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Abstract. The surface dynamometer card (DC) of beam pumping units plays a critical role in monitoring well
conditions and adjusting pumping parameters. While several data-driven approaches based on deep learning
have been applied to this task, they often suffer from limitations in input data completeness, model tuning, and
the effective integration of deep learning structures. To address these issues, this paper proposes a novel in-
version model named BO-CNN-BiGRU, which combines convolutional neural networks (CNNs), bidirectional
gated recurrent units (BiGRUs), and Bayesian optimization (BO). The model inputs are determined based on the
mechanism of beam pumping systems. CNNs are used to extract deep spatial features from electrical signals,
BiGRU captures complex temporal dependencies to reconstruct polished-rod load curves, and BO enables auto-
matic hyperparameter optimization. Field experiments conducted using real oil well production data demonstrate
that the BO-CNN-BiGRU model achieves superior accuracy, robustness, and practicality. The proposed method
can provide more reliable indicator diagrams to support intelligent regulation and diagnosis of beam pumping
operations.

1 Introduction

The dynamometer card is a closed-loop graph constructed
from the relationship between the polished-rod load and the
polished-rod displacement. It reflects the operating condi-
tions of downhole equipment such as the sucker rod column
and pump. In actual oilfield production, the dynamometer
card serves as a primary basis for analyzing downhole con-
ditions and well productivity and for adjusting pumping unit
parameters. Currently, the majority of oil wells use remote
terminal unit (RTU) systems to measure dynamometer cards.
However, the load sensors commonly used in these systems
have low reliability and are prone to drift. These sensors re-
quire frequent calibration and replacement to maintain ac-
curacy (Wang et al., 2018; Lindh et al., 2015), leading to
waste of human and material resources. Therefore, real-time
measurement of the dynamometer card without load sensors
holds significant engineering value (Yang et al., 2014).

Three-phase asynchronous motors are commonly used as
the power source for pumping units in oil fields. Electrical
parameters serve as important reference variables that di-
rectly reflect the operating conditions of the pumping units.
Compared to load sensors, electrical parameter sensors are
more reliable, accurate, and easier to install. Over the years,
the academic community has focused on researching meth-
ods for indirectly obtaining dynamometer cards through mo-
tor electrical parameters. A common approach is to estab-
lish a physical calculation model of the pumping unit sys-
tem (Gibbs, 1987; Yin et al., 2022); however, this approach
involves complex integrated characteristics such as mechan-
ical vibration, dynamic load, friction, and the elastic sliding
of belt transmission, resulting in significant calculation errors
(Zheng et al., 2019). Additionally, these physical models re-
quire a large number of parameters to be measured, leading
to substantial economic and technical limitations in practi-
cal applications. In recent years, data-driven methods based
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on deep learning (DL) have been widely used. Unlike phys-
ical modeling, this method only requires the preparation of
the necessary dataset after determining the appropriate DL
model, eliminating the need for the physical modeling pro-
cess. These characteristics make DL particularly effective
when handling complex tasks or physical models that are dif-
ficult to compute (Lee et al., 2023). With the construction of
digital oil fields, there is a vast amount of untapped valu-
able data on site, providing a data foundation for data-driven
methods. Current methods include hybrid modeling methods
based on physical models and data-dependent kernel online
sequential extreme learning machines (Wei and Gao, 2018),
as well as algorithms that incorporate physical significance
(Wang et al., 2019), such as backpropagation (BP) neural net-
works and convolutional neural networks (CNNs) (Di Mauro
et al., 2024).

Although existing research has made significant contribu-
tions to the inversion of dynamometer cards, certain limi-
tations remain. Many of these data-driven models adopt a
single deep learning (DL) architecture to establish a map-
ping between motor output power and polished-rod load,
while the polished-rod displacement still needs to be indi-
rectly obtained by measuring the crank angle of the pump-
ing unit. Furthermore, dynamometer card inversion is essen-
tially a time series prediction problem as it involves esti-
mating future values from sequentially ordered observations;
however, this temporal nature has not been adequately con-
sidered in previous studies. Given the multiple influencing
factors affecting polished-rod load, modeling based on a sin-
gle information source often suffers from incomplete input
data, which limits prediction accuracy and increases output
error (Chen and Guan, 2023). To overcome the limitations
of single-model performance, hybrid models that integrate
multiple deep learning modules have gained widespread ap-
plication (Bayoudh, 2024). These models leverage the in-
herent strengths of different neural network architectures to
effectively enhance overall model performance. Among DL
models, convolutional neural networks (CNNs) have demon-
strated strong capabilities in extracting deep features. How-
ever, CNNs are primarily designed for static data process-
ing and lack the ability to capture long-term temporal de-
pendencies in sequential data. This structural limitation re-
stricts their effectiveness when dealing with long time se-
ries sequences (Xing et al., 2020). In contrast, bidirectional
gated recurrent units (BiGRUs), which incorporate memory
units, gating mechanisms, and bidirectional processing, can
effectively learn the temporal correlations between input se-
quences (Teng et al., 2021).

Although data-driven methods based on deep learning
(DL) are well-suited for solving such problems, achieving
satisfactory prediction performance requires a specialized
understanding and careful tuning of network depth and re-
lated parameters. First, different combinations of hyperpa-
rameters significantly impact model performance, yet the re-
lationship between hyperparameters and performance often

behaves like a black box (Avendaño-Valencia et al., 2021).
Second, it is unrealistic to expect a model trained on a spe-
cific dataset to perform optimally across all unique datasets
(Zhang et al., 2022). Traditional methods such as grid search
and random search manually set hyperparameter values dur-
ing training, requiring substantial time and multiple itera-
tions to identify optimal parameters. Moreover, the interde-
pendence among parameters makes it difficult to determine
the best adjustment direction (Fang et al., 2024). In contrast,
Bayesian optimization (BO) is capable of solving complex
optimization problems with unknown objective function ex-
pressions. It can find the optimal solution of the target func-
tion with minimal computation and a relatively small number
of samples, making it particularly well-suited for automatic
hyperparameter tuning in deep learning (Lee et al., 2021;
Chen et al., 2023).

Based on this, a hybrid model that integrates Bayesian
optimization (BO), convolutional neural networks (CNNs),
and bidirectional gated recurrent units (BiGRUs) is selected
for the analysis of dynamometer cards from beam pumping
units. Owing to its excellent performance, the model has seen
widespread application. CNNs are utilized for their superior
capability in feature extraction to perform fused extraction
of input data features. The extracted deep features are then
processed in a temporal sequence by BiGRUs to construct
a model for inferring the polished-rod load. Bayesian opti-
mization is employed to optimize hyperparameters, thereby
enhancing the model’s efficiency and accuracy. Experimen-
tal results based on real-world data from the Xinjiang oil-
field demonstrate that the proposed model exhibits robust dy-
namometer card inversion capability.

2 Selection of model input variables

The data-driven modeling approach employed by deep learn-
ing methods places high demands on the validity and rep-
resentativeness of input data. Appropriate selection of input
variables is therefore essential for improving both model ac-
curacy and generalization capability. In this study, dynamic
input parameters are determined from a dual perspective that
combines the pumping unit mechanism model with the com-
pleteness of the available input data. This strategy aims to
enhance the adaptability and predictive reliability of the pro-
posed model, ensuring closer consistency with the actual op-
erating behavior of the pumping system.

As demonstrated by the mechanism-based indicator dia-
gram inversion model using electrical parameters, the sus-
pension point load model involves variables such as the beam
angle and electrical power. Once the structural and dynamic
parameters of the pumping unit system are determined and
the model is trained, these parameters are implicitly embed-
ded and fixed in the weights and biases of the deep learning
model. Therefore, the key input variables are the beam crank
angle (θ ) and the actual electrical power (pact). These two
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variables must be included as input features in the proposed
model. In addition, based on the electromagnetic torque (Te)
of the motor and the rotor motion equation,{
Te =

p0
2 i ∂L

∂�
iT

J1
dω1
dt = Te− TL−µω1

. (1)

In the above equation, P0 denotes the number of pole pairs of
the motor, i represents the current vector, L is the inductance
and mutual inductance matrix, � denotes the rotor position
angle, J1 is the moment of inertia of the rotor, ω1 is the an-
gular velocity, TL is the load torque, and µ represents the
friction coefficient.

Based on Eq. (1), the load torque TL can be expressed as
follows:

TL =
p0

2
i
∂L
∂�

iT − J1
dω1

dt L
−µω1. (2)

As indicated by the above equation, the current also reflects
the magnitude of the motor load torque. Therefore, to further
improve the completeness of the input data, the motor current
(I ) is additionally introduced as an input variable, alongside
the beam crank angle (θ ) and actual electrical power (pact).
Since motor current is also an electrical parameter, its inclu-
sion requires only one additional measurement, which does
not significantly increase the complexity or difficulty of data
acquisition.

In summary, n measurement points are arranged during
the operation of the pumping unit, and the crank angles of
the walking beam θ , electric power pact, and motor current I
are recorded as input variables for multi-source data fusion,
as illustrated in the corresponding equation. The output of the
model is the suspension point load Fp, as shown in Eq. (5).
By collecting a sufficient number of datasets, a deep learning
model is trained, functioning as a black box that learns the
mapping relationship between inputs and outputs during the
training phase. As shown in Fig. 1, once the model is trained,
the suspension point load can be estimated based on the cur-
rent cycle’s input data. The suspension point displacement is
then calculated using the forearm length and the turning an-
gle θ of the walking beam, as described in Eq. (3). Finally,
the dynamometer card is constructed based on the estimated
suspension point load and displacement.

S =
π

180
LA (θm− θ ) (3)

TRin =


θ1 I1 Pact,1
θ2 I2 Pact,2
...

...
...

θn In Pact,n


n×3

(4)

TRout =
[
Fp1 Fp2 · · · Fpn

]T
1×n (5)

3 Deep learning inversion model construction for
demonstration of power graphs

3.1 CNN-BiGRU Model

The structure of the CNN-BiGRU model, which integrates
a convolutional neural network (CNN) and a bidirectional
gated recurrent unit (BiGRU), is illustrated in Fig. 2. The
model consists of seven layers: a convolutional layer, a batch
normalization (BN) layer, a ReLU activation layer, an aver-
age pooling layer, a fully connected layer I, a BiGRU layer,
and a fully connected layer II. In this study, the CNN ar-
chitecture is specifically designed according to the morpho-
logical characteristics and scale of dynamometer cards rather
than directly adopting a generic deep-image-recognition net-
work. A relatively shallow convolutional structure combined
with average pooling is employed to emphasize the global
shape features of the load–displacement curves while sup-
pressing local noise, which is beneficial for improving the
robustness of the inversion results. Subsequently, the BiGRU
layer is introduced to learn the bidirectional temporal depen-
dencies of the extracted features along the time axis. The
bidirectional structure enables the model to capture temporal
correlations from both past and future states of the sequence,
which is consistent with the physical generation process of
dynamometer cards involving loading and unloading stages.
The learned representations are then passed to the fully con-
nected layers to generate the predicted hanging-point load se-
quence. By combining task-oriented CNN feature extraction
with bidirectional temporal modeling, the proposed CNN-
BiGRU framework is able to effectively capture both the spa-
tial morphology and temporal evolution characteristics of dy-
namometer cards, thereby enhancing inversion accuracy and
robustness under complex operating conditions.

The convolutional layer is the core component of the CNN,
performing convolution operations on the input data to pro-
duce the corresponding feature hconv for subsequent network
learning.

The purpose of the batch normalization (BN) layer is to
normalize the output of the convolutional layer so that it has a
mean of 0 and a variance of 1, followed by a scaling and shift-
ing process. Batch normalization ensures that the normalized
data retain the previously learned features while enhancing
network stability, which improves recognition accuracy and
accelerates convergence. By applying mini-batch normaliza-
tion to the features extracted by convolution, the BN layer
mitigates the internal covariate shift during training (Ioffe
and Szegedy, 2015), thereby speeding up convergence. Ad-
ditionally, batch normalization reduces the network’s depen-
dence on parameter initialization, making the model easier
to train. This method also introduces a regularization effect,
which helps reduce the risk of overfitting, vanishing gradi-
ents, and exploding gradients in the deep network designed
in this study. Suppose a batch of input into this layer contains
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Figure 1. Schematic diagram of the deep-learning-based dynamometer card inversion process.

Figure 2. Schematic structure of CNN-BiGRU.

m feature samples hconv; the main computational steps are as
follows.

First, compute the mean µf and variance σ 2
f of the current

batch of input samples:

µf =
1
m

∑m

i=1
hconv,i, (6)

σ 2
f =

1
m

∑m

i=1

(
hconv,i −µf

)2
. (7)

Then normalize the input using the computed mean and vari-
ance so that each input feature has zero mean and unit vari-
ance. This helps mitigate the problems of vanishing or ex-
ploding gradients caused by unstable data distributions dur-
ing training. The normalization formula is as follows:

ĥBN =
hconv−µf√
σ 2
f + ε

. (8)

In this equation, ĥBN denotes the normalized data, and ε is a
small constant, typically set to 10−5, used to prevent division
by zero.

To enhance the representational capacity of the network,
batch normalization (BN) introduces two trainable parame-
ters: a scaling factor γ and a shifting factor β, which are
used to adjust the scale and offset of the normalized data. The
transformed output is obtained using the following formula:

hBN = γ · ĥBN+β. (9)

ReLU is a nonlinear activation function that is widely used in
convolutional neural networks (CNNs) due to its fast conver-
gence and simple gradient computation (Xavier et al., 2011).
When a neuron is activated by the ReLU function, inputs of
less than zero produce an output of zero, while positive inputs
are passed through unchanged. This piecewise linear trans-
formation, known as hReLU, enhances the expressive power
of the neural network.

The pooling layer is used to compress features, reduce the
number of parameters, and retain the most salient character-
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istics of the output data, thereby accelerating computation.
Common pooling methods include max pooling and aver-
age pooling. Max pooling selects the maximum value within
each pooling region, while average pooling computes the
mean of all values within the region. Since all three input fea-
tures effectively reflect the suspended-point load and because
average pooling can smooth feature maps and mitigate over-
sensitivity to outlier values, this study adopts average pool-
ing. This approach not only compresses input features effi-
ciently but also preserves global information, ensuring that
key characteristics of the input variables are retained. Con-
sequently, it provides a stable input for subsequent feature
learning and prediction. The feature map hReLU is processed
by the average pooling layer, resulting in the output hpool, as
defined in Eq. (10).

yl+1
i (j )= max

k∈Dj

{
xli (k)

}
(10)

In the above equation, yl+1
i (j ) denotes the element of the ith

feature in layer l+ 1 after max pooling, xli (k) represents the
element of the ith feature in layer l within the pooling kernel,
and Dj denotes the j th pooling region.

As the CNN generates multiple feature maps after fea-
ture extraction, a fully connected layer is employed to flatten
these maps into a feature vector hfc, which serves as the in-
put into the BiGRU model. The output of the BiGRU, after
sequential processing, is passed through another fully con-
nected layer to produce hBiGRU. Finally, a regression out-
put layer computes and outputs the suspended-point load se-
quence TRout.

3.2 Selection of hyperparameter optimization methods

The CNN-BiGRU model developed in this study is a hybrid
architecture. Although increasing the number of nodes and
the network depth can enhance the model’s learning and fit-
ting capacity, it also significantly increases the number of
hyperparameters. These hyperparameters must be set before
training, and different combinations can have a substantial
impact on model performance, though their effects are of-
ten difficult to predict. Evaluating various combinations re-
quires extensive iterative computations, which can be time-
consuming.

To improve the learning efficiency and inversion accuracy
of the CNN-BiGRU model, the Bayesian optimization (BO)
algorithm is employed to determine the optimal set of hy-
perparameters. Moreover, even when using the same model
structure, different hyperparameter combinations can affect
model performance across different datasets. As a result, a
model trained on a specific dataset may require hyperparam-
eter adjustments for real-world applications in oilfields due
to variations in well conditions, pump types, and data char-
acteristics. Therefore, using the Bayesian optimization algo-
rithm not only enables automatic tuning but also facilitates
the model’s practical deployment in field environments.

Hyperparameters can generally be categorized into two
types: those that define the model architecture and those re-
quired by the optimizer. The former are used during both
training and inversion, while the latter are only relevant dur-
ing the training phase. In this model, the hyperparameters
selected for optimization include the number of hidden units
in the BiGRU, the maximum number of training epochs, the
batch size, the initial learning rate, the learning-rate decay
factor, and the learning-rate decay period. The number of Bi-
GRU hidden units is an architectural parameter, and optimiz-
ing it enhances the model’s performance during both train-
ing and inversion. Optimizing the maximum number of train-
ing epochs, initial learning rate, decay factor, and decay pe-
riod helps prevent overfitting and improves training accuracy.
The batch size determines how training data are fed into the
model in mini-batches, thereby accelerating the convergence
speed. However, an excessively large batch size may lead to
suboptimal local minima, while a very small batch size intro-
duces high randomness and may hinder convergence.

The training error reflects the model’s fitting ability on the
training data, while the validation error indicates the model’s
inversion performance. However, a small training error may
suggest overfitting, resulting in poor performance on the val-
idation set. By appropriately tuning the initial learning rate,
the learning-rate decay factor, and the learning-rate decay
period, the model can achieve better training performance.
Therefore, to improve the overall performance, the root mean
square error (RMSE) of the validation set is selected as the
objective function y. The RMSE is calculated as shown in
Eq. (11), and the detailed optimization process is illustrated
in Fig. 3.

RMSE=

√
1
N

∑N

i=1

(
Wi − Ŵi

)2 (11)

In this equation, N denotes the number of data points in the
validation set, wi is the actual polished-rod load, and ŵi is
the predicted polished-rod load.

In this study, the Bayesian optimization algorithm employs
a Gaussian probabilistic surrogate model to approximate the
functional relationship between x and y. First, the search
space for each hyperparameter is defined. Then, based on
the predefined number of initial points n, n random hyperpa-
rameter combinations xn are generated and used to train the
model, yielding the corresponding validation errors yn. Next,
an acquisition function, as defined in Eq. (12), is used to eval-
uate the current results and to identify the most promising
candidate combination x∗ (Brochu et al., 2010). This candi-
date is fed into the model to obtain y∗. The posterior distribu-
tion p(y |x,F ) of the Gaussian model is then updated. When
the posterior distribution closely approximates the true dis-
tribution, the optimal set of hyperparameters is considered to
be obtained.

E(x)=
{

(µ(x)− y(x∗))8+ σ (x)ϕ σ (x)> 0
0 σ (x)= 0 (12)
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Figure 3. Hyperparameter-tuning process for Bayesian algorithms.

In this equation, µ(x) denotes the mean of the posterior dis-
tribution, and σ (x) represents its variance. y(x∗) is the ob-
jective function value at the current best location. 8 and ϕ
refer to the cumulative distribution function and the proba-
bility density function of the standard normal distribution,
respectively.

3.3 Workflow of BO-CNN-BiGRU model for
dynamometer card inversion

As illustrated in Fig. 4, the workflow of the BO-CNN-
BiGRU model, which integrates a convolutional neural net-
work (CNN), bidirectional gated recurrent unit (BiGRU), and
Bayesian optimization (BO) algorithm, is presented for the
inversion of dynamometer cards. This process is divided into
three main components: dataset preparation, model training
and parameter tuning, and dynamometer card inversion after
training. The detailed procedures for each stage are described
as follows.

Part I: dataset preparation. Real-time measurements of
the polished-rod load (FP), beam angle (θ ), motor current
(I ), and motor power (pact) from the pumping unit are col-
lected. After removing cycles with abnormal measurements,
the cleaned data form the original dataset for model develop-
ment.

Since the original input features have different units
and magnitudes, normalization is required to convert them
into dimensionless data. This process improves the model’s
adaptability during training by enhancing its ability to cap-
ture the intrinsic relationships between variables within the
same numerical range. As a result, the model converges more

efficiently, and training time is significantly reduced. Nor-
malization is achieved by scaling the data proportionally so
that all values are mapped into the range [0,1]. The normal-
ization formula is as follows:

 xmin =Min(X)
xmax =Max(X)
f : x −→ yi = (xi − xmin)/ (xmax− xmin)

. (13)

In the formula,X represents the original dataset, xmin denotes
the minimum value inX, xmax represents the maximum value
in X, and yi is the normalized value.

Part II: model training and parameter tuning. The nor-
malized dataset is divided into training, validation, and test
sets. The training set is used for model learning and train-
ing, updating the model’s weight parameters. The validation
set is employed to assess the performance of the model with
different parameters at regular intervals during the training
process, allowing the model to automatically select and tune
parameters to optimize its performance. The test set is used to
evaluate the generalization ability of the final optimal model.
During the training process, the BO algorithm is utilized for
hyperparameter tuning.

Part III: power curve inversion. The trained optimal CNN-
BN-BiGRU model is used as the inversion model for the
suspended-point load, and its prediction performance is eval-
uated using the test set. The suspended-point displacement is
calculated using the beam angle and the length of the beam
forearm, as shown in Eq. (3).
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Figure 4. BO-CNN-BiGRU model schematic power diagram inversion process.

4 Dynamometer card inversion experiment

To validate the effectiveness of the dynamometer card inver-
sion model proposed in this study, it was applied to real oil-
field scenarios using actual production data. A comparison
model was also established to conduct contrast experiments,
demonstrating the advantages of the proposed model.

4.1 Experimental setup

The dynamometer card data were obtained from a specific
block in the Xinjiang Oilfield, where real-time monitoring
was conducted on pumping units during field operations.
Each cycle included 200 uniformly distributed measurement
points, capturing data such as polished-rod load FP, beam
angle θ , motor current I , and motor power pact. After outlier
removal, a total of 2500 valid samples were collected. The
dataset was divided into training, validation, and testing sets
in a ratio of 80 % : 10 % : 10 %.

To evaluate the performance of the proposed BO-CNN-
BiGRU model in dynamometer card inversion, a series of
comparative experiments were conducted. First, the CNN
and BiGRU modules within the BO-CNN-BiGRU model
were tested independently. Second, to assess the impact of

multi-feature input on inversion accuracy, a comparative ex-
periment was performed using a CNN-BiGRU model with
motor power as the sole input, hereinafter referred to as P-
CNN-BiGRU. Finally, the proposed model was compared
with a traditional BP model that also uses motor power as
its only input.

To quantitatively evaluate the inversion accuracy of the
model’s predicted load, the conformity rate of the calculated
load, defined by the dynamic characteristic parameter identi-
fication method, is employed as a measure of accuracy. The
average matching rate is calculated as shown in Eqs. (14)
and (15). The classification criteria for “excellent”, “good”,
and “unqualified” levels are defined based on the average
conformity rate ranges, as shown in Table 1.

CRi =

(
1−

∣∣F ref
Pi −FPi

∣∣
F ref

Pi

)
× 100%, i = 1,2, . . .,n (14)

CRavg =

∑n
i=1CRi
n

(15)

In the equations, n denotes the number of measured indicator
diagram data points within one cycle, F ref

Pi is the actual value
of the suspension load (kN), FPi is the calculated value of the
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Table 1. Criteria for defining compliance.

Hierarchy Excellent Good Unqualified

CRavg CRavg> 95 % 90 %≤CRavg≤ 95 % CRavg< 90 %

Figure 5. Hyperparameter-tuning iterative process.

suspension load (kN), CRi denotes the matching rate, and
CRavg denotes the average matching rate.

4.2 Experimental results and analysis

The hyperparameter value ranges for the model are listed
in Table 2. The number of initial points for the Bayesian
optimization (BO) algorithm was set to 20, with 20 itera-
tions. As shown in Fig. 5, the hyperparameter-tuning pro-
cess for the CNN-BiGRU model is illustrated. In this pro-
cess, the “observed value” refers to the actual minimum value
recorded during the current iteration, while the “estimated
value” refers to the objective value calculated based on the
BO model’s estimated optimal hyperparameter combination.
The model converged after five iterations, i.e., after evalu-
ating 25 sets of hyperparameters. The optimal hyperparam-
eters obtained for the current model are 12 BiGRU hidden
units, 27 maximum training epochs, an initial learning rate
of 0.0019, a mini-batch size of 34, a learning-rate decay fac-
tor of 0.8461, and a decay period of 12. The BO algorithm
automatically extracts the optimal values based on observed
iteration results, which saves computational resources and
time compared to traditional methods. It also enhances the
automation and intelligence of the hyperparameter optimiza-
tion process. This significantly improves the practical appli-
cability of the inversion model, allowing field deployment
without requiring domain experts for manual tuning. With
only historical data input, the model can be automatically
trained to adapt to the specific characteristics of a given oil
well.

Figure 6. RMSE of the training and validation sets at the end of
training for each.

The training performance of the models was evaluated us-
ing the root mean square error (RMSE) of the training and
validation sets at the end of training. The training results of
each model are shown in Fig. 6. As illustrated in the figure,
the BO-CNN-BiGRU model achieved lower RMSE values
on both the training and validation sets compared to the other
models. This indicates that the BO-CNN-BiGRU model at-
tained better fitting performance on the training data. Among
the comparison models, the BP and CNN models exhibited
relatively high RMSE values on both the training and valida-
tion sets, reflecting poor training performance. The P-CNN-
BiGRU and BiGRU models demonstrated similar behavior,
with RMSE values at a moderate level, slightly higher than
those of the BO-CNN-BiGRU model. These results suggest
that hybrid models incorporating multi-feature inputs can im-
prove training performance in indicator diagram inversion
tasks.

While the model’s performance on the training and vali-
dation sets reflects its training effectiveness, these results do
not fully represent its actual performance. The true indica-
tion of the model’s real-world applicability lies in its inver-
sion accuracy on the test set, which is not involved in the
training process. Therefore, after the model is trained, indi-
cator diagram inversion is conducted using the test set, and
the average matching rate across cycles is calculated. The
results are shown in Fig. 7. As illustrated in the figure, the
BO-CNN-BiGRU model demonstrates stable inversion ac-
curacy throughout the entire test set, with almost no signifi-
cant fluctuations, indicating reliable performance in indicator
diagram inversion tasks. In comparison, the P-CNN-BiGRU
model also exhibits a certain level of stability, though this is
slightly lower than that of the BO-CNN-BiGRU model. The
CNN, BiGRU, and BP models, however, show substantial
fluctuations in their matching rates, indicating significantly
unstable inversion performance.

The inversion results of indicator diagrams for each test set
were evaluated based on the matching-rate criteria. The eval-
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Table 2. Value range of hyperparameters.

Hyperparameterization Realm Hyperparameterization Realm

BiGRU hidden unit [1400] Maximum number of iteration rounds [25,35]

Initial learning rate
[
1× 10−3,1

]
Learning-rate decline factor [0,0.9]

Number of small batch samples [32,1024] Learning-rate decline cycle [5,15]

Figure 7. Average compliance rate of loads per cycle of the test set.

Figure 8. Statistical chart of the compliance level of the test set.

uation results are shown in Fig. 8. The qualification rates of
the five models – BO-CNN-BiGRU, P-CNN-BiGRU, CNN,
BiGRU, and BP – were 98.8 %, 95.6 %, 88.8 %, 96.8 %, and
94.0 %, respectively.

Since each indicator diagram contains 200 measurement
points per cycle, the average matching rate of a single cycle
only reflects the model’s accuracy to a limited extent. Fig-
ures 9 to 13 present a visual comparison between the inverted
and actual indicator diagrams, offering a more intuitive illus-
tration of performance differences among the five models. As

shown in the table, the indicator diagrams generated by the
BO-CNN-BiGRU model better match the actual diagrams in
terms of shape compared with those produced by the other
four models.

In summary, the effectiveness of the proposed multi-
feature hybrid model, BO-CNN-BiGRU, is validated through
comparison with four baseline models. By integrating the
strengths of convolutional neural networks (CNNs) and bidi-
rectional gated recurrent units (BiGRUs), the BO-CNN-
BiGRU model can effectively extract deep features and cap-
ture complex temporal dependencies from multi-source data
including beam angle (θ ), motor current (I), and motor power
(Pact), thereby enhancing the accuracy of indicator diagram
inversion. The CNN component excels at extracting local
patterns from the input data and processing heterogeneous
information from different sensors and data sources. Mean-
while, the BiGRU component demonstrates superior capa-
bility in modeling temporal dependencies; its bidirectional
structure allows it to leverage both past and future informa-
tion, enabling the model to learn long- and short-term de-
pendencies more effectively and to further improve inversion
performance. The integration of these two components im-
proves the model’s robustness and accuracy under varying
well conditions. By fusing multi-source inputs such as beam
angle (θ ), motor current (I), and motor power (Pact), the BO-
CNN-BiGRU model can more accurately reflect the actual
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Figure 9. Comparison of inversion results for BO-CNN-BiGRU based on two datasets: (a) dataset 1, (b) dataset 2.

Figure 10. Comparison of inversion results for P-CNN-BiGRU based on two datasets: (a) dataset 1, (b) dataset 2.

Figure 11. Comparison of inversion results for CNN based on two datasets: (a) dataset 1, (b) dataset 2.

load conditions of the pumping unit, thereby providing reli-
able indicator diagrams for well monitoring, fault diagnosis,
and parameter optimization. In contrast, other models such
as BP, CNN, P-CNN-BiGRU, and BiGRU, although capable
of inversion to some extent, exhibit limitations in terms of
accuracy and stability, making them less practical than the
proposed model.

5 Conclusion

In this chapter, an indicator diagram inversion model based
on BO-CNN-BiGRU is proposed, which can reconstruct the
indicator diagrams of beam pumping units with relatively
high accuracy. The model’s performance was evaluated us-
ing real production data from oilfields, and several baseline
models were developed for comparison. The following con-
clusions are drawn:
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Figure 12. Comparison of inversion results for BiGRU based on two datasets: (a) dataset 1, (b) dataset 2.

Figure 13. Comparison of inversion results for BP on based on two datasets: (a) dataset 1, (b) dataset 2.

1. Based on an analysis of the pumping unit’s mechanical
model, output power Pact, motor current I , and beam
angle θ were selected as model inputs. As the complete-
ness of the input data increases, the model can better
utilize the information contained in each input signal,
thereby improving the accuracy of indicator diagram in-
version.

2. The proposed BO-CNN-BiGRU model effectively inte-
grates the deep feature extraction capability of CNN and
the temporal feature learning strength of BiGRU. Dur-
ing training, Bayesian optimization is employed to fine-
tune the model, which reduces computational cost and
training time while enhancing the automation and intel-
ligence of the hyperparameter optimization process. As
a result, the model can be deployed across different oil
wells without manual tuning – only training data spe-
cific to the well are required – thereby improving its
practical applicability.

3. Based on real-case testing results, the BO-CNN-BiGRU
model demonstrates superior performance in indica-
tor diagram inversion, outperforming the four baseline
models. The qualification rates on the test set for BO-
CNN-BiGRU, P-CNN-BiGRU, CNN, BiGRU, and BP

were 98.8 %, 95.6 %, 88.8 %, 96.8 %, and 94 %, respec-
tively. Moreover, the proposed model maintains a con-
sistently high match rate of predicted load curves across
the entire test set, indicating its ability to accurately cap-
ture the complex nonlinear relationships between input
variables and load after training.
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