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Abstract: The petroleum and natural gas industries exhibit a high dependency on lifting equipment
for oil and gas. Any malfunction in these devices can lead to severe economic losses. Therefore,
continuous and timely monitoring of the status of pumping equipment is of paramount importance
to proactively prevent potential issues. In an effort to enhance this monitoring process, this study
delves into multi-source data images at the well site and extends traditional information analysis
methods. It introduces an improved YOLOv7 method based on switchable atrous convolution.
While the YOLOv? algorithm achieves a balance between speed and accuracy, its robustness in
non-standard environments is suboptimal. To address this limitation, we propose the utilization
of a switchable atrous convolution method for enhancement, thereby augmenting the adaptability
of the model. Images of pumping units from diverse scenarios are actively collected and utilized
to construct training, validation, and test sets. Different models, including YOLOv7SAC, YOLOv7,
and YOLOvV5-n, undergo testing, and their detection performances are systematically compared in
complex environments. Experimental findings demonstrate that YOLOv7SAC consistently attains
optimal detection results across various scenes. In conclusion, the study suggests that the combination
of the YOLOV7 model with switchable atrous convolution proves effective for detecting pumping
unit equipment in complex scenarios. This provides robust theoretical support for the detection and
identification of pumping equipment issues under challenging conditions.

Keywords: oil pumping unit; oilfield development; computer vision; unconventional scene object
detection; switchable atrous convolution

1. Introduction

The continuous advancement and implementation of artificial intelligence (AI) tech-
nology have brought profound transformations and challenges to society, fostering the
intelligent evolution of the oil and gas industry. Within this industry, the pumping unit
holds pivotal significance, playing a critical role in the extraction of oil and gas resources.
However, owing to the demanding operational conditions and prolonged usage, pumping
units are susceptible to wear, potentially resulting in equipment failures and subsequent
production losses. Therefore, ensuring the real-time monitoring of the pumping unit’s
status for sustained normal operation becomes imperative. Currently, the predominant
approach involves establishing data-driven diagnostic models using machine learning
techniques based on extensive datasets. This methodology has yielded commendable
results, contributing to enhanced recognition accuracy and mitigated production losses
attributable to equipment failures. Han and Yue [1], for instance, employed principal
component analysis, cluster analysis, and regression analysis to mine and analyze light-
rod-load data from aging wells, elucidating the working conditions of oil wells. Lv et al. [2]
devised a novel sucker rod pumping system (SRPS) model and introduced an evolutionary
support vector machine (SVM) method for SRPS diagnosis, tailored to diverse well diag-
nostic requirements. Pan et al. [3] introduced a novel decision fusion method rooted in
Bayesian theory, utilizing extensive data generated during the production process for unsu-
pervised fault detection in pumping units. Cheng et al. [4] applied transfer learning with
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AlexNet to extract features from sensor-collected data and employed SVM for identifying
working conditions.

The methods mentioned above necessitate the development of diagnostic machine
learning models utilizing data, sensors, and other tools. Challenges arise from issues such
as data noise and timeliness within massive datasets during the model application, and
these issues cannot be overlooked. Moreover, the deployment of sensors and data transmis-
sion demand substantial human and material resources. It is crucial to highlight that video
monitoring technology ensures the timely availability of image data, and the monitoring
deployment process does not require extensive resources, as compared to sensors. Object
detection, a technique employed to recognize and locate objects in images or videos, has
found widespread applications in various industries, particularly in industrial monitoring.
Presently, the algorithm based on deep learning has emerged as the predominant research
methodology in this field, showing great promise in intelligent monitoring [5,6]. The algo-
rithms in this field can be broadly categorized into three types: two-stage, one-stage, and
vision transformer (ViT). Girshick et al. [7] introduced R-CNN with CNN features for object
detection, demonstrating the efficacy of two-stage detectors. In 2015, Redmon et al. [8]
proposed the first one-stage detector, YOLOv1, and they have since developed a series
of YOLO algorithm frameworks through continuous enhancements. ViT refers to the
transformer architecture in natural language processing, which has been extended to the
computer vision domain [9] and has yielded positive outcomes on extensive training data.
Among various object detection algorithms, the one-stage YOLO series algorithms have
exhibited outstanding performance in object detection tasks, especially in industrial appli-
cations, where they ensure real-time detection while meeting the requirements for training
with limited samples.

Considering the intricacy of the comprehensive balance model and the precision
demands of application scenarios, we enhanced the detection of oil pumping machines
using the YOLOV? algorithm framework [10] and conducted evaluations on a practical
oil-pumping-machine dataset. YOLOv?7, being a one-stage object detection algorithm,
maintains high accuracy while ensuring rapid response times. To enhance the algorithm’s
adaptability to complex environments, we employed the improved YOLOV?7 algorithm
with switchable atrous convolution (referred to as YOLOvV7SAC) for the detection of
oil-pumping-machine equipment. This approach facilitates the real-time monitoring of
oil-pumping-machine statuses, enables the prompt detection of equipment failures, and
mitigates production losses. Conventional detection methods necessitate manual inter-
vention, resulting in inefficiency. In contrast, the utilization of object detection algorithms
allows for automated detection, enhancing monitoring efficiency and accuracy.

The method proposed in this paper employs real oil-pumping-machine image datasets
for training and employs transfer learning to train the YOLOvV7SAC algorithm on the
annotated dataset. Transfer learning is a technology that reduces training time, diminishes
the demand for computing resources, and enhances the model’s generalizability. Through
transfer learning, we leverage models trained on large-scale datasets to transfer their
knowledge to target tasks, thereby improving model performance in new tasks. We
initialized the YOLOv7SAC model using a pre-trained model on the COCO dataset [11]
and fine-tuned it on the annotated dataset. The oil-pumping-machine image datasets used
for training and testing are derived from real oil fields, encompassing various types of oil-
pumping-machine devices in diverse scenarios. The annotated dataset precisely delineates
the position of oil-pumping-machine equipment in the image, and transfer learning is then
applied to train the YOLOvV7SAC algorithm on this annotated dataset.

This study contributes via the following aspects: (1) It introduces intelligent technology
for well-site recognition monitoring, addressing the current challenges of time-consuming
and labor-intensive well-site surveillance. This is conducive to facilitating future unmanned
supervision of well-site development. (2) To address the challenge of detecting high-
density pumping units in complex well-site environments using YOLOV7, improvements
are made by incorporating switchable atrous convolutions, resulting in enhanced accuracy.
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(3) The proposed method is validated through real-world well-site scenarios, confirming
the effectiveness of the approach.

2. Related Work

Object detection stands as a pivotal domain in computer vision, where various machine
learning (ML) and deep learning (DL) models have been employed to enhance performance
in object detection and related tasks. Initially, two-stage object detectors demonstrated
excellent detection performance and found widespread applicability. However, recent
advancements in one-stage object detection and bottom-up algorithms have underscored
their improved performance and stability, positioning them as competitive counterparts
to most two-stage object detectors. Furthermore, the introduction of YOLOvV5 has seen
its widespread adoption for object detection and recognition across diverse backgrounds,
showcasing notable performance compared to corresponding two-stage detectors. This
highlights the YOLO algorithm’s excellent compatibility with new modules. In laying
the groundwork for the network model of the YOLOv7 algorithm, this section introduces
fundamental concepts and architecture. It also explores incremental optimizations im-
plemented in different YOLO versions compared to their predecessors within the YOLO
algorithm framework.

YOLOV1 [8] redefined the object detection problem as a regression problem instead
of a classification problem. The efficacy of convolutional neural networks (CNNs) in
extracting features from a visual input is attributed to the efficient propagation of low-level
features from the initial convolutional layer to subsequent layers in a deep CNN. The
challenge resides in the precise identification of multiple objects and the determination
of their exact spatial locations within a singular visual input. Two pivotal attributes of
CNNs, namely parameter sharing and the utilization of multiple filters, adeptly tackle the
intricacies associated with object detection. The CNN predicts all object boundary boxes
and class probabilities in the image, utilizing bounding boxes to recognize objects and their
positions in a single image. YOLO'’s straightforward structure, coupled with its innovative
full-image, one-shot regression, enhances its speed compared to existing object detectors,
enabling real-time performance. However, despite YOLO'’s faster performance relative to
conventional object detectors, it exhibits larger location errors compared to other advanced
two-stage methods. This limitation arises from its ability to detect, at most, two objects
of the same class within a grid cell, thereby restricting its capability to predict nearby
objects. Additionally, it poorly adapts to objects with aspect ratios not encountered during
training, and due to the presence of down-sampling layers, it can only learn from coarse
object features.

YOLOV2 [12] introduced a novel hierarchical approach building upon YOLOv1, merg-
ing classification and detection tasks, significantly enhancing model scalability concerning
the number of classes. To maintain consistency in the weight matrix distribution across
different levels and mitigate the issue of internal covariate shift, batch normalization was
incorporated, normalizing the output from each hidden layer. The removal of fully con-
nected layers increased the flexibility of the model prediction dimensionality, facilitating
multi-scalable training and improving the detection resolution. In this iteration, anchor
was employed for predicting boundary boxes, utilizing a set of predefined anchor pro-
totypes with matching object shapes. Multiple anchors were assigned to each grid cell,
predicting the coordinates and categories of each anchor. The network’s output size is
directly proportional to the number of anchors in each grid cell. YOLOvV2 incorporated
clustering analysis to select optimal anchors, enhancing the network’s ability to predict
more accurate boundary boxes. During training, k-means clustering was performed on
the boundary boxes to identify suitable anchors, striking a balance between recall rate and
model complexity.

YOLOV3 [13] embraced the concept of feature pyramid networks (FPNs) [14], integrat-
ing residual blocks, skip connections, and up-sampling into the network structure. This
connection of down-sampled feature maps to up-sampled feature maps at different loca-
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tions facilitated the extraction of fine-grained features, which is particularly beneficial for
detecting small objects of varying dimensions. Different feature maps of 52 x 52,13 x 13,
and 26 x 26 were employed to detect large, medium, and small objects, separately.

YOLOV4 [15] enhances the backbone network by transforming Darknet53 into CSP
Darknet53 based on YOLOv3. CSP Darknet53 splits into two branches after the base layer,
eventually merging the two to achieve richer gradient combinations with a smaller com-
putational cost. Spatial pyramid pooling (SPP) [16] is introduced behind the backbone
network in YOLOV4 to significantly increase the receptive fields, capturing more prominent
contextual features. To enhance model robustness against perturbations, image adversarial
attacks are employed to generate deceptive training data with a falsely labeled ground
truth. These deceptive data were retained to enable the model to correctly detect objects.
YOLOV4 utilizes genetic algorithms for hyperparameter optimization. A genetic algorithm
is employed in the initial 10% of the training period to find the best hyperparameters for
training. Additionally, a cosine annealing scheduler is employed to adjust the learning rate
throughout the entire training process. The algorithm structure gradually reduces the learn-
ing rate at the beginning of training, rapidly reduces it at the midpoint, and slightly reduces
it towards the end, enabling adaptive learning habits based on the network structure.

In YOLOVS5, the network structure is streamlined by introducing two parameters:
model depth and the number of convolutional kernels. Additionally, it incorporates two
data augmentation methods, scaling and color space adjustment, building upon the mosaic
data augmentation used in YOLOv4. A focus layer is added in front of the backbone
network in YOLOV5 to more fully extract features without information loss.

YOLOV7 introduces model reparameterization into the framework. It constructs a
series of structures for training and equivalently transforms their parameters into another
set of inference parameters. This equivalence allows conversion of the initial series of
structures into another, helping the model optimize its performance based on specific task
requirements and enhance generalization. Furthermore, YOLOv7 introduces proportional
scaling to address the accuracy—speed trade-off in different scenarios, utilizing distinct
model extension strategies for scaling up.

3. Proposed Method

This study delves into the exploration based on YOLOv7, a model that demonstrates
significant advantages in the domain of object detection. Contrasted with YOLOVS5,
YOLOV7 exhibits improvements in both precision and speed in object detection. Test-
ing on the MS COCO dataset indicates that YOLOv7-X reduces parameters by 22% and
computations by 8% compared to YOLOv5-X, while increasing the average precision (AP)
by 2.2%. Renowned for its speed and efficiency, YOLOv7 achieves more accurate detection
of small and occluded targets through innovative designs such as multi-scale fusion and
path integration. Its end-to-end training strategy and adaptability to various target sizes
make the model perform exceptionally well in complex scenarios. However, YOLOV7’s
performance may decrease when dealing with dense targets. Additionally, in scenarios
with complex backgrounds and low contrast, YOLOvV7’s detection accuracy may be com-
promised. This study, building upon the strengths of YOLOvV7, addresses its shortcomings
with targeted improvements, further enhancing the accuracy and stability of the object
detection model in the context of oilfield development. The YOLOv7SAC network structure
designed in this study is shown in Figure 1.
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Figure 1. YOLOV7SAC network structure.

3.1. Network Structure

According to the diagram, the network structure of YOLOV7SAC is composed of
four parts: the input network, backbone network, neck network, and head network. The
image is first processed by the input network structure of YOLOV7SAC, and the image
size is resized to 640 x 640 x 3 before being input into the backbone network. The CBS
module, efficient layer aggregation network (ELAN), and MP1 module alternately down-
sample the feature map to half of the original scale, while the output channel number
becomes twice the input channel number. The structure of each module in the YOLOv7SAC
network structure is shown in Figure 2. The CBS module performs convolution on the input
feature map, then uses batch normalization to reduce the problem of internal covariate shift.
Finally, it uses an activation function to introduce non-linear features, where the activation
function uses the same SiLU activation function [17] as YOLOvVS5, which is obtained by the

following formula:
x

Trew .

where SiLU(x) is the output value of the activation function and x is the input value of
the function.

SiLU(x) =
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Figure 2. Structural diagram of YOLOv7SAC module.

There are three types of CBS modules in the structure, each with different convolution
kernels (k) and strides (s). The yellow CBS module is a 1 x 1 convolution with a stride
of 1, and its main function is to change the channel number; the green CBS module is a
3 x 3 convolution with a stride of 1, and its main function is to extract features; the blue CBS
module is a 3 x 3 convolution with a stride of 2, and its main function is down-sampling.

Atrous convolution is an effective technique for increasing the receptive field of
convolution kernels in convolutional layers. It can enlarge the size of convolution kernels
without increasing the number of parameters or computational complexity. Switchable
atrous convolution (SAC) [18] has designed an efficient transformation mechanism that can
transform standard convolution into conditional convolution, i.e., dynamically adjusting
the convolution kernel, width, or depth of convolutional operations. Through the spatial
switch function, this technology can make each feature mapping area have different switch
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functions to control the output of SAC, which can greatly improve the performance of the
detector. The transformation formula is as follows:

Conv(x,w,1) — S(x)-Conv(x,w,1) + (1 — S(x))-Conv(x, w + Aw,r) )

where x is the input; w is the weight; r is the void ratio of the void convolution, which is
the trainable weight; and S(x) is the switching function, which consists of a 5 x 5 average
pooling layer and a 1 x 1 convolution layer. The SAC structure is shown in Figure 3.

——

Global Conv
AvgPool 5x5

AvgPool
5x5

Global Conv
AvgPool 5%5

Figure 3. Schematic diagram of switchable atrous convolution structure.

In order to continually enhance the learning capabilities of the network without
disrupting the existing gradient pathways, YOLOv7SAC introduces the efficient layer
aggregation network (ELAN). The ELAN structure consists of different CBS convolutional
modules. Group convolution is employed to expand the channels and cardinality of the
computation block, ensuring that the number of channels in each group feature map is the
same as in the original architecture. Ultimately, the number of channels exported from the
ELAN module is twice that of the input.

The upper branch of the MP1 module reduces the size of the feature map by half
through max pooling, and the channel is halved through the CBS convolution module; the
lower branch first cuts the channel in half through the CBS convolution module, and then
reduces the size of the feature map by half through the CBS convolution module with a
3 x 3 kernel and a stride of 2; then, the whole branches are fused. Eventually, the obtained
output feature map has a length and width that is half of the input, with equal input and
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output channels. Similarly, the MP2 module is similar to the MP1 module, except that the
output channels of the output feature map are twice the input feature map.

In order to expand the receptive field without losing resolution, the MP1-S module
and ELAN-S module based on the SAC convolution model were designed at the end
of the backbone network. The difference from the previous modules is that the normal
convolution in the 3 x 3 CBS convolution of the ELAN and MP1 modules is replaced by
switchable atrous convolution, achieving a smooth switching between different dilation
rates for convolutional calculations. Two global contextual modules in the structure add
image-level information to the features.

On the basis of the three outputs in the backbone network, the neck network adopts
the same Pa-FPN [14,19] structure as YOLOv4 and YOLOVS5 to continue outputting three
different-sized feature maps. The neck network is composed of an SPPCSC module, a
sequence of CBS modules, an MP module, and a ConvCat module. For the feature map with
a 32x down-sampling output from the end of the backbone network, it is first processed
by the SPPCSC module. After being processed by the SPPCSC module, the channel
number of the feature map is reduced from 1024 to 512. The following process is the same
as for YOLOV5, following the top-down route, and then integrating with 16x and 8x
down-sampling feature maps in turn to obtain three feature maps of sizes 20 x 20 x 512,
40 x 40 x 256, and 80 x 80 x 128; then, the down-top route is followed to integrate with
the 20 x 20 x 512 and 40 x 40 x 256 feature maps.

In the neck network, the ConvCat module is similar in structure to the ELAN module,
but the number of ConvCat is increased from 4 to 6. Unlike the SPPF used in YOLOVS5,
YOLOV7SAC uses the better-performing SPPCPC module to increase the network’s recep-
tive field. First, a 20 x 20 x 512 input feature map is obtained and undergoes three CBS
convolution operations, followed by three max pooling operations with kernel sizes of 5,
9, and 13, where the application of padding is adaptable to various kernel sizes. Finally,
the result is combined with data from a 1 x 1 CBS convolution operation only, without
pooling, to obtain a feature map with a size of 20 x 20 x 512. The SPPCPC module can
obtain adaptive scale object information while keeping the size of the feature map constant.

For the three differently sized feature maps output by the neck network, YOLOv7SAC
designs the structured re-parameterized convolution using the RepConv structure [20]
without direct connection, which increases training time but greatly improves inference
performance [21]. In the training process, the entire module is divided into multiple
identical or different module branches. In addition, 3 x 3 CBS convolution with batch
normalization, 1 x 1 CBS convolution with batch normalization, and batch normalization
layers when the input and output channels are the same are added to obtain the training
model. In the inference process, the three parts are re-parameterized and their parameters
are equivalently converted to another set of parameters using a 3 x 3 CBS convolutional
module output. Then, the multi-branch training model is transformed into a high-speed
single-branch inference model. The deployed model retains the high accuracy and other
excellent characteristics of the multi-branch model while maintaining efficiency. It achieves
a good balance between speed and accuracy, thereby improving network performance.

After adjusting the final number of output channels in the RepConv module, 1 x 1
three-layer convolution is used to perform object, class, and bounding box prediction tasks
for object detection, obtaining the final detection results.

3.2. Training Strategy

Regular parameter weights accumulate the gradient throughout the entire training
process. Meanwhile, using the EMA (exponential moving average) parameter weights is
equivalent to using a weighted average of the gradients during training, with small initial
weights for the gradients, computing the weighted average of all previous data points, and
the weight follows an exponential decay. Since the beginning of training is often unstable,
the gradients obtained at the beginning should be given lower weights, and using EMA



Energies 2024, 17, 835

90f17

during model training can improve test metrics and increase the robustness of the model.
The formula for calculating EMA is as follows:

v = por1+ (1—B)-6; 3)

where v; represents the shadow weights at time f (vg = 0),  is the weighted value, and 6;
is the model weights at time ¢.

In terms of label assignment, first match the real box with the anchor box aspect ratio
and increase the positive sample number on the basis of the nearest center. If the aspect
ratio falls within a certain range, as shown in Figure 4a, the anchor box is the red square in
the middle, with another red square inside and outside. The ratio inside to outside is 1/4
and 4, respectively, with a range of four times. As long as the width and height of the real
box fall within the range of the inside and outside, it is considered a match and the anchor
box can be used to predict the real box. The green box in the figure indicates a successful
match, and the yellow box indicates a failure. To further increase the number of positive
samples, the two grids closest to the center of the real box also make predictions for the
real box, as shown in Figure 4b.

(a) (b)

Figure 4. Schematic diagram of positive sample matching. (a) Box matching, (b) Positive
sample expansion.

After finding the positive samples for predicting the real box, they are further pro-
cessed using OTA [22] label matching to select the most suitable anchor boxes. The general
idea is to first restore the normalized real box to the real size and coordinates, and then
match the preliminarily selected anchor boxes with the predicted boxes to find the predicted
boxes corresponding to these anchor boxes. Since the predicted boxes are offset relative
to the anchor boxes, their centers and widths/heights are decoded. Each real box’s IoU is
calculated with all preliminarily selected positive samples, and the sum of the calculation
results is rounded to obtain a value k, which is the number of positive sample anchor boxes
to be selected for this real box. One real box can correspond to multiple positive samples,
and one positive sample anchor box can only correspond to one real box. The target class
loss is calculated for each real box and all preliminarily selected positive samples, and
the IoU loss is then added to the target class loss to obtain the total loss. The total loss
calculation result of the predicted boxes corresponding to all preliminarily selected positive
samples for one real box is sorted, and the minimum k values are taken. The anchor
boxes corresponding to these values are the final positive samples. If a positive sample
corresponds to multiple ground truth boxes, the positive sample is extracted, and the total
loss value between the positive sample and the multiple ground truth boxes is computed.
The minimum total loss value is then found, and the positive sample is assigned to predict
that ground truth box with the smallest total loss.

During the training process, YOLOvV7SAC utilizes a deep supervision technique, where
the shallow features are extracted from the header as the auxiliary header, and the deep
features of the final output of the network are used as the guiding header, as shown in
Figure 5a. The losses from the auxiliary and lead heads are fused, equivalent to performing
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a model ensemble operation at the network’s high level, which enhances the overall model
performance. When computing the loss, the lead head calculates loss independently, while
the auxiliary head takes the positive samples matched by the lead head as its own positive
samples and calculates loss. Finally, the losses from both heads are added according to
different proportions, as shown in Figure 5b.

1x 2x 4x 8x 16x 32x

[ Aux Head ] [ GT ]

[ Loss ]‘—{ OTA ]

/

[Lead Head H Loss ]

[Lead Head ][ Lead Head ][ Lead Head ]

(a) (b)

Figure 5. Structural diagram of head structure training strategy. (a) Auxiliary head schematic
diagram, (b) Head loss fusion.

3.3. Loss Function

The loss function is composed of multiple components, each corresponding to different
differences between the model’s predicted results and the annotations. During training, the
model adjusts its parameters based on the value of the loss function, aiming to continually
reduce the loss function value, thereby improving the model’s accuracy and generalizability.
Therefore, the loss function plays an important role in object detection algorithms, directly
impacting the training and detection performance of the model.

After two rounds of filtering based on label assignment, the positive samples are
obtained, and the loss is computed for each positive sample and its corresponding ground
truth box (GT). YOLOv7SAC’s loss function calculation is similar to YOLOV5's, consisting
of three components, namely object confidence loss, class confidence loss, and bounding
box regression loss. The object and class confidence loss functions are both calculated using
BCE loss, whose formulas are as follows:

N
L= X I log(y) + 1~y log(1 —y.) @

where L is the BCE loss value, N is the total number of samples, and y; is the category of
the first sample.

CloU Loss [23] is used to calculate the loss of coordinate regression. Compared with
previous algorithms, the loss function increases the loss of the detection frame scale and
the loss of length and width, so that the prediction frame will be more in line with the real
frame. The calculation formula is as follows:

v
T AU+ ©)
4 wst w
V= p(arctanﬁ — arctanﬁ) (6)
2 b, bgt
L:1—10U+(%+av) @)

where L is the CIoU loss value, IoU represents the ratio of the areas where the real frame in-
tersects and merges with the prediction frame, c represents the Euclidean distance between
the center points of the prediction frame and the real frame, and w, h, w8 t pst represent
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the width and height of the prediction frame and the real frame, respectively, as shown in
Figure 6.

GT

Figure 6. Schematic diagram of CIoU calculation, with red representing GT and blue representing
prediction box.

The three loss functions are weighted and summed according to a certain weight, and
the specific calculation formula is as follows:

L=MAML1+ ALy + A3L3 (8)

where L is the total loss function, L1, Ly, and L3 represent the target confidence loss,
category confidence loss and coordinate regression loss, respectively, and Ay, Ay, A3 are the
weight coefficients taken as A; = 0.1, A, = 0.125, A3 = 0.05 here, respectively. The loss
function is a function used to measure the difference between the model’s predicted results
and the actual labels. During the training process, by continuously adjusting the model
parameters, the model can more accurately predict the location and category of the targets,
thereby improving the accuracy and generalizability of the model.

4. Application
4.1. Model Construction

A total of over 1000 images of pumping units were collected from actual oil field sites
with multiple scenarios and angles for model construction. The construction process of the
pumping unit detection model consists of two stages: training and testing. In the training
stage, the YOLOvV7SAC neural network was trained using the training set. After obtaining
the model weights during the training process, evaluation indicators were validated on
the validation set. The best-weighted model was selected as the pumping unit detection
model upon completion of training. During the testing stage, the testing set data were
used to run the detection model and evaluate the model applied to the testing set to
ensure the model’s applicability and generalization. The model construction and validation
processes are shown in Figure 7, where the neural network model’s final output is the
confidence of the detected box of the identified pumping unit and the corresponding class.
In the application process, actual video data or image data are utilized as the inputs for
the model, aiming to achieve accurate monitoring of pumping units and extract crucial
spatial information. With the aid of advanced deep learning technology, particularly the
improved YOLOV? object detection network, efficient detection of pumping units has been
successfully accomplished. The model output encompasses precise spatial information
such as the position and dimensions of the pumping units, providing real-time and accurate
data support for well-site operations.
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Figure 7. Model building workflow.

4.2. Model Evaluation

In this study, metrics such as precision, recall, mean average precision (mAP), and F1
score were employed for the objective assessment of the model’s performance. Precision,
a commonly used evaluation metric, is calculated as the number of correctly identified
targets divided by the total number of detected targets. Generally, higher precision indicates
better detection performance. However, elevated precision does not always signify overall
effectiveness. Therefore, additional metrics such as mean average precision, recall, and F1
score were introduced for a comprehensive evaluation. The formulas for precision, recall,
mean average precision, and F1 score are as follows:

TP .
pP= TP——FFIJ x 100% (9)
TP
R= TP+ FN (10)
13
mAP = —Z/ P.(r)dr (11)
niz /o
2PR
FF=—— 12
1= 5 R (12)

where P represents precision, R denotes recall, mAP stands for mean average precision,
and F signifies the F1 score; the following definitions apply: TP (true positives) signifies
the number of correctly detected pumping unit objects; FP (false positives) indicates the
number of non-pumping unit objects incorrectly identified as pumping units; and FN (false
negatives) represents the number of pumping units that have not been found.

4.3. Results and Discussion

On the basis of the original dataset and the enhanced YOLOv7 network, the YOLOv7SAC
model for the target detection of pumping units is established. The training and validation
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loss fitting curves of the YOLOV7SAC model before and after improvement are shown in
Figure 8, in which the horizontal coordinates and vertical coordinates represent the iteration
times and the loss function, respectively. The training and validation losses of YOLOvZ7SAC
rapidly decreased in the first 100 epochs, with the validation loss values being higher than the
training loss values. Subsequently, in the following 100 to 250 epochs, the losses gradually
decreased, reaching stability at around 250 epochs. The loss curves for training and validation
converged without overfitting during the training. Therefore, this study determined that the
model is suitable for pumping unit detection after 300 epochs.

—— train/box loss
0.10
—— val/box loss
0.08
n 0.06
n
(@]
—
0.04
0.02
00 50 100 150 200 250 300
Epoch
(a)
—— train/box loss
0.10
—— val/box loss
0.08
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(V)]
(@]
—
0.04
0.02
G0 50 100 150 200 250 300

Epoch
(b)

Figure 8. Diagram of box loss: (a) YOLOvV7; (b) YOLOv7SAC.
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The value of training loss of the YOLOv7 model converges to 0.012, and that of
validation loss converges to 0.017. After improvement, the value of training loss of the
YOLOv7SAC model converges to 0.009, and that of validation loss converges to 0.016.
Compared with the loss value before improvement, it can be seen that the convergence
speed is faster and the detection effect is better.

The improved YOLOv7SAC model is compared with YOLOv7 and YOLOv5-n to
verify its accuracy and effectiveness. The models all use the MS COCO dataset as the pre-
training dataset, the basic weights and parameters of the pre-training model are established,
and then the pumping unit image is used as the training dataset. The precision, recall,
mean average precision, and F1 score mentioned above are used as the evaluation indexes
of different models, and the changes in each index of YOLOvV7SAC in the training process
are shown in Figure 9. The training results of each algorithm are shown in Table 1. From the
table, it can be seen that the accuracy of YOLOvV7SAC is improved by 3.76% compared with
YOLOvV7 and by 8.05% compared with YOLOv5-n; in terms of recall rate, YOLOvV7SAC
increased by 0.79% compared with YOLOv?7 and by 12.20% compared with YOLOv5-n; in
terms of F1 score, YOLOv7SAC increased by 2.26% compared with YOLOv7 and by 10.14%
compared with YOLOv5-n; in terms of mAP, YOLOv7SAC is 0.73% higher than YOLOv?7
and 6.59% higher than YOLOv5-n.

Precision F1 Score

F1 Score

Precision

o DD 50 100 150 200 250 300 50 100 150 200 250 300
Epoch Epoch

Recall mAP

Recall

o Dﬂ 50 100 150 200 250 300 50 100 150 200 250 300
Epoch Epoch

Figure 9. Diagram of various indexes of YOLOV7SAC during training.

Table 1. Comparison diagram of model indicators.

Model mAP (%) Precision (%) Recall (%) F1 Score (%)
YOLOV5-n 92.38 90.41 85.80 88.04
YOLOv7 97.76 94.15 95.52 94.83
YOLOvV7SAC 98.47 97.69 96.27 96.97

In order to examine the generalizability of different models for pumping unit image
detection, the optimal network weights trained by each model are used to detect the data
in the test set. In practical application, the detection of a pumping unit needs to ensure the
correctness of certain detection, reduce the extra operation brought by the wrong detection,
and affect the economic effect. Therefore, the confidence threshold of the detection results
is set to 0.4, and the detection effect of each model is shown in Figure 10. The figure shows
the detection effect of four scenes; (a) represents the detection effect of pumping units at
different scales, (b) represents the scene in which multiple pumping units overlap and
block each other, (c) represents the scene in which the pumping units are observed from
different angles, and (d) represents the scene in which the pumping unit image does not
completely show the overall outline of the pumping unit. Here, the yellow circle represents
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the pumping unit that has a missed detection, and the green circle represents that the
non-pumping unit object is wrongly detected as a pumping unit. From the detection of
these scenes, it can be seen that YOLOv7 SAC can detect more pumping unit targets while
ensuring the correct detection rate, compared with the YOLOv5-n and YOLOvV?7 algorithms.

YOLOv7 YOLOV5-n

(a)

(b)

(c)

(d)

Figure 10. Detection results of each model in the test set, where the circle indicates the detection
error or missed detection. (a) Multi-scale scene; (b) occlusion scene; (c) multi-view scene; (d) image-
incomplete scene.

The detection results of on-site image tests in the previous sections are presented in
Table 2. The results obtained on the V100 computing graphics card indicate that YOLOv5-
n exhibits a faster inference speed but comparatively poorer detection performance. In
contrast, the improved YOLOvZ7SAC model outperforms the YOLOv7 model in both speed
and accuracy, demonstrating satisfactory results in terms of precision and speed.

Table 2. Inference speed of pumping unit detection in complex scene.

Model Number of Images Average Time (ms)
YOLOvV5-n 280 12.1
YOLOV7 280 14.2
YOLOvV7SAC 280 13.9

To sum up, the best detection model for identifying pumping units is the YOLOv7SAC
model. In the backbone network, the switchable atrous convolution is integrated into
the MP1 module and ELAN module, which can make the model learn more pumping
unit characteristics in complex environment scenes, thus enhancing the model’s learning
capacity and improving its generalizability.
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The robustness of models in complex scenarios remains a critical challenge, and in the
future, we aim to continue exploring ways to improve model robustness, such as using data
augmentation techniques and introducing additional training techniques. We will continue
to enhance the model and apply it to practical oil pump detection, testing its feasibility and
practicality through practice, and using feedback to further optimize and refine the model.
In the future, we plan to continue promoting research development.

5. Conclusions

This study employs intelligent technology for the first time and implements a refined
approach based on the YOLOV? object detection network to achieve the real-time and
accurate detection of pumping units in well-site scenarios. In the complex settings of oil and
gas field development, this method demonstrates outstanding performance, particularly
with the introduction of switchable atrous convolution technology, leading to the creation
of the YOLOv7SAC model, which exhibits optimal performance. Compared to YOLOv5-n
and the original YOLOV7 object detection networks, this model shows higher accuracy and
robustness in pump jack detection. The intelligent recognition model not only provides
elevated levels of detection accuracy but also proves more adaptable to the complexity of
well-site environments.

Through the collection of pump jack images and the application of the improved
YOLOV7SAC model, we successfully implement intelligent technology for precise pump
jack monitoring. The evaluation parameters achieved a mAP of 98.47%, an accuracy of
97.69%, a recall of 96.27%, and an F1 score of 96.97%. This innovative approach demon-
strates excellent prospects for application in the oil and gas field development process,
providing a reliable and efficient solution for well-site recognition monitoring.
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