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ABSTRACT

It is widely known that pipe assembly and disassembly still lacks automation. To enhance drilling
efficiency, we propose an autonomous detection and positioning model based on improved
YOLOvSx for drill pipe joints. Firstly, we use Activate or Not (ACON) activation function and
Convolution Block Attention Module (CBAM) to enhance feature extraction and representation
ability. Then, the loss function is changed from Complete loU (CIOU) loss to Scale-Invariant loU
(SIOU) loss, which increases the accuracy of the bounding box regression. Finally, the predict heads
are tailored to be more effective in detecting tiny targets. Following network training, the final drill
pipe joint detection model, based on the improved YOLOv5x, achieved an average accuracy of
99.10%, a 3.5% improvement over the base YOLOv5x algorithm. The proposed method effectively
promotes the intelligence of oil drilling equipment by quickly and accurately detecting drill pipe joints,
consequently enhancing drilling operation efficiency.
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1. INTRODUCTION

The application of computer vision techniques for the detection of oil drilling equipment during
operations constitutes a crucial component of numerous fully automated systems within the oil
industry[1]. This sector is progressively seeking to enhance process efficiency through automation.
Despite these advancements, the automation of pipe assembly and disassembly remains an unresolved
challenge, necessitating manual intervention for certain procedural aspects[2]. Specifically, workers
are required to manually verify the positioning of pipe sections prior to their attachment to or
detachment from the drill string, a step critical for the subsequent actions of the iron roughneck[4].
Consequently, there is a growing interest in eliminating this manual verification step by employing
computer vision systems capable of precisely estimating pipe positions, thereby facilitating the
automated handling and assembly/disassembly of the pipe string.

Object detection technology, characterized by its rapid response, high accuracy, and non-contact
nature, is well-suited for the dynamic and complex environments of drilling operations[5]. This
approach employs image sensors to capture images of drill pipe joints, utilizes image processing
algorithms to extract feature information, and then applies this information to classify and pinpoint
the location of drill pipe joints. Unlike traditional detection algorithms, which depend on manually
designed feature operators like SIFT[5], Harr[6] and HOG[7], and employ fixed-size image windows
for detection—thereby enhancing accuracy—these conventional methods are sensitive to variations
in lighting and environmental conditions, such as background interference. Consequently, traditional
detection techniques require intricate threshold adjustments for defect recognition, with any
environmental changes necessitating careful recalibration of these thresholds. This limitation
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significantly undermines their adaptability and robustness, rendering them less effective in new or
altered environments.

Deep learning-based object detection methods overcome the constraints of traditional algorithms
through the utilization of Convolutional Neural Networks (CNNs), establishing deep learning as the
predominant approach in image processing[8]. These algorithms exploit CNNs to extract
sophisticated and abstract features, significantly enhancing representational capabilities[9].
Predominantly, two types of deep learning architectures are employed: the One-Stage and the Two-
Stage models. One-Stage detectors, such as YOLO[10] and SSD[11], offer real-time object
localization and classification within a singular framework, prioritizing speed albeit at the expense of
lower accuracy compared to their Two-Stage counterparts. Conversely, Two-Stage detectors,
exemplified by RCNN[11] and Faster-RCNN[12], first generate region proposals before classifying
and refining the positioning of each proposal. This approach, while computationally more demanding,
yields superior accuracy due to its detailed processing methodology.

Several object detection methods have been applied in drilling filed. Liang B [14] enhanced the Faster
R-CNN model by incorporating multi-scale image inputs and multi-layer feature fusion within an
improved SqueezeNet framework, achieving significant advancements in the detection of small-sized
targets. This model demonstrated superior performance with an accuracy of 90.09% and a recall rate
0f98.32% in evaluations conducted using data from underground rockburst relief zones in coal mines,
albeit at the cost of increased training and recognition durations. In another development,
Alexander[15] introduced Tiny SSD, a real-time, single-shot deep neural network that combines a
non-uniform, optimized Fire subnetwork stack with SSD-based auxiliary convolutional layers. This
innovation resulted in a remarkably compact model size of 2.3MB, which is approximately 26 times
smaller than Tiny YOLO, without compromising on object detection efficacy. Furthermore, Xiaofeng
Ji[16] proposed the RFA-YOLO, a modified YOLOv4-based framework, which has been proven to
deliver high-precision and high-speed Personal Protective Equipment (PPE) detection on offshore
drilling platforms. This was substantiated through comparative analyses, where the model achieved
a 93.1% accuracy and a processing speed of 13 FPS. When juxtaposed with the Faster R-CNN and
SSD models, the YOLO variant exhibited a notable enhancement in accuracy, alongside reductions
in both training and recognition times, underscoring its efficacy and efficiency in practical
applications.

During the assembly and disassembly of drill pipe joints, the targets often exhibit specific
characteristics that complicate detection efforts. These include the mobility of the targets, which can
be obscured by the dense arrangement of pipelines on drilling platforms, and suboptimal camera
placements that result in the targets appearing exceedingly small in captured images. These factors
necessitate enhanced feature extraction and representation capabilities within the YOLO algorithm,
necessitating adjustments to the network to meet various detection criteria effectively.

This study introduces an augmented YOLOv5x model tailored for the automated detection and
localization of drill pipe joints, incorporating several advancements to address these challenges.
Firstly, the adoption of the ACON activation function enhances the model's feature extraction
capabilities. Additionally, the use of the CBAM mechanism serves as a spatial and channel attention
method, augmenting the model's capacity for feature representation. Subsequently, the transition to
an efficient SIOU loss function from the conventional CIOU loss enhances bounding box regression
accuracy. Lastly, modifications to the prediction head are specifically designed to improve the
detection of minuscule drill pipe connections, collectively bolstering the model's performance in
challenging detection scenarios.
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2. METHODOLOGIES
2.1. YOLOvVS

Compared with most previous models, YOLOVS has a stronger detection effect, with the Ultralytics
team releasing version 7.0 in Nov 22,2022. This version further improved the detection performance
and speed by using the Conv module instead of the Focus module, replacing the SPPF module with
the SPP module and reducing the number of repetitions of the C3 layer in the backbone network from
9to 6.

The YOLOVS 7.0 has five main models, classified by size and complexity as vSn, v5s, vSm, v51 and
v5x. Among them, YOLOVS5x exhibits the highest detection performance, enabling fast identification
of drill pipe joints in complex drilling operations. The network structure of YOLOv5x is shown in
Fig.1, including four parts: Input, Backbone, Neck and Prediction.
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Fig.1 Network structure of YOLOv5x algorithm

2.2. Input

The input preprocesses the image, which includes the mosaic data enhancement, the adaptive anchor
frame computation and the adaptive image scaling. The mosaic data augmentation combines four
randomly selected images, applying random scaling, cropping, and arrangement to create a larger
image. This part enhances the sample diversity and improves the generalization capability of the
model. The adaptive anchor box calculation automatically determines suitable anchor box sizes based
on object dimensions, which prevents the use of unreasonable anchor boxes that would increase the
training time. The adaptive image scaling adjusts the input image to the network's required size
(usually 640*640). The relatively consistent dimensions and aspect ratios could avoid distortion.
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2.3. Backbone

The Backbone is responsible for extracting and representing image features, which includes the Conv
module, C3 module, and SPPF (Spatial Pyramid Pooling Faster) module.

The Conv module performs convolution operations on input features, consisting of the convolutional
layers, the batch normalization layers, and the activation function.

The convolution layers extract the local spatial information of the input features. The batch
normalization layers normalize feature value distributions in the neural network. The activation
function can balance computational efficiency and model performance by introducing nonlinear
transformations. In YOLOvVS5x, the activation function used is SiLU.

The C3 module performs feature extraction and fusion, and it promotes information flow across
different-level feature maps through partial connections, thus enhancing detection speed. The C3
module consists of multiple Bottleneck structures. Each Bottleneck structure contains two
consecutive Conv modules. The first Conv reduces the number of channels of the feature map by half,
aiming to increase the perceptual field of the network and reduce the computational effort. The second
Conv is used to extract features and double the number of channels, ensuring that the inputs and
outputs have the same number of channels. In addition, the output feature maps obtained from the
two Conv modules are connected to the input feature maps by shortcutting the residuals to achieve
feature fusion. It should be noted that Bottleneck in Neck does not use shortcut. The SPPF module
performs pooling operations on features maps at various scales. SPPF is an improved spatial pyramid
pooling based on SPP. The structure of both is shown in Fig.2. Different from the a single large-sized
pooling kernel used by SPP, SPPF uses multiple cascades of small-sized pooling kernels. Compared
with the SPP, SPPF has a lower computational costs and higher efficiency.
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Fig.2  Structure of SPP and SPPF

2.4. Neck

The neck network performs feature fusion, where feature maps from different scales of the backbone
network are fused and processed for target detection at different scales. In this case, shallow feature
maps have high resolution but weak semantic information, and deep feature maps have stronger
semantic information but lower resolution. Neck network contains feature pyramid structure and path
aggregation network PANet (Path Aggregation Network). The feature pyramid helps to detect targets
in different parts of the image and at different scales, improving the multi-scale performance of the
model. PANet gives consistent resolution to the feature maps at different scales through up-sampling
and down-sampling operations, improving the accuracy of the model detection.
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2.5. Prediction

The Prediction module completes the final regression prediction to obtain the target detection result,
which includes the bounding boxes and the associated class labels. This process adopts the grid-based
anchors for target detection on feature maps with different scales. The original YOLOvV5x includes
three predict heads, and each head corresponds to feature maps of three different sizes obtained in the
Neck network.

3. PROPOSED METHOD

This paper proposes an improved YOLOv5x model for automatically detecting and positioning drill
pipe joints. The improved network architecture is illustrated in Fig. 6. The study focuses on enhancing
the Backbone and Prediction networks. In the Backbone network, the SiLU activation function in the
Conv module is replaced with ACON to improve feature capture, and representation, and reduce
information loss. The integration of the C3CBAM module, incorporating the CBAM attention
mechanism, before the SPPF module, emphasizes drill pipe joint identification and suppresses
irrelevant features. In the Prediction network, the CloU loss function is replaced with SIOU to address
bounding box wandering and improve model stability. Additionally, a small object detection head is
added to enhance the model's capability in detecting object targets.

3.1. ACON activation function

The common activation functions in deep learning like the ReLU (Rectified Linear Unit) and SiLU
(Sigmoid Linear Unit) 451%! A& 3 5] FIJ# . perform well in non-saturation, sparsity, and alleviating
gradient vanishing. However, ReLU has the phenomenon called "dead neurons," so the SiLU can
induce the NAN (Not-a-Number) errors and negative neurons due to its non-monotonic increments
and unbounded nature.

To solve this, Ma et al. integrated the smooth characteristics of ReLU and SiLU into the Maxout
activation function, and the ACON family of activation functions are generated: ACON-A, ACON-
B, and ACON-C, as follows:

ACON-A: x o (Bx) (1)
ACON-B: (1-p)x-o(B(1-P)x)+ px (2)
ACON-C: (p-p.)x-o(B(p-p.)x)+ Pox (3)

where ¢ denotes Sigmoid, f is a conversion factor, p is a learnable parameter, pl and p2 are channel-
wise.

Experiments proved the ACON family outperforms ReLU and SiLU in tasks like classification and
detection. In this paper, the ACON-C function is applied to improve feature capture and
representation, and the information loss can be minimized.

3.2. CBAM attention mechanism

The CBAM Attention Mechanism is proposed by Woo et al. in 2018. As shown in Fig.3, CBAM
includes the Channel Attention Module (CAM) and Spatial Attention Module (SAM).
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Fig.3  Structure of CBAM

The CAM can automatically adjust the importance of each channel in the feature map to enhance
critical features and downplays irrelevant features. The SAM can adaptively focus on the importance
of different locations in the feature map to improve the representation of key features. The CBAM
combines the advantages of the CAM and SAM, enhancing the feature representation ability of the
detection model.

3.3. SIOU_LOSS

The loss function in the detection model is used to measure the training errors and aids parameter
adjustment. The YOLOVS5x incorporates the CloU loss function to bound the box prediction. However,
the enhanced drill pipe joint detection model utilizes the SIoU loss function, which considers the
distance from the center of the bounding box, width-to-height ratio, diagonal distance from the
smallest outer rectangle, and angle matching problem of the object box. This modification enhances
the training accuracy of the model. The improved drill pipe joint detection model replaces CloU with
SIoU to measure differences more comprehensively and improve training accuracy.

The following section elaborates on the four components of the SIoU loss function, namely the angle
cost, the distance cost, the shape cost, and the IoU cost. In the other word, the positional relationship
between the predicted bounding box and the ground truth bounding box is considered, as illustrated
in Fig.4.
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Fig.4 Position of the prediction box in relation to the real box

In Fig.4, B (bex, bey) and BGT (bcex, bey) denote the center points of the predicted and ground truth
bounding boxes, respectively. o represents their Euclidean distance, CW and CH indicate the height
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and width of the inner rectangle, a is the angle between the center line and the horizontal line, and 8
is its supplementary angle.

3.3.1. Angle cost

The Angle cost establishes the position correlation between the predicted bounding box and the
ground truth bounding box. The Angle cost is calculated as follows:

S

A=1-2%*sin [arcsmx 4) “4)
Gy

x= Uh sina (5)

o= \/(bcx b, )2 + (bt,y “-b, )2 ©)

C, = max(b[‘ ”'t,b[‘ )' min(b‘,‘ gl’bc,\ ) (7)

3.3.2. Distance cost

The Distance cost in the SIoU loss function is recalibrated based on the distance between the center
points of the predicted and ground truth bounding boxes. As a approaches 0, aligning the line between
the centers with the coordinate axis, the distance cost decreases significantly. Conversely, as o
approaches m/4, the distance cost increases. The Distance cost is calculated as follows:

A:igy(l—e_yp‘) (8)
b - Y

e
b¥ b,

pﬁ[ yc ] (10)

y=2-4 (11)

3.3.3. Shape cost

The Shape cost component assesses the shape correlation between the predicted and ground truth
bounding boxes, encouraging the alignment of their size and shape. The Shape cost is calculated as
follows:

2-3 (1-e" (12)
e

@ = max(W,Wg[) (13)

o :M (14)
" max(]z,bgt)

where 0 is equal to 4, ® and h represent the width and height of the ground truth bounding box, while
wgt and hgt correspond to the width and height of the predicted bounding box.

3.3.4. loU cost

When the predicted bounding box intersects the ground truth bounding box, it must be improved
according to their IoU cost to better approximate the ground truth bounding box. The IoU cost is
calculated as follows:
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Jpos

[OU_‘BUBGT‘ (15)

In summary, by minimizing the SIoU loss function, the model parameters can be optimized, resulting
in improved proximity between the predicted and ground truth bounding boxes and enhancing the
model's flexibility in representing bounding boxes.

3.4. Detection Head for Tiny Targets

In some images of the drill pipes, the targets vary in number and size, and some drill pipe joint targets
are small and densely distributed. This small target information can easily be lost during the
convolution and downsampling process, which would reduce YOLOv5x's detection ability.
Traditional detection heads have some limitations in performance. To address this problem, a larger-
scale feature map is introduced as a small target detection head in the drill pipe joints detection model.
So, the improved YOLOv5x model contains four different-sized detection heads that are used to
output classification and regression results independently.
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Fig.5 Network structure of Advanced YOLOv5x algorithm

4. EXPERIMENT AND ANALYSIS

4.1. Experimental platform and experimental environment

The experimental setup, as depicted in Fig.6, primarily comprises a desktop computer and the
RealSense D435 depth camera. The desktop computer is equipped with the Anaconda software library

and PyCharm compiler, facilitating the training and development of the object detection model. The

181



D435 depth camera is utilized to capture binocular images for conducting simulation experiments on
the positioning of drill pipe joints.

Fig.6 Experimental platform

The environment configuration for the experiments is shown in Table 1:

Table 1. Experimental environment configuration

Name Parameters
CPU Inter (R) Core (TM) i9-10900XCPU@
RAM 64GB
GPU NVIDIA GeForce RTX 2080Ti
Operating System Windows10
Deep Learning Framework Pytorch2.0.0 + GPU
Parallel Software Library CUDAI1.7 +cuDNN8.9
Programming Language Python3.8

4.2. Detection experiment of drill pipe joints

4.2.1. Introduction of dataset

I personally curated this dataset comprising drill pipe joints, primarily sourced from field-captured
images and downloaded from online platforms. The dataset encompasses drill pipe images of varying
sizes, scenes, and orientations. It consists of 1300 static images, segregated into a training set and a
test set with a ratio of 9:1, facilitating model training and evaluation. A selection of these datasets is
illustrated in Fig.7.

182



Fig.7 Selection of dataset

The labelme labeling tool was used to label the data set, which contains more than 18,000 instances
of manual labeling, including two categories of drill pipe upper and lower joints, which were labeled
using the "inner joint" and "outer joint" labels, as shown in Fig.8.

Fig.8 Examples of joint set

4.2.2. Algorithm Training

After building the drill pipe joint dataset, the drill pipe joint detection model was trained on the
experimental platform, and the parameters of training were set as Table 2.

Table 2. Parameters of training

Parameters Value
Learning rate 0.01
Batch size 8
Total epoch 300
Image size 640x640

4.2.3. The detection results

The trained drill pipe joint detection model was used to detect the video of the upper unbuckling
operation being performed, and the results are shown in Fig.9. It can be clearly seen that the model is
able to detect the drill pipe joints in real time and achieves the desired results.
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Fig.9 The detection results

4.3. Typical Evaluation Metrics

The main evaluation metrics selected for the experiments in this paper are Precision (P), Recall (R),
Average Precision (AP) and mean Average Precision (mAP), with the formulas (16)-(19).

TP

P=tprrp (16
R=—1T _ (17)
TP+ FN
AP = Z PG = [ prydr (18)
ZN:AP(n)
mAP=2 (15)
N

In the formula, TP (Ture Positive) represents correctly detected drill pipe joints, TN (Ture Negative)
represents non-misdetected drill pipe joints, FP (False Positive) represents misdetected drill pipe
joints, and FN (False Negative) represents non-detected drill pipe joints.

The PR curve shows the relationship between Precision and Recall of the model under different
classification thresholds. The Area Under the Curve (AUC) of the PR curve can evaluate the overall
performance of the model. Larger AUC values indicate that the model achieves higher Precision and
Recall with better performance under all classification thresholds.

The mAP is the AP of all categories taken as an average, and the larger the mAP value, the better the
result.

4.4. Analysis of results

4.4.1. Comparison of different algorithms

In order to more intuitively reflect the performance of improved YOLOvS5x, the algorithms in this
paper are compared with Faster R-CNN, SSD, YOLOv3, YOLOv4, YOLOVS series and improved
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YOLOVS5x algorithms. 10 detection algorithms are trained and tested on the same experimental
platform, and the comparison of algorithm results is shown in Table 3.

Table 3. Comparison of the detection effect of different algorithms

Model mAPO0.5 P R FPS / (frame-s™1)
Faster-RCNN 0.855 0.842 0.799 24.0
SSD 0.846 0.837 0.786 45.1
YOLOV3s 0.874 0.855 0.803 61.2
YOLO v4s 0.912 0.901 0.844 56.7
YOLO v5n 0.917 0.905 0.857 77.2
YOLO v5s 0.925 0.910 0.862 68.2
YOLO v5m 0.933 0.916 0.873 62.9
YOLO v5l 0.948 0.929 0.892 57.8
YOLO v5x 0.956 0.941 0911 52.5
ImprovingY OLOVS 0.991 0.976 0.936 30.6

From the table, we can see that the improved YOLOVS5 proposed in this paper has the highest mAP,
which is 13.6% better than Faster-RCNN, 14.5% better than SSD, 11.7% better than YOLOv3, and
7.9% better than YOLOv4, which can verify the effectiveness of the improved YOLOVS proposed in
this paper.

4.4.2. Ablation experiments

To specifically verify the effect of each improvement step on the drill pipe joint identification model,
ablation experiments were conducted and the results are shown in Table 4.

Table 4. Comparison of ablation experiment results

Model Map0.5 P R
YOLOv5x 0.956 0.956 0.887
YOLOv5x+ACON 0.959 0.934 0.910
YOLOv5x+CBAM 0.974 0.972 0.925
YOLOv5x+SIloU 0.960 0.958 0.896
YOLOvSx+ tiny targets predict head 0.976 0.974 0.928
YOLOv5x+ACON+CBAM 0.979 0.977 0.928
YOLOvVS5x+ACON+SIoU 0.980 0.976 0.936
YOLOv5x+ACON+ tiny targets predict head 0.983 0.982 0.941
YOLOv5x+CBAM+SIoU 0.981 0.980 0.938
YOLOv5x+CBAM-+ tiny targets predict head 0.986 0.984 0.940
YOLOvV5x+SIoU+ tiny targets predict head 0.984 0.982 0.943
YOLOv5x+all 0.991 0.989 0.951

The table shows the effect of each improvement method individually as well as their combined effect,
with different improvement schemes improving the model metrics to different degrees. Among these
improvement methods, adding a small target detection layer proved to be the most effective, which
led to a 2% improvement in the model from the original one. Ultimately, the mAP of the model
improved from 95.6% to 99.1%, an overall improvement of 3.5%.

4.4.3. Comparison of algorithms before and after improvement
4.4.3.1. Comparison of mAP

In this experiment, the YOLOv5x drill pipe joint recognition model before and after the improvement
was trained for 300 rounds, and the mAP pairs are shown in Figure 10.
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Fig.10 Comparison of mAP

The curves in the figure represent the changes of the average accuracy during 300 rounds of training.
By comparison, the trends of the mAP curves of the two models are basically the same, and the curves
rise rapidly in the first 50 rounds, and then gradually level off and finally reach the best mAP values.
The mAP of the improved model is improved, indicating that the improvement scheme proposed in
the paper is effective and feasible.

4.4.3.2. Comparison of PR Curves
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Fig.11 Comparison of PR curves

Figure 11 shows the PR curves of the YOLOv5x and the improved YOLOv5x drill pipe articulation
head identification models. The comparison shows that the improved model has a larger AUC under
the PR curve and has better performance.
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4.4.3.3. Loss function graph
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Fig.12 Comparison of loss function

Figure 12 shows the changes of the three types of loss functions for the YOLOv5x and the improved
YOLOv5x drill pipe joint identification models over 300 training rounds. After the comparison, we
found that the improved model has improved in both loss values. The final bounding box loss value
decreased from 2.95e-2 before improvement to 2.34e-2, the target confidence loss decreased from
6.68e-2 before improvement to 1.39¢-2, and the classification loss decreased from 9.58 e-4 before
improvement to 5.54e-4. This indicates that the improvement to the YOLOv5x model is effective and
the model's binary classification capability is improved.

5. CONCLUSIONS

In this paper, we propose an intelligent model for drill pipe joints detection and position, which is
based on YOLOv5x with improvements to the backbone and head. The improved YOLOvVS5x can
achieve great performance in both detection accuracy and speed. The proposed modifications are
focused on three aspects: feature extraction, feature representation, and prediction output. The ACON
activation function and the CBAM attention mechanism are employed to improve the learnt features.
The SIOU function improves the flexibility of the model in representing bounding boxes. To increase
the detection impact for tiny targets, the detection head is customized. Experimental results show that
the proposed intelligent model performs admirably in terms of detection accuracy and location
accuracy. The accuracy of the improved YOLOv5x model achieves 99.10%, which is 3.5% higher
than the original YOLOvVS5x. The proposed model improves the efficiency of making up two joints of
drill pipe and breaking out this connection by increasing the detection speed and positioning accuracy.

Future works can explore how to locate drill pipe joints in complex situations and improve technique
performance such as offshore drilling platforms. The method can also be extended to other related
tasks in the field of intelligent oil drilling equipment, such as the detection and tracking of other
drilling components or the prediction of drilling performance.
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