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Abstract: The difficulty of collecting fault data samples is one of the application problems of the deep
learning method in fault diagnosis of mechanical production; the second is that when the depth of the
learning network increases, the network accuracy is saturated or even decreased. Therefore, based
on the deep learning algorithm and the DenseNet model, this paper establishes a fault diagnosis
model for the beam pumping unit through the transfer learning method. The model uses the global
pooling layer as the classifier. The model is used to classify and test various working conditions such
as wax deposition, pump leakage, insufficient liquid supply, and pump leakage in oil wells. The
results show that the model can obtain a classification model with high accuracy by learning a limited
number of sample data; in the case of uneven data samples, the model can also basically complete the
task classification task accurately. Through the evaluation of the test set, the model has an average
accuracy of more than 95% in identifying various working conditions.
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1. Preface

Oil, as a nonrenewable energy source, is increasingly important to the development of
modern society and the economy. Most of the authors’ country’s oil fields have entered the
middle and late stages of production, and many oil wells have more than 95% water content,
and problems such as eccentric wear, corrosion, and scaling are serious. By 2018, CNPC
had 184,600 oil wells in service, of which 90% were beam pumping wells. Twenty-five per
cent of oil wells had a pump inspection period of less than 300 days, of which 4237 wells
had more than 3 high-frequency pump inspections, accounting for 17% of the operation
volume. The operation cost is 700 million yuan, affecting the output of 250,000 tons.

The beam pumping unit has the characteristics of field operation, large quantity,
scattered location, harsh environment, and complex working conditions, and it is very
difficult to manage and monitor. To diagnose and discover various abnormal working
conditions of pumping wells as early as possible, petroleum engineering scientists have
studied various fault diagnosis techniques, such as expert system fault diagnosis, fuzzy
fault diagnosis, neural network fault diagnosis, and deep learning fault diagnosis.

The most widely used method to analyze the performance and fault diagnosis of
pumping wells is by means of a hanging nodes indicator diagram. The hanging node
indicator diagram is a closed curve which can reflect the downhole condition of the oil
well based on the shape, and different working conditions have different curve characteris-
tics. Artificial perception methods are time-consuming, labor-intensive, and error-prone.
Therefore, an automated diagnosis method is needed to improve the efficiency of manual
maintenance. In 1988, after visiting many famous experts, Derek et al. [1] developed an
expert system for fault diagnosis of rod pumping wells. They achieved this by converting
the indicator diagram on the ground into a downhole indicator diagram, then comparing it
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with the standard indicator diagram to determine the type of fault. However, the weakness
of the system is that it relies too much on the domain knowledge of experts in the petroleum
industry. In 1990, Rogers et al. [2] introduced the theory of artificial neural networks into
the indicator diagram recognition domain. They applied the error back propagation learn-
ing algorithm to train the neural network and were able to identify 15 types of indicator
diagrams. The neural network method has shown good application potential in this kind
of problem. However, due to the relatively simple structure of the neural network it uses,
the effect of using it is not ideal. In 1994, Nazi et al. [3] used a three-layer hybrid feedfor-
ward network model of the sinusoidal hidden layer perceptron algorithm and the sigmoid
output layer perceptron algorithm, which completed the classification task of 11 fault types
through the training of 167 dynamometer diagrams. In 2016, Wen Bilong et al. [4] used
a fuzzy neural network to solve the problem of oil pumping unit fault diagnosis. The
fuzzy theory diagnosis method needs to establish a membership function first, but the
membership function is artificially constructed and contains subjective factors. In addition,
there are certain requirements for the selection of characteristic elements, which limits the
application of the fuzzy neural network method.

The fault diagnosis method of artificial perception pattern has the problems of high
cost, long time, inconsistent analysis results, and being error-prone. Traditional pattern
recognition technology requires a lot of domain expert knowledge and expression reasoning
mechanisms, which are difficult to popularize and use. The machine learning diagnosis
method can extract characteristic information to analyze and evaluate the system only by
analyzing the historical monitoring data. The application data model replaces the accurate
complex system model, which has good generalization and is easy to apply.

In recent years, machine learning has been widely used in the field of fault diagnosis.
For example, Rauber et al. [5] designed the original feature vector based on 26 statistical
parameters, 72 envelope characteristics, and 32 wavelet envelope characteristics, and then
used support vector machines (Support Vector Machine, SVM) to identify the bearing
faults. Chine et al. [6] calculated several characteristic parameters and used an artificial
neural network for fault diagnosis of the photovoltaic system. Wijayasekara et al. [7]
proposed a novel fuzzy neural data fusion engine for online monitoring and diagnosis. The
above methods have achieved certain results, but due to the limitations of artificial feature
extraction, and the fact that there is no authoritative theory to guide the design method of
feature functions, such methods are difficult to popularize and use.

Deep learning, one of the branches of machine learning, is valued because it can extract
features from data automatically and reduce the uncertainty in the process of artificial
data extraction effectively. For example, Chen et al. [8] fused the vibration data in the
horizontal and vertical directions into a two-dimensional matrix and proposed a deep
CNN to identify gearbox operating conditions. Janssens et al. [9] identified four rotating
mechanical states by a two-dimensional CNN model. Using the discrete Fourier transform
of two vibration signals as input to a CNN, faults in rotating machinery are classified and
compared with artificially designed faults. The results show that the CNN-based method
outperforms traditional methods and does not require any artificial feature extraction with
domain expertise.

In recent years, fault diagnosis methods based on deep learning have received attention
in the petroleum industry. Zhao et al. [10] proposed a data-based CNN method and an
image-based CNN method for fault diagnosis of a rod oil pumping system and compared
them with traditional machine learning algorithms. The results show that the CNN-based
method is superior to the traditional method, as it does not need to extract any artificial
characteristics of experts in the field. Wang et al. [11] proposed a 14-layer CNN diagnostic
model based on big data deep learning to identify the working conditions of rod pumping
wells. In 2020, Cheng et al. [12] used a combination of transfer learning and SVM to identify
operating conditions in indicator diagrams automatically. This kind of method solves the
problem that feature extraction is more difficult and has no guaranteed effect. However,
the above research is based on the laboratory or a few working conditions, and the various
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types of data are processed uniformly, which is inconsistent with the actual work situation,
which leads to the following problems in practical applications:

(a) Most of the mechanical fault diagnosis studies are based on balanced data sets,
ignoring the fact that the amount of data in different working conditions in the actual
production process are often highly unbalanced. In the actual recorded data, as shown
in Figure 1, the number of each working condition type is not uniform. In practical
applications, mechanical equipment is in a normal state during most of the operation
stages, and failures rarely occur during operation [13]. In the actual working environment,
there are many kinds of faults, and it is difficult to provide sufficient samples. The rod
pump model may automatically ignore some working conditions affecting the actual use.
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Figure 1. Distribution diagram of actual working condition data.

(b) Most of the sample research data for mechanical fault diagnosis come from the
experimental environment or from a small amount of equipment operation data. Because of
the similarity of the sample data, the classification results are good, but the generalization
is poor. Therefore, the performance of the fault diagnosis model is affected in actual use.

To solve the problems of insufficient training data and uneven distribution of the
deep learning, the fault diagnosis method for sucker rod pumps, and serious performance
degradation of the deep model is seen when working conditions change. This paper
puts forward an intelligent fault diagnosis model for the sucker rod pump based on
transfer learning and the DenseNet model. First, transfer the pretraining model which is
established according to the DenseNet image recognition model structure to a new neural
network model, and using the actual working conditions of the artificial perception data for
preliminary training. Second, fine-tune the preliminary training achieves a certain effect and
further obtains the artificial perception classification model; finally, the working condition
diagnosis is carried out according to the fault artificial perception classification model.
This method can effectively avoid the problem of model fitting caused by the limitation of
data type and quantity, and can also improve the problem that special working conditions
cannot be effectively identified due to the uneven distribution of various samples. At the
same time, this paper uses actual production data to test, and the results show that the
model established by this method can meet the actual production requirements.

2. Fault Diagnosis Model and Application Method
2.1. Sucker Rod Pump Fault Diagnosis

The polished rod indicator diagram is often used to judge downhole working con-
ditions. The ground polished rod dynamometer can draw the relationship between the
load and displacement of the polished rod through the test data, that is, the polished rod
indicator diagram. The fault type of the oil well can be judged by calculating and analyzing
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the indicator diagram. Researchers in various countries expand the scope of interpretation
by improving the precision of the dynamometer and the interpretation method of indica-
tor diagrams. As the main means to judge the sucker rod pump’s fault, the optical rod
dynamometer has been widely used until today because of its advantages of convenient
operation and use. Figure 2 shows the theoretical indicator diagram under static load.
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Figure 2. Theoretical indicator diagram under static load.

In Figure 2, A is the stroke loss; Pjquig is the gravity of the liquid column above
the pump; P,.q is the gravity of the sucker rod in the liquid; Pgatic is the static load on
the polished rod. The indicator diagram is surrounded by closed line segments, and the
area represents the work done by the pumping unit in one reciprocating motion. The
dynamometer diagram of the pumping unit is close to a parallelogram under normal
working conditions. In the production operation, it is different to compute due to the
complex underground working environment of the pumping unit. In addition to the
manufacturing and installation of the pumping unit itself, downhole geological conditions
such as fluid, sand inclusions, liquid gas, and other factors can also cause the indicator
diagram to have a variety of different shapes.

A total of 15 fault types are studied in this paper: plunger up bump, plunger down
bump, insufficient fluid supply, double vale loss, fixed vale loss, broken rod, normal
operating conditions, gas effect, pump leakage, plunger coming out, swimming vale loss,
sand effect, heavy oil effect, wax effect, pump and eject. Figure 3 is an indicator diagram of
six common faults, where the horizontal axis represents the displacement and the vertical
axis represents the load.

2.2. Fault Diagnosis Model
2.2.1. Convolutional Neural Network and Transfer Learning

The convolutional neural network is one of the classic algorithms of deep learning,
that is, a kind of feedforward neural network that includes convolutional computation and
has deep structure. The convolutional neural network is constructed by imitating biological
visual perception, and its convolution layer can describe the image features with a small
amount of computation, which enables it to have a stable operation effect and means it
does not need to carry out additional feature engineering features [14]. A convolutional
neural network consists of an input layer, a hidden layer, and an output layer. After the
data are filtered, the input layer preprocesses the filtered data and converts all data into a
unified format, the preprocessed images are input to the convolutional layer and pooling
layer for feature extraction and computational analysis, and the images to be classified are
converted into feature images. Through full connection layer matching, the final output
is reached the target value. The main execution flow is shown in Figure 4 [15]. The input
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(a) Normal operating conditions
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layer of the convolutional neural network can receive arrays from one to four dimensions
depending on the structure. Before input of the learning data into the hidden layer, the
data should be normalized to improve the accuracy and efficiency of the algorithm.

05

10

15

2.0

KN KN
80 80
70 70
60 60
50 50
w S
30 30
20 20
10 10

25 30 000 0.5 10 15 2.0 25 3.0 000 05 10 15 2.0 25 3.0
m m m
(b) Insufficient fluid (c) Sand effect
KN KN

05

10

15

2.0

25 30 0.0 05 10 15 2.0 25 30 0.0 05 10 15 2.0 25 30
m m m

(d) Swimming valve (e) Broken (f) Wax effect

Figure 3. Example of Dynamometer Fault Types.

Convolution Pooling Fully -Connected Output

Figure 4. Diagram of convolutional neural network image recognition process.

The hidden layer of a convolutional neural network algorithm usually consists of three
structures: convolutional layer, pooling layer, and fully connected layer. We identify the
two-dimensional convolution function of the image as Equation (1) [16]:

S=XxW :ZT]:}xl] X wij (1)

where:

S—characteristic coefficient;

X—input matrix;

W—convolution kernel matrix;

(i, j)—the position of the variable in the feature matrix;
(m, n)—the position of the convolution kernel element.

The convolutional layer contains multiple convolution kernels, which are similar to
neurons in a feedforward neural network. The parameters of the convolution layer include
the size, step size, and filling method of the convolution kernel. These three factors jointly
determine the size of the output feature graph of the convolutional layer. The convolutional
layer contains an excitation function to help it express complex features. After feature
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extraction in the convolutional layer, feature selection and filtering are carried out in the
convolutional layer. Through the preset pooling function, the result of a single point in the
feature map is replaced by its neighboring area feature map statistics. The pooling function
is expressed as Equation (2) [17,18]:

1
Ali,j) = [T Alsgi + x50f + )] @)

where:

sp—step length;

A—output value;

f—size of pooling layer;

p—optional coefficient, when p = 1, the value of A(j, j) is denoted as L1(A), called mean
pooling; when p = oo, the value of A(j, j) is denoted as L (A), called maximum pooling;
pu—the random parameter is determined by the actual operation;

k value—calculated channel position;

[—calculate channel position.

The fully connected layer of the convolutional neural network is located at the end of
the hidden layer of the convolutional neural network, which expands the feature graph
into a vector and transmits it to the next layer through the activation function. The fully
connected layer performs a nonlinear combination of the extracted features and uses the
extracted high-order features for learning.

Transfer learning is a method in the field of big data, used to apply a known model
to a new field and is often used in deep learning tasks in computer vision and natural
language processing. The implementation process is to train the existing model as the basis
of the new model to achieve the purpose of reducing the computing cost and speeding up
the computing speed.

Transfer learning imitates the human visual system, making full use of prior knowl-
edge from different but related domains when performing new tasks in a given domain and
solving related cross-domain learning problems. In transfer learning, extracting representa-
tive information and applying it to a new task can effectively improve the computational
efficiency of the new task model. For learning tasks with scarce feature data, transfer
learning can retain existing features while learning new features to avoid feature extraction
errors caused by insufficient samples.

In 2014, Bengio et al. [19] studied the transferability of each layer feature in deep
learning. The experimental results are as follows: When deep learning is applied to image
processing, the features extracted by the first layer are basically similar to the Gabor filter
and color spots. In general, the first layer is not clearly related to the specific image dataset,
while the last layer of the network is closely related to the selected dataset and its mission
objectives. Bengio refers to the first layer of features as general features and the last layer
as specific features, and summarizes them as follows:

1. Feature transfer can improve the generalization performance of the model, even when
the target dataset is very large.

2. When the parameters are fixed and the number of layers increases, the transfer

accuracy between two tasks with low similarity increases faster than that between

two tasks with high similarity. The greater the difference between the two datasets,

the worse the effect of feature transfer.

Migration is better than using random parameters in any task.

4.  Initializing the network with migration parameters can still improve the generalization
performance, even if the target task has been heavily tuned.

w

The above research shows that even if there is a lack of approximate data sets, or the
data are transferred to different fields, the transfer learning method can still effectively im-
prove the training effect of machine learning and improve the generalization performance
of the model.
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2.2.2. Neural Network Framework

To explore the effect of different neural network models on indicator diagram recog-
nition, this paper intends to select different classification models to classify and test the
actual data. This article uses the TensorFlow open-source machine learning platform to
conduct dynamometer classification experiments. The model pretraining datasets selected
in the control experiments are all ImageNet datasets.

3. Dynamometer Classification Model Based on the Transfer Learning Method
3.1. Data Preprocessing

Data preprocessing includes image size definition, sample labeling, sample training,
batch classification, and sample normalization. The purpose of data preprocessing is
to make the sample format consistent for easy calculation, while removing redundant
information to reduce the amount of calculation

A total of 5053 sets of fault diagnosis data were collected in a well area in Daging
Oilfield, including 37 types of data including normal, plunger up bump, plunger down
bump, insufficient fluid supply, pump leakage, broken rod, and gas effect. The production
data are filtered according to the data type, and the types with less than 10 groups of
production data of the same type are classified as the other, and there are 15 main fault types
in actual production. After cleaning up the defective data (such as lost data, unexplained
data, obvious errors, etc.), the remaining 3502 groups of valid data were classified and
stored. Labels were assigned to 15 fault types, and their indexes and quantities are shown
in Table 1.

Table 1. Label index assignment result.

Fault Type Index Number
Plunger up bump 0 126
Plunger down bump 1 119
Insufficient fluid supply 2 332
Double valve loss 3 178
Fixed valve loss 4 91
Broken rod 5 325
Normal operating conditions 6 565
Gas effect 7 444
Pump leakage 8 375
Plunger come out 9 134
Swimming valve loss 10 275
Sand effect 11 110
Heavy oil effect 12 73
Wax effect 13 226
Pump and eject 14 89

The indicator diagram was drawn according to the data, and all JPG images were
unified into 600 x 400 pixels with the same coordinate system. Of these, 20% were randomly
selected as test set data and the remaining 80% as training set. After segmentation, the
sequence of indicator diagram data is fully disordered, and the training data set is packaged.
The indicator diagram data are normalized, as shown in Equation (3):

N xl-—225

Y= 1975 ®)
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where:

%;—Represents the pixel value of i th pixel of the sample after normalization;
x;—The i th pixel value of the sample, the purpose is to classify all pixels as [-1, 1].

According to the statistical results of the number of each fault type in Table 1, the
data amount of each type generated in actual production is not uniform, which does not
meet the requirement of data amount equality in traditional machine learning. At the same
time, the amount of data generated in actual production is often limited, and it needs to be
accumulated for a period of time to meet the requirements of machine learning. Therefore,
according to the characteristics of actual oil well production data, the transfer learning
method is used to establish the recognition model.

3.2. Transfer Learning Model Based on DenseNet
3.2.1. DenseNet Model Structure

Machine learning is a method to analyze data by generating models based on known
data sets. The analysis of data features is essential in the process of building recognition
models. When the feature information is insufficient, the recognition model cannot reach
the ideal state. Too much feature information will lead to a high cost of calculation of
the recognition model, which is not convenient for practical use. Therefore, whether
the features extracted from the target image can be effectively utilized is one of the key
factors affecting the classification effect of the model. The DenseNet model’s densely
connected approach transmits signals from each layer to the bottom layer to maximize
the use of effective features. As shown in Figure 5, compared with the traditional L-layer
convolutional network with L connections, DenseNet has w connections in the L-layer
convolutional network [17].

Figure 5. Dense connection mode of DenseNet model.

The network input at layer L is expressed as Equation (4):

xp = Hi([xg,x1,...,%-1]) 4)

where:

x;, 1=0,1,2,...] — 1—Input parameters for each layer;
Hj—is a compound function composed of Batch Normalization (BN), activation function
(ReLU), pooling function, and convolution layer (Conv).

In the dense connection mode, each layer in the DenseNet model can receive all
previous layer information, that is, feature propagation is strengthened, parameter reuse is
realized, the number of parameters is reduced, and the calculation process is simplified.

This paper establishes the basic model of the DenseNet structure and retains the
convolutional layer as the feature extraction structure after pretraining on ImageNet. The
structure of each layer of the convolutional layer maintains the BN-ReLU-Conv in order to
avoid gradient vanishing. Taking into account the characteristics of the indicator diagram
image, the pooling layer structure adopts the average pooling function to maximize the
retention of the overall data characteristics, such as in Equation (5):

Ly(A) = DL T Aklsoi +x,50j +) 5)

To avoid overfitting, add the dropout function Equation (6) to the model:
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) ~ Bernoulli(p),

T =0 w0,
f(x) = max(0,x), (6)

y(l+1) — f<w(l+1) % ;(l) +bl+1>

where:

Bernoulli function—r generates a vector r with Bernoulli distribution;
y()—the output value of the I-th layer;

w(+1) —the weighted value of the neural network of the  + 1 th layer;

b1 —the offset value;
p—determined by the number of neurons in the fully connected layer.

In the transfer process, this function can remove some weights in the layer, and the
deleted weights will not disappear, but will also be reactivated by the use of the model.
The main purpose of using this function is to simplify the calculation process and prevent
overfitting caused by the overly complex model structure.

The model uses the loss function to evaluate the gap between the predicted model and
the actual results and uses the cross-entropy loss to represent the loss. The function is as
follows in Equation (7):

I=-X& yixIn(p(x ;) )
where:

[—the amount of loss;

K—the number of classifications;

y—the actual label, y = [y1,..., i, ... Vk|;

p(x)—the predicted label, p(x) = [p(x1),...,p(xj), ..., p(xx)].

Because cross-entropy can measure the difference between two probability distribu-
tions, this paper uses the cross-entropy function as the loss function to measure the differ-
ence between the true probability distribution and the predicted probability distribution.
The smaller the cross-entropy value, the better the prediction effect of the obtained model.

3.2.2. Model Training Mechanism

To improve the learning effect, the hyperparameters in the transfer learning model
based on the DenseNet model (hereinafter referred to as the dense connection model) are
tested and adjusted. To train the dense connection model, we set the initial learning rate
tobe 0.1, 0.01, and 0.001 for testing, and ultimately obtain the best effect when the initial
learning rate is 0.01. At this rate, the training speed of the dense connection model is better
and the fluctuation is small.

One epoch means that a data set passes a neural network, and the learning time of the
test run is 100 epochs. According to the image size, the structural complexity of the dense
connection model, and the conditions of computing equipment, the size of a single data
set is set to 32, that is, when there are 32 images in a single data set, the dense connection
model has a better convergence speed.

Since the learning rate has a significant impact on the performance of the densely
connected model, an adaptive learning rate optimization algorithm is adopted considering
the possibility of other changes, except the initial learning rate setting and the learning
rate changing with the number of trainings. The Adam optimization algorithm is used
in the training of the dense connection model. The algorithm has the advantages of high
computational efficiency and low memory usage, and is suitable for large-scale data when
applied to nonconvex optimization problems. It is expressed as Equation (8):
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my = Bimi_q + (1 — B1)8t
ot = Bovr—1 + (1 — B2)g?
iy =

—
|
R

®)

where:

m; and v;—the first-order momentum and second-order momentum;

B1 and Br—usually take 0.9 and 0.999 for the power value;

Wi—the parameters of the model in the f-th iteration;

g1—the gradient value of the loss function with respect to the parameter W in the t-th iteration;
e—The minimal constant (usually takes its value to the 108 to avoid a zero denominator);
y—the initial learning rate.

Before training, the ImageNet dataset is used to load the structure to obtain a pre-
trained model, and then the training set for training and fine-tuning is loaded. The specific
process is to freeze the saved basic model parameters and train the classifier. After the
training results have stabilized, the frozen parameters are activated and fine-tuned with a
lower learning rate.

For the recognition model based on the DenseNet model using the global pooling
classifier, this paper uses two types of classifiers, the fully connected layer and the global
pooling layer, respectively. Due to the limited number of training samples and the char-
acteristics of the indicator diagrams, it is not necessary to use color adjustment or image
inversion for data augmentation to increase training samples

After testing in the fully connected layer, the dropout layer parameter is 0.2, the L2
regularization is 0.0001, and the effect is better. At this time, the model can effectively avoid
overfitting caused by too many parameters and ensure the training speed.

3.3. Training Results and Discussion
3.3.1. Training Results Based on Transfer Learning

This paper uses the TensorFlow machine learning development platform to conduct a
DenseNet model-based transfer learning model indicator diagram classification experiment.
The experimental environment is the NVIDIA Tesla T4 computing platform. The indicator
diagram graph features are mainly composed of contour information, so this paper adopts
global average pooling. The model was tested during the training set and test set, and
Figure 6 records the output results of the training set and test set, respectively. The
recognition accuracy of the test set is 96.9%, the output loss of the test set is 0.401, and the
single training time of the model is 5.032 s.

The training results of the densely connected model using the global pooling layer
classifier are shown in Figure 6. Figure 6a shows the development trend of the accuracy rate.
Initially, the accuracy rate increased rapidly, but the upward trend quickly flattened and
stabilized within the range of 80% to 90%; after 140 times of training, the dense connection
model was thawed and fine-tuned, the accuracy rate had increased significantly, and the
accuracy rate of the training set had stabilized above 99%

Figure 6b shows the data loss curve, the trend of which is basically the same as the
accuracy curve. The data loss is relatively large at the beginning of training, but it will
quickly drop to a stable range, and then the data loss will drop significantly after the model
is thawed and fine-tuned. The pretraining set curve in Figure 6a is lower than the validation
set curve, because the dropout layer randomly selects the parameters to freeze during the
training process, and the curve appears after fine-tuning. The cross-training set accuracy
improves rapidly.
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Figure 6. Densely connected model applying global pooling layer classifier.

The data loss curve in Figure 6b shows that the data loss of the validation set during
training is unstable, showing a downward trend but fluctuating greatly, which affects the
final accuracy. There were 747 indicator diagrams randomly selected which contain all
the types of working conditions that were tested for classification. The results are shown
in Figure 6¢. It can be seen from Figure 6¢ that the model performs well under various
types of working conditions and can meet the actual requirements, and various working
conditions can achieve a high recognition rate.

To verify the classification effect of the dense connection model on the indicator
diagram, the classification effects of the fully connected layer classifier and the global
pooling classifier were compared under the same experimental conditions. The recognition
accuracy of the test set is 96.9%, the output loss of the test set is 0.371, and the single training
time of the model is 7.038 s

The model training results of the densely connected model using the fully connected
layer classifier are shown in Figure 7. It can be seen from Figure 7a,b that the initial accuracy
rate increases rapidly, and the loss function decreases rapidly, indicating that the transfer
learning model can quickly adapt to new tasks. The accuracy of the dense connection
model based on the full connection layer increased with the increase of training time, and
the model was thawed by fine-tuning after the increasing trend was flat, and the model
accuracy increased as a whole. After 100 times of training, the accuracy curve of the training
set basically tends to be flat and can be maintained above 98%; the curve of the validation
set and the curve of the training set have a similar growth trend, and there is a curve
crossing phenomenon, indicating that the neural network is not appear to be overfitting.
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Figure 7. Model training results of the fully connected layer classifier of the densely connected model.

After training, pictures containing all types of working conditions are randomly se-
lected from the test set, for a total of 747 pictures, and are classified and tested to obtain
Figure 7c. In Figure 7c, the ordinate is the real label, and the abscissa is the classification
result. As can be seen from the classification situation shown in Figure 7c, the dense con-
nection model with a full connection classifier can distinguish various working conditions,
but the recognition rate is low for some working conditions (such as two plunger down

bumps and 14 pumps and eject).

The comparison of training results for densely connected models using fully connected
layer separators and global pooling layer classifiers are shown in Table 2:

From the data in Table 2, it can be seen that the dense connection model built with the
global pooling layer classifier generally has a higher recognition rate for a single type of
fault than the dense connection model built based on the fully connected layer classifier.
However, due to the large difference in the number of indicator diagrams for various
types of working conditions, the accuracy rates of the training set and test set of the two
classifications are basically the same. By comparing the accuracy curves, it can be seen that
the accuracy of the model using the global pooling layer classifier increases rapidly during
the training process, but it is easy for it to fall into the local optimum. It can be fine-tuned
in advance to speed up the training process. The learning curve of the densely connected
model using the fully connected layer classifier has less fluctuation, and the training result
is more stable after the learning rate is reduced after fine-tuning.
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Table 2. Single fault type and overall recognition rate.
Recognition Rate

Fault Type Fully Connected Layer Global Pooling Layer
plunger up bump 66.0% 91.3%
plunger down bump 59.1% 90.9%
insufficient fluid supply 94.9% 97.5%
double valve loss 62.9% 100.0%
fixed valve loss 81.8% 90.9%
broken rod 95.5% 97.7%
normal operating conditions 94.9% 100.0%
gas effect 93.5% 97.8%
pump leakage 100.0% 99.1%
plunger come out 90.5% 100.0%
swimming valve loss 76.7% 98.6%
sand effect 71.4% 90.5%
heavy oil effect 87.5% 87.5%
wax effect 80.9% 95.6%
pump and eject 50.0% 100.0%
training set accuracy 99.6% 100.0%
test set accuracy 96.9% 96.9%

A single image is randomly selected for testing; a is the classification result of the fully
connected layer classifier recognition model, and b is the classification result of the global
pooling layer classifier recognition model.

Figure 8 shows the actual test results under the influence of the dense connection
model on wax. As can be seen from Figure 8b, the judgment probability of the indicator
diagram (Figure 8a) of the influence of the dense connection model of the full-connection
classifier on wax is 1, while the probability of other working conditions is lower than 1010
and can be ignored. It can be seen from Figure 8c that the dense connection model of
the global pooling layer classifier considers that the probability of the working condition
shown in the sample dynamometer diagram is wax effect is 99.66%, and the probability of
other working conditions is less than 0.2%.

The test results of the sand effect condition are shown in Figure 9. It can be seen from
Figure 9a,b that the dense connection model constructed by applying the two classifiers
considers that the probability of the indicator diagram working condition type is gas effect
is 1, and the probability of other working condition types is negligible.

The actual test results of the gas effect condition are shown in Figure 10. It can be
seen from Figure 10b that the classification of the densely connected model constructed
by applying the fully connected classifier is wrong. It can be seen from Figure 10c that the
dense connection model constructed by the global pooling layer classifier is used to judge
that the probability that the indicator diagram in Figure 10a is affected by gas is 86.2%, and
the probability of insufficient liquid supply is 13.6%.

The actual test results under normal conditions are shown in Figure 11. It can be seen
from Figure 11b that in the dense connection model constructed by the fully connected
classifier, the probability of judging that the indicator diagram in Figure 11a is a normal
working condition is 1. It can be seen from Figure 11c that in the dense connection model
constructed by applying the global pooling layer classifier, the probability of judging
that the indicator diagram in Figure 11a is a normal working condition is 99.9%, and the
probability of other working condition types is lower than 0.03%
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Figure 8. Test results of working conditions affected by wax.

KN
80
70
60
50
s
30
20

10

o

0.0 0.5 1.0 15 2.0 25 3.0
m

(a) Sand affects the indicator diagram

Pump and eject

Wax effect

Heavy oil effect

Sand effect

Swimming vale loss
Plunger come out
Pump leakage

Gas effect

Normal operating conditions
Broken rod

Fixed vale loss

Double vale loss
Insufficient fluid supply
Plunger down bump
Plunger up bump

0.2

0.4

06 08 1

probability value

(b) Fully connected classifier

Pump and eject

Wax effect

Heavy oil effect

Sand effect

Swimming vale loss
Plunger come out
Pump leakage

Gas effect

Normal operating conditions
Broken rod

Fixed vale loss

Double vale loss
Insufficient fluid supply
Plunger down bump
Plunger up bump

0.2 0.4 0.6 0.8 1

probability value

(c) Global pooling layer classifier

Figure 9. Sand affects the test results of working conditions.
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Figure 10. Gas affects the test results of working conditions.
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Figure 11. Test results under normal conditions.

By comparing the classification results of Figures 8 and 9, the dense connection model
of the full-connection classifier has low classification deviation and low data loss in the
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case of correct classification. However, it fails to accurately extract graphic features in
some working conditions, and the classification accuracy needs to be improved. The dense
connection model of the global pooling layer classifier did not show classification errors
in the classification tests of the four test samples in Figures 8c, 9¢, 10c and 11c. However,
compared with the dense join model of full join classifier, there is some data deviation.
In some working conditions, there is an obvious data loss of 13.6%, which is consistent
with the fluctuation of the loss curve in Figure 6b of the training data. It can be seen
that the recognition models constructed by the two classifiers have good performance,
but under the condition of insufficient samples, the dense connection model of the fully
connected classifier has errors, indicating that the degree of feature recognition in the image
is still insufficient.

3.3.2. Comparative Experiments of Different Depth Convolutional Network Models

To further verify the recognition effect of the model, experiments were conducted
under the same conditions to compare the classification effects of ResNet, Xception, and
MobileNet, three deep convolutional network models with 15 kinds of indicator diagrams.

The analysis effect of neural networks on data features in machine learning is often
directly related to the number of network layers. Deep networks can describe data features
well, but the difficulty of training increases with the depth of the network. The ResNet
model applies the residual block structure shown in Figure 12, which effectively solves the
problem of gradient disappearance in deep networks and effectively solves the problem of
degradation in deep neural networks [20].

||
Conv

!

Conv

||
C onv

F(x)+x=
!

Figure 12. ResNet structure.

The structure shown in Figure 12 is a three-layer residual structure, and the number
of residual block layers is self-designed according to the task situation. According to the
above structure, the residual structure output for any layer depth L can be expressed as
Equation (9):

Yi=x+ L F(x, Wi) ©)

where:

Y; —the output of the residual block;

x;—input feature vector for the Ith layer;

F(x;, W;)—the mapping function that needs to be learned;
W;—the projection matrix.

The basic model is established according to the ResNet structure. After pretraining on
ImageNet, the convolutional layer is used as the feature extraction structure, and the bottom
layer of the residual model is added to a fully connected layer as a classifier. The dropout
function is added to the fully connected layer, as shown in Equation (5). The established
residual model is trained, and the initial learning rate is 0.01. The loss function is the same
as Equation (7), and the learning rate decreases with the increase of training time.
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In this paper, the TensorFlow machine learning development platform is used to
train the transfer learning model based on the ResNet model, and the indicator diagram
classification experiment is carried out. The experimental environment is the NVIDIA Tesla
T4 computing platform. The model is tested while the training set is trained, and the output
of the training set and test set are recorded as shown in Figure 13a,b, respectively, and the
test results are shown in Figure 13c. The recognition accuracy of the test set is 95.3%, the
output loss of the test set is 0.618, and the single training time of the model is 8.021 s.
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(c) Test results
Figure 13. Transfer learning model training results based on ResNet model.

In Figure 13a,b, the abscissa represents the number of training times, the ordinate
represents the training accuracy and output error of the model, respectively, and the two
curves represent the training set and test set data, respectively. The experimental results
show that the transfer learning model based on the ResNet model can basically complete
the indicator diagram classification task. As can be seen from Figure 13a, the accuracy of
the model increases rapidly in the early stage of training. Compared with the classic deep
learning model, the transfer learning model has a faster growth rate in the early stage of
training; after about 40 times of training, the model accuracy enters a gentle growth range,
and then the training set accuracy gradually stabilizes at 1.

It can be seen from Figure 13b that the data loss trend of the training set is opposite
to the accuracy rate. In the early stage of training, both the training set and the test set
have a high degree of data loss, but it quickly drops to a normal level, and then the data
loss decreases steadily until the trend is flat, entering the lower data loss range. In the flat
interval, the data loss of the test set fluctuates less, but it is always larger than the training
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set, indicating that there is a certain deviation between the model and the actual situation.
In Figure 13c, it can be seen that most of the test data can be accurately identified, but the
recognition rate of the case types with a small number of samples is low, which is consistent
with the data loss.

The Xception model extracts the graphic features by dividing them into several chan-
nels, as shown in Figure 14, which not only ensures that the image features can be fully
extracted, but also effectively reduces the amounts of parameters and computation [21].

Concat
EEEEEEE
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‘ Channels

Figure 14. Basic structure of the Xception model.

The basic model is established according to the Xception model structure. After
pretraining on ImageNet, the convolutional layer is reserved as the feature extraction
structure, and the fully connected layer is added as a classifier at the bottom of the Xception
model. The dropout function is added to the fully connected layer, as shown in Equation (5).
To train the transfer learning model based on the Xception model, the initial learning rate is
0.01, the loss function is the same as Equation (7), and the learning rate decreases with the
increase of training time.

In this paper, using TensorFlow as the machine learning development platform, the
classification experiment of the transfer learning model based on the Xception model is
carried out. The experimental environment was the NVIDIA Tesla K80 computing platform,
and the training set and model were tested simultaneously. Figure 15a,b record the output
of the training set and test set, and the test results are shown in Figure 15c. The recognition
accuracy of the test set is 95.3%, the output loss of the test set is 0.245, and the single training
time of the model is 7.048 s.

In Figure 15a,b, the abscissa represents the number of training times, the ordinate
represents the training accuracy and output error of the model, respectively, and the two
curves represent the training set and test set data, respectively. The experimental results
show that the transfer learning model based on the Xception model can basically complete
the indicator diagram classification task. The experimental model has been trained a total
of 140 times. In Figure 15a, it can be seen that the accuracy rate curve increases rapidly
at the beginning of the training, and the accuracy rate curve enters a flat interval after
80 times of training; in the growth interval, the test set curve and the training set curve
partially intersect; the test set curve is slightly lower than the training set after entering the
flat interval.

As can be seen in Figure 15b, the data loss in the initial stage of training is large but
decreases rapidly, and then the overall level tends to be flat, and the model reaches a better
state at this time. Compared with the test results in Figure 15c, although the accuracy of the
test set is generally good, the recognition rate of the model is not high for a single working
condition. From the data in the figure, it can be seen that a small number of working
condition types have better accuracy.

The basic unit of the MobileNet model is separable convolution (DW Conv). Com-
pared with traditional convolution operations, it can be divided into two parts: firstly, the
corresponding convolution kernels are applied in different channels to extract information,
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and then 1 x 1 convolution kernels are applied in each classification channel to change the
shape of feature maps. The process is shown in Figure 16 [22].
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Figure 15. Training results of the transfer learning model based on the Xception model.
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Figure 16. MobileNet model.

The basic model is established according to the above structure, and after pretraining
on ImageNet, the convolutional layer is reserved as the feature extraction structure. A
typical MobileNet model does not contain a fully connected layer at the bottom. In this
papet, a fully connected layer is added as a classifier at the bottom of the feature extraction
layer, and a dropout layer is added to the fully connected layer. The transfer learning
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model based on the MobileNet model is trained and the initial learning rate is 0.01. The loss
function is the same as above. The learning rate decreases with the increase of training time.

This paper uses the TensorFlow machine learning development platform to conduct
the dynamometer classification experiment of the transfer learning model based on the
MobileNet model. The experimental environment is the NVIDIA Tesla K80 computing
platform. The model is tested while the training set is being trained, and the output of
the training set and test set are recorded as shown in Figure 17a,b, and the test results are
shown in Figure 17c. The recognition accuracy of the test set is 97.3%, the output loss of the
test set is 0.211, and the single training time of the model is 5.003 s.
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(c) Test results
Figure 17. Training results of the transfer learning model based on the MobileNet model.

In Figure 17a,b, the abscissa represents the number of training times, the ordinate
represents the training accuracy and output error of the model, respectively, and the two
curves represent the training set and test set data, respectively. The experimental results
show that the transfer learning model based on the MobileNet model can complete the
indicator diagram classification task. The experimental model is trained a total of 100 times.
In Figure 17a, it can be seen that the accuracy curve increases rapidly in the early stage of
training. After 40 times of training, the curve enters a flat range, and the training set curve
converges to around 99%; in the growth range, the test set curve has is a partial intersection
with the training set curve, so it can be seen that there is no overfitting phenomenon.

As can be seen in Figure 17b, the overall trend of the loss curve and the accuracy
rate curve basically correspond one-to-one; the loss rate curve shows a logarithmic trend
of decline, and enters a flat range after 60 training sessions. The curve of the test set is
stable in the flat range, and the overall curve is slightly higher than that of the training set,
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which proves that the MobileNet model deviates from reality. Comparing the test results in
Figure 17¢, it can be seen from the data in the figure that the accuracy of a small number
of working condition types is better, and the recognition rate of the model for a single
working condition type is not high. The performance of the model on the test atlas shows
that the transfer learning model based on the MobileNet model can accurately identify the
characteristics of some types of working conditions but cannot identify all characteristics of
the 15 types of working conditions.

Table 3 shows the comparison results of the ResNet, MobileNet, Xception, and
DenseNet models. Each comparison model performs very well in the training set and test
set, but due to the serious uneven distribution of the number of samples, the recognition
rate of a single type of indicator diagram varies greatly. From the analysis of the training
curve, the initial loss value of the Xception model is high, but the convergence speed is
fast and the curve is stable. At the same time, it can better identify the fault types with
sufficient samples, which can be applied in the case of a small number of classifications.

Table 3. Comparison of recognition rate of various models.

Fault Type Recognition Rate
ResNet MobileNet Xception DenseNet

plunger up bump 8.6% 4.3% 21.7% 91.3%
plunger down bump 22.7% 54.5% 45.5% 90.9%
insufficient fluid supply 86.6% 75.9% 67.1% 97.5%
double vale loss 89.1% 48.6% 48.6% 100.0%
fixed vale loss 0% 18.2% 45.5% 90.9%
broken rod 95.4% 77.3% 100.0% 97.7%
normal operating conditions 100% 46.2% 84.6% 100.0%
gas effect 97.8% 41.3% 91.3% 97.8%
pump leakage 86.9% 94.3% 47 2% 99.1%
plunger come out 0% 28.6% 23.8% 100.0%
swimming vale loss 80.8% 47.9% 54.8% 98.6%
sand effect 19% 95.2% 71.4% 90.5%
heavy oil effect 0% 12.5% 62.5% 87.5%
wax effect 91.1% 97.1% 58.8% 95.6%
pump and eject 0% 16.7% 66.7% 100.0%
Training set 100.0% 99.3% 98.6% 99.8%
Testing set 95.3% 97.4% 95.3% 96.9%
Average recognition rate 51.8% 50.5% 59.3% 95.8%

The loss data of the test set of the ResNet model still fluctuates significantly when the
training set enters the stable range, and the accuracy of the test set is significantly lower
than that of the training set, which proves that there is a certain degree of overfitting. The
final training result of the MobileNet model is only 42.8 MB, which is the smallest of all the
models, and the overall accuracy of the model is good, but the recognition rate for some
working conditions is poor

The recognition rate of the DenseNet model is generally at a good level. Except for the
influence of heavy oil, the recognition rate of various working conditions is higher than
90%; in a single type of fault type, the recognition rate is lower than that of the fault type,
such as the broken rod. The off-time is lower than ResNet and Xception, but its average
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recognition rate far exceeds that of the control group classification model, proving that it
can effectively classify 15 types of working conditions

4. Conclusions

Based on the structure of DenseNet model, this paper uses the global pooling layer
to replace the full connection classification layer in the classical model, and classifies 15
kinds of working conditions, such as plunger bump, plunger down bump, insufficient fluid
supply, double vale loss, fixed vale loss, and broken rod. Using the pretraining model 698
and training of ImageNet, transfer learning is carried out on the production data set of
Daging Oilfield, and then different structural models are trained under the same conditions.
The results are compared, and the following conclusions are obtained:

1.  The DenseNet model is an image classification model with the characteristics of
parameter reuse, which can effectively use limited training images to obtain feature
information. In this paper, based on the DenseNet model, an indicator diagram
classification model is established employing transfer learning, good classification
results are obtained, and the accuracy rate of the test set can reach 96.9%.

2. The full connection classifier and the global pooling classifier are used to build the
classification model, respectively. The results of the two types of models under the
same training mechanism and using the same data set for transfer learning show
that the classification effect of the global pooling classification model is better than
that of the full connection. The layer classification model can be well adapted to
the classification task of the indicator diagram, and the recognition rate of various
working conditions generally reaches more than 90%. Among them, the recognition
rate of double valve loss and pump and eject reached 100%, the lowest recognition
rate was 87%, under the influence of heavy oil, and the average recognition rate of
15 types of operating conditions was 95.8%, far exceeding the control group

3. The training results of the transfer learning classification model based on DenseNet
show that the parameter reuse structure and transfer learning method can improve
the overfitting problem of small data sets in machine learning models. The difference
between the average accuracy of the training set and the test set of the DenseNet
transfer learning classification model in the flat interval is only 2.7%, which can avoid
the problem of a small number of samples falling in classification due to uneven data.
The recognition rates of the ResNet, MobileNet, and Xception models for plunger-up
bump conditions are all below 30%. The MobileNet model has a recognition rate of
only 4.3% for plunger bump, while the DenseNet-based transfer learning classification
model has a recognition rate of 91.3% for plunger bump.

4. The comparison of the recognition model shows that the overall accuracy rate of the
data set is basically the same as that of the DenseNet-based transfer learning model
compared with ResNet, MobileNet, and Xception. However, compared with the
control group model, the accuracy of a single type, such as plunger up bump, plunger
down bump, and heavy oil effect, has been significantly improved, and the number
of classifications can be further explored.

5. The fault diagnosis model of the pumping unit based on the DenseNet model and
transfer learning can solve the problem that the automatic fault technology based on
the machine learning algorithm cannot recognize all kinds of working conditions due
to insufficient production data and uneven quantity of all kinds of data. The model
expands the number of identifiable working conditions and can better adapt to the
actual working conditions, further supplementing the theory and technology of fault
diagnosis for pumping wells.
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