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ABSTRACT 
 Aiming at the problems of untimely monitoring, 
difficult quantitative assessment, and inaccurate 
prediction of oil and water well casings, this study 
develops two models: a casing Health Index (HI) 
calculation model and an HI time-series prediction 
model. First, the main influencing factors of casing 
damage were screened and identified. Then, a casing HI 
model based on the weighted fusion of Principal 
Component Analysis (PCA) and Mean Decrease Impurity 
(MDI) importance values was constructed. Furthermore, 
research on the time-series prediction model of oil and 
water well casing HI based on Long Short-Term Memory 
(LSTM) network was conducted. Using 87 production 
intervals (18 damaged) from 13 casings in an oilfield of 
PetroChina, 14 key parameters were identified to 
calculate and predict HI. Results show: the HI model 
realizes quantitative health risk evaluation; the LSTM 
model captures the temporal trend of HI with high 
accuracy. This study realizes real-time, quantitative, and 
accurate assessment and prediction of the service 
operation health status of oil and water well casings, and 
provides good guidance for the early warning of oil and 
water well casing damage. 
 
Keywords: oil and water well casings, analysis of key 
control parameters, health index, long short-term 
memory network, prediction model  

1. INTRODUCTION 
In oil and gas exploitation, casings—key structures 

linking the surface and oil-gas reservoirs—are critical to 
oilfields’ long-term stable production[1]. During oilfield 
development, casing damage has grown more severe, 
raising management costs, risking safety accidents, and 
threatening oilfields’ sustainable development[2,3]. Thus, 
researching casing health and building scientific, 
effective health assessment/prediction models is 
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theoretically and practically significant for safe, efficient 
oilfield development. 

Oilfield casing damage is complex, involving multi-
factor, multi-stage, multi-scale processes[4,5]. Traditional 
methods[6-7] and machine learning models[8-10] have 
advanced casing damage detection/prediction, but 
accuracy remains limited; Tan et al. also realized 
prediction via optimized factors and extreme gradient 
boosting trees[11]. Water injection development worsens 
casing damage by disrupting in-situ stress balance, 
requiring its impact to be considered[12-14]. While Wang 
et al. analyzed water injection well casing damage using 
oil production and water injection data[15,16], existing 
methods for water injection-related casing damage still 
lack accuracy. Thus, improving casing damage prediction 
accuracy is an urgent need in oil and gas development. 

Although existing studies have made considerable 
progress in predicting the probability of casing damage, 
research on the assessment and prediction of casing 
health remains relatively scarce. The assessment of 
Casing Health Index (HI) can not only reveal the current 
status of casings but also predict their future variation 
trends by establishing prediction models, thereby 
playing a role in preventing casing damage and extending 
the service life of casings. Health assessment has been 
widely used in rail transit, wind power, and oilfield 
equipment[17,18], but remains scarce for casing HI Casing 
health emphasizes understanding and evaluating the 
overall health status of casings, rather than merely 
predicting the possibility of their damage. Its purpose is 
to provide a more comprehensive and dynamic 
assessment method, reflect the comprehensive health 
status of casings in real time, further evaluate the actual 
operational risks of casings more accurately, and support 
more effective maintenance decisions. Currently, in the 
field of casing damage, research on HI is still insufficient. 

To address the limitations of existing studies, this 
research takes an oilfield of PetroChina as the research 
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object, and constructs a casing HI calculation model and 
a time-series prediction model. By screening and 
identifying the main influencing factors of casing 
damage, a weighted fusion HI model is established using 
Principal Component Analysis(PCA), enabling 
quantitative assessment of the casing health status. 
Meanwhile, this study also conducts research on a time-
series prediction model for the HI of oil and water well 
casings based on the Long Short-Term Memory(LSTM) 
neural network, realizing dynamic monitoring and early 
warning of the casing health status. 

2. THE LSTM NETWORK 

The Long Short-Term Memory (LSTM) network is an 
improved type of Recurrent Neural Network (RNN). It 
solves the vanishing gradient problem of traditional 
RNNs via three gates (input, forget, output), which 
integrate short-term and long-term memory, it is 
superior for capturing long-term dependencies in time-
series data. 

The structure of each cell unit in the LSTM is shown 
in Figure 1, × denotes pointwise multiplication, 
and + denotes pointwise addition. By introducing gating 
mechanisms into the hidden layer, the LSTM subtly 
addresses the vanishing gradient problem and 
incorporates more parameters into its network structure 
to control the model’s behavior with greater precision. 
This structural advantage enables the LSTM to exhibit 
significant superiority when handling tasks that require 
consideration of long-term temporal information, such 
as equipment HI prediction. The LSTM can capture long-
term dependencies in time series, which is crucial for 
predicting the future status and potential failures of 
equipment. 

3. CASING HEALTH INDEX CALCULATION 
The HI calculation model is the core of evaluating 

production performance and predicting future trends of 
oil and water well casings, serving as a comprehensive 
indicator for casing health. Among collected parameters, 

some show similar variation trends and high correlation, 
while others have little impact on judging casing damage 
or how parameter changes affect casing health. Thus, 
key control parameters must be optimized and selected 
before developing the casing health early warning 
system. 

After data preprocessing and key control parameter 
screening, selected parameters are used to calculate HI. 
First, parameters from all casing-damaged wells are 
integrated; Principal Component Analysis (PCA) is 
applied to derive their covariance matrix A. Diagonalizing 
the matrix yields eigenvalues, which serve as parameter 
weights. Weighting and summing each parameter with 
its corresponding weight gives a comprehensive score 
reflecting casing health, and HI is finally obtained by 
normalizing this score. 

It is assumed that the constructed dataset is as 
shown in Table 1. The PCA method uses variance to 
measure the amount of information. The sample set is 

 
T

1 2, ,..., 0 1j j njX X X X j m=   −   ， , where n is 

the number of key control parameters, m represents a 

specific time, and 
1 2, ,...,nj n n njX X X X=    . All 

samples are constructed into an n m  matrix, which is 
the covariance matrix; this covariance matrix is denoted 
as A. 

Let the eigenvalues of matrix A be denoted 

as ( )1,2, ,i i n = . Suppose the input value of the key 

control parameter at time t is ( )1 2, , ,t t t ntX x x x= . 

The component matrix B is as follows: 
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The calculation formula for the coefficient in the linear 
combination is as follows: 

 ij ij jz =  (2) 

Thus, the coefficient matrix denoted as D. Next, the 
weights of each parameter are calculated. Let the 

 
Fig. 1 Cell structure 

Table. 1 Assumed dataset 

Time(t) 
Parameter 
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variance of each component be denoted as 2

iS , and the 

variances of all components as 2 2 2 2

1 2, , , nS S S S=    ; 

then the calculation formula for the coefficients can be 
obtained as follows: 

 ( )2 2

1 1

n n

i ij j j

j j

S S 
= =

=   (3) 

The coefficient matrix is as follows: 

 ( )2

1 2, , , nD S    =  =  (4) 

Perform normalization on matrix  , thus yielding 
the weights   of each parameter; the calculation 
formula for which is as follows: 
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Weight vector  1 2, , , n   = . Let the 

parameter at time t be denoted as tX , the calculation 

formula for the comprehensive index tCI  is as follows: 

 T

t tCI X=   (6) 

The comprehensive index at each time within the 

time period is  0 1, , , tCI CI CI CI= . By performing 

normalization on the obtained comprehensive index, the 
HI is obtained. The calculation method is as follows, 

where maxCI  denotes the maximum comprehensive 

index value in the historical data, and minCI  denotes the 

minimum comprehensive index value in the historical 
data. 

  0 1 1, , ,t mHI HI HI HI −=  (7) 

4. CONSTRUCTION OF HEALTH INDEX TIME SERIES 
PREDICTION MODEL 

This study proposes a five-step method for 
evaluating and predicting the health status of oil and 
water well casings based on deep learning, namely Data 
Preprocessing (DP), Main Control Parameters (MCP) 
Optimization, HI Construction, Health Degree (HD) 
Classification, and Health Status Prediction (HSP). 

Specifically, historical and current Health Indices of oil 
and water well casings are calculated using data from 
drilling, well completion, production, stimulation, and 
workover operations. The LSTM is adopted to establish a 
time series prediction model for HI, enabling the 
prediction of future time series Health Indices. 

The steps for constructing the HI machine learning 
model include model creation, training, and validation, 
with the specific methods detailed as follows: 

(1) Model Initialization: An LSTM network model is 
built based on PyTorch, and the initial hyperparameters 
of the network are set. 

(2) Dataset Division: In accordance with the 
requirements of the LSTM model, features are extracted 
from various production data of oil and water wells, 
historical HIs are calculated, and time series are 
constructed. Data are segmented according to a preset 
time window length to form a training set and a test set. 
For the data of each well, 70% is used for training, and 
30% for testing. 

(3) Hyperparameter Optimization: The model’s 
hyperparameters are finely adjusted using the grid 
search method. The final parameters used in this study 
are as follows: batch size = 32, time step = 48, number of 
network layers = 2, number of epochs = 200, and the 
AdamW optimization algorithm is selected. 

(4) Model Training and Optimization: The model is 
trained using the training dataset, and the test dataset is 
used to verify the model’s predictive performance. 

(5) Model Performance Validation: When evaluating 
the performance of the oil and water well casing HI 
prediction model, the total number of predictions n, 

predicted values prey , and actual values ty  are defined 

to compare the prediction accuracy. 
(6) Model Release: The prediction accuracy of the HI 

machine learning model is finally evaluated using the test 
set. Once the prediction accuracy meets the preset 
criteria, the model training is completed, and the model 
can be officially released as a prediction model. 

Table. 2 Main control parameters 

Oil Production Data Water Injection Data Stimulation Data Others 

Cumulative Oil Production Fluid 

Maximum Oil Production Water Cut 

Maximum Daily Fluid Production 

QLKH 

QLHN 

Total Water Injection Volume 

Maximum Water Injection Tubing 
Pressure 

Maximum Water Injection Casing 
Pressure 

Maximum Daily Injection Volume 

Maximum Water Injection Intensity 

Cumulative Stimulation Times 

Well Type Change Times 

Downhole Operation Times 

Cumulative Production Duration 
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5. CASE APPLICATION  
A total of 87 production intervals from 13 casing-

damaged oil and water wells in an oilfield of PetroChina 
(including 18 casing-damaged intervals) were taken as 
the research object to verify the effectiveness of the 
aforementioned algorithm. 

5.1 Determination of Main Control Parameters 

Owing to notable differences in geological, 
development and production conditions across oilfields, 
the key factors affecting the health of oil and water well 
casings show prominent oilfield specificity. A universal 
master control factor system for all oilfields cannot be 
established, and targeted screening must be conducted 
based on the actual conditions of the target block. For 
the studied oilfield, we integrated the full-lifecycle data 
of 87 production intervals from 13 casing-damaged oil 
and water wells in the block, including basic drilling and 
completion parameters, dynamic production data of oil 
production and water injection, and stimulation 
operation records. After data cleaning, correlation 
analysis and feature importance evaluation, we screened 
out the master control factors that accurately reflect the 
casing health status of this block (Table 2). Among them, 
QLKH=Qlmax/KH and QLHN=Qlmax/HN, where Qlmax is 
the maximum daily liquid production of a single interval, 
and K, H and N refer to sand layer permeability, thin layer 
thickness and perforation density, respectively. All data 
were processed into monthly data. 

5.2 Analysis of HI Results 

Take the full-lifecycle data of Perforated Interval 31 
of Well G92 as an example. This interval was put into 
production as an oil production well in November 2007, 
converted to a water injection well in January 2021, and 
shut down in June 2023, with casing damage occurring in 
October 2011. Based on the content in Chapter 3, its HI 
can be calculated, as shown in Figure 2. Before the failure 
occurred, the HI fluctuated between 0.8 and 0.9; when 
the failure occurred, the HI decreased, and then 
fluctuated in the range of 0.1 to 0.6 until production 
ceased. The increase in HI after the failure was due to the 
well being repaired, and it was converted to a water 
injection well shortly afterward. Subsequently, 
significant fluctuations in water injection data—including 
indicators such as maximum daily injection volume and 
maximum water injection casing pressure—caused the 
HI to also remain in a fluctuating state. 

Figure 3 presents the HI of perforated intervals with 
casing damage in partial wells. For Perforated Interval 34 
of Well J31, its HI declined earlier than the actual casing 

damage occurrence, due to the 1-month data sampling 
interval and the oilfield’s delayed detection—casing 
damage was only identified in the month after it 
happened. Figure 4 shows the HI of undamaged 
perforated intervals in some wells, and Table 3 statistics 
the HI variation ranges of 13 casing-damaged wells. Data 
analysis indicates that the HI of most wells distributes 
between 0.7 and 1 under normal operation, while 
ranging from 0 to 0.5 under fault conditions. Specifically, 
an HI of 0.7–1 means the oil and water well casing is 
healthy, 0.5–0.7 indicates a sub-healthy state, and 0–0.5 
signifies a faulty state. Correspondingly, the fault early 
warning and alarm mechanism is triggered by HI 
thresholds: early warning is activated when HI drops 

 
Fig. 2 Health Index of casing damage well 

 
Fig. 3 Health index of perforated intervals with 

casing damage in some wells 

 
Fig. 4 Health index of perforated intervals without 

casing damage in some wells 
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below 0.7, and an alarm is triggered when HI further falls 
below 0.5. 

5.3 HI Prediction 

The LSTM network is used to predict future HI, with 
the network’s hyperparameter settings described in 
Chapter 4. Taking Perforated Interval 31 of Well G92 as 
an example, the variation of the model’s loss function 
with the number of training iterations during the training 
process is shown in Figure 5.  

It can be seen that as the number of training 
iterations increases, the value of the model’s loss 
function gradually decreases and tends to stabilize. The 
LSTM prediction model does not exhibit the issues of 
overfitting or underfitting during training, demonstrating 
strong generalization ability and making it suitable for 
casing damage prediction tasks. The training and 
prediction performance of the LSTM model is shown in 
Figure 6. Based on the model evaluation method, the 
evaluation results of the LSTM model on the test set are 
presented in Table 4, where MAE denotes mean absolute 
error, RMSE denotes root mean square error, and R² 
denotes coefficient of determination. 

The model’s performance was further tested on the 
data of each perforated interval across the 13 wells. For 
each well, the test set errors of all its perforated intervals 
were averaged, and the results are shown in Table 5. 

It can be seen that for this model on the test set, the 
MAE does not exceed 0.1, the RMSE does not exceed 
0.12, and most of the R² are higher than 0.85, with the 
lowest not less than 0.79. This LSTM prediction model 
effectively captures the variation patterns of the HI and 
their inherent correlations, enabling real-time and 

accurate prediction of the health status of oil and water 
well casings. 

6. CONCLUSIONS 
This study proposes a method for evaluating and 

predicting the health status of oil and water well casings , 
and develops a five-step HI prediction workflow: data 
preprocessing, key parameter screening, HI modeling, 

Table. 3 Statistics on the Health Index range of 13 
damaged wells 

Well Name 
HI Range under 

Normal  
Conditions 

HI Range under 
Fault 

Conditions 
G18 0.7-1.0 0-0.2 
G92 0.7-1.0 0-0.55 
J15 0.8-1.0 0-0.4 
J24 0.8-1.0 0-0.4 
J26 0.7-1.0 0-0.5 
J31 0.8-1.0 0-0.4 
J37 0.8-1.0 0-0.2 

J376 0.8-1.0 0-0.5 
J41 0.8-1.0 0-0.5 

J413 0.8-1.0 0-0.5 
J47 0.7-1.0 0-0.3 

J476 0.9-1.0 0-0.4 
JX49 0.7-1.0 0-0.5 

 

 
Fig. 5 The change process of loss in test set of LSTM 

 
Fig. 6 Comparison curve between predicted and 

actual values 

Table. 4 Evaluation results of LSTM 

 MAE RMSE R2 
Train set 0.0046 0.013 0.98 
Test set 0.0232 0.0953 0.94 

 
Table. 5 Evaluation of LSTM model for all wells 

Well Name MAE RMSE R2 
G18 0.0795 0.0914 0.91 
G92 0.0407 0.0886 0.92 
J15 0.0243 0.0583 0.94 
J24 0.0669 0.0799 0.92 
J26 0.0589 0.0529 0.86 
J31 0.0454 0.0870 0.94 
J37 0.0233 0.0760 0.88 

J376 0.0319 0.0493 0.97 
J41 0.0507 0.0672 0.88 

J413 0.0864 0.1137 0.79 
J47 0.0852 0.1014 0.81 

J476 0.0143 0.0236 0.85 
JX49 0.0732 0.0998 0.91 
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health stage classification, and health status prediction. 
After data preprocessing and main control parameter 
optimization of various production parameters of oil and 
water well casings, 14 main control parameters that 
reflect casing health status were identified, and a 
comprehensive indicator—the HI—was constructed to 
characterize casing health; the health status was further 
divided into three levels: high-risk (HI<0.5), medium-risk 
(0.5<HI<0.7), and low-risk (0.7<HI<1).   

An LSTM network was used for HI prediction that 
enables real-time and accurate prediction of the 
operational health status of oil and water well casings, 
thus realizing health early warning for casings. The 
established HI model and prediction model 
simultaneously account for the variation trends of health 
conditions and their temporal correlations, and exhibit 
high prediction accuracy. This allows the models to 
perform real-time and quantitative assessment of casing 
operational health, health identification, and casing 
damage early warning. 
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