algorithm outperforms the other three evaluation methods. However, in terms of conser-
vatism, the CNN–BiLSTM–AdaBoost algorithm is not as conservative as traditional stan-
dard evaluation methods. In practical operations, to ensure the safe operation of pipelines,
operators will not adjust the working pressure of the pipeline to the maximum working
pressure but will reduce it to a certain pressure level as the actual working pressure of the
pipeline. Although one data point in the CNN-BiLSTM-Adaboost algorithm’s predictions
does not meet the conservative requirements of the pipeline, the overall impact on the safe
operation of the pipeline is not fundamental. Moreover, the CNN-BiLSTM-Adaboost algo-
rithm has higher accuracy. Therefore, the prediction results of the CNN-BiLSTM-Adaboost
algorithm are more feasible and convenient compared to traditional evaluation methods.

4. Conclusions
In this study, we proposed a pipeline residual strength prediction model based on the

CNN-BiLSTM-Adaboost algorithm and verified its effectiveness and feasibility in practical
applications. Through correlation analysis, we explored the relationships between pipeline
wall thickness, defect depth, defect length, and burst pressure. Based on these findings,
the prediction capability of the model was enhanced by combining CNN, BiLSTM, and
AdaBoost algorithms. The results demonstrate that the proposed CNN-BiLSTM-AdaBoost
model achieves an average relative error of only 4.694%, with just one non-conservative
point, significantly outperforming traditional methods. Specifically, compared to the ASME
B31G, DNV RP F101, and PCORRC methods—which exhibit average relative errors of
33.595%, 48.085%, and 45.447%, respectively—our model reduces the predictive error by
28.901%, 43.391%, and 40.753%, respectively. Therefore, the CNN-BiLSTM-Adaboost model
not only achieves high prediction accuracy but also demonstrates good conservatism and ro-
bustness, confirming its feasibility and superiority in pipeline residual strength prediction.
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