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Abstract. A drill pipe counting method based on human skeleton sequence recognition is proposed 
to address the issues of high workload, high environmental requirements, and large counting errors 
in existing drill pipe counting methods. Firstly, obtain human skeleton information through YOLOv7 
and FastPose, and create a human skeleton dataset; Secondly, based on ST-GCN, an ML-ASTGNet 
action recognition network is designed, which captures more global contextual information through 
adaptive graph convolution (A-GCN) and improves the spatial modeling ability of the action 
recognition network; Introducing the Time Motion Excitation Module (TME), which utilizes the idea 
of time difference to characterize motion information, generates larger weights for frames with larger 
motion amplitudes to highlight sensitive features of motion, and designs a Multi Scale Multi Fine 
Granular Time Convolution (DM-TCN) to learn the final time feature information from different scales, 
improving the time modeling ability of action recognition networks. The experimental results show 
that the accuracy of ML-ASTGNet on the self built human skeleton dataset reaches 92.1%, which is 
8.2% higher than ST-GCN and shows better action recognition performance. Finally, this method 
has achieved good counting performance in actual drill pipe counting tests with small counting errors.  
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1. Introduction 

Gas is the first hidden danger to the safety of coal mines underground, and it is the main disaster that 
causes major and above accidents in coal mines. Preventing gas exceeding limits is a key link and 
important means to curb gas accidents [1, 3]. At present, drilling and extraction are generally used 
underground in coal mines to reduce gas concentration and reduce the occurrence of gas disasters. 
The measurement of drilling depth directly affects the quality of drilling operations, and the drilling 
depth is directly proportional to the number of drilling operations. Therefore, the accuracy of drill 
pipe counting becomes a crucial factor in drilling operations. 

With the rapid development of computer vision, artificial intelligence technologies represented by 
neural networks have been widely applied underground. Chaoxiu Yao et al [4] used object detection 
algorithm (YOLOv5) to detect workers, drill pipes, and drilling rigs in videos, generating candidate 
regions for the three types of targets mentioned above. The trend of unloading drill pipes depends on 
whether the candidate areas for workers and drill pipes overlap. If there is overlap, the count is 
determined by whether the candidate areas of the drill pipe and drilling rig are separated. It is 
unreasonable to judge whether there is a unloading trend based on whether the two candidate areas 
overlap due to the obstruction of workers to the drill pipe during the unloading process. Rui Gao et 
al [5] proposed a downhole drill pipe counting method based on an improved ResNet network. This 
method identifies the unloading and non unloading behaviors of workers by establishing an image 
classification network, and integrates the recognition results to obtain a confidence curve. Finally, 
determine the number of drill rods based on the number of falling edges. This method only considers 
the spatial features of the image and does not take into account the temporal features of the image, 
which may lead to counting errors. 

As one of the current research hotspots, action recognition based on graph convolution has shown 
that human skeleton action recognition based on graph convolution is a more effective way[6]. Jingyi 
Du et al [7] introduced the spatial-temporal graph convolutional action recognition network into the 
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drill pipe counting method. This method uses the ST-GCN [8] network to classify the loading and 
unloading drill pipe actions of workers and achieve drill pipe counting. Although this method 
achieves insensitivity to ambient light, the network structure is simple and the spatial-temporal 
modeling ability is insufficient. It cannot fully explore the temporal and spatial connections of human 
behavior, and is easily influenced by irrelevant behaviors, leading to misidentification or 
misidentification of behavior. 

In response to the above issues, the paper proposes a drill pipe counting method based on a multi-
level adaptive spatial-temporal graph convolutional network. Firstly, the human body is detected 
using the object detection algorithm YOLOV7 [9] . Secondly, FastPost [10] is used to obtain the key 
point information of the human body and concatenate it into a sequence of human skeleton. Finally, 
the human skeleton information is passed into a multi-level adaptive spatial-temporal graph 
convolutional network (ML-ASTGNet). The final fully connected layer of the network classifies the 
loading and unloading drill pipe actions, achieving drill pipe counting. The experiment shows that 
the drill pipe counting method greatly overcomes the interference of the actual underground 
environment, has good action recognition ability, and improves the accuracy of drill pipe counting. 

2. Multi-level adaptive spatial-temporal graph convolutional network 

2.1 Overall network structure 

As a natural graph data structure, ST-GCN has the ability to model the human skeleton in both 
temporal and spatial dimensions simultaneously. Unlike action recognition models such as CNN and 
RNN, the ST-GCN action recognition model can reduce the influence of factors such as human 
appearance clothing, background lighting, and changes in shooting angles. However, the original ST-
GCN action recognition network lacks spatial and temporal feature extraction capabilities, resulting 
in poor action recognition performance. 
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Figure 1. Structure of ML-ASTGNet network 

The paper proposes a new ML-ASTGNet action recognition network based on the ST-GCN network, 
as shown in Fig. 1 It consists of a batch normalization layer (BN), three sets of ten a spatial-temporal 
feature extraction module(STFE), an average pooling layer(av pool), a fully connected layer (FC), 
and a softmax layer. Among them, BatchNormal is used to normalize skeleton data and improve the 
network's generalization ability; A spatial-temporal l feature extraction unit mainly consists of three 
parts: A-GCN, TME, and DM-TCN, which are sequentially connected, and residual connections are 
introduced to stabilize training. Among them, A-GCN is an adaptive graph convolution module used 
to comprehensively capture the spatial information of the human skeleton; TME is a motion time 
excitation module [11], used to highlight sensitive features of motion, and combined with multi-scale 
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multi fine-grained time convolution (DM-TCN) for time dimension modeling, to improve the 
network's information extraction ability in the time dimension. Strengthening the spatial-temporal 
modeling of skeleton data through the spatial-temporal feature extraction module to extract effective 
spatial-temporal feature information from human skeleton sequence data and improve the accuracy 
of action recognition networks; Reduce the computational complexity of the model by averaging 
pooling layers; Classify actions through fully connected layers and softmax functions. 

2.2 Spatial feature extraction module 

ST-GCN uses predefined skeleton maps, which only represent the natural structure of the human 
body connected by joints. In complex action recognition tasks, this fixed skeleton map is not optimal. 
For example, when workers are loading and unloading drill pipes, the correlation between their left 
and right arms and their waist should be stronger, indicating that the graphic structure should be 
related to the data rather than fixed and unchanging. Secondly, in human skeleton data, the connection 
relationship and weight between nodes may change with time or spatial position, and this dynamism 
is crucial for modeling spatial-temporal relationships. In response to the above issues, the paper 
introduces adaptive graph convolution on the basis of ST-GCN, parameterizes the graph and 
participates in the training and updating of convolutional parameters, improves the accuracy of action 
recognition networks, and reduces misidentification of actions. The network structure of A-GCN is 
shown in Fig. 2, with orange modules indicating learnable parameters. The principle is shown in 
equation (1) and equation (2). 
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Figure 2. Structure of Adaptive Graph Convolutional Network 
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In the above two equations, 𝑓௜௡  is the input of graph convolution, 𝑓௢௨௧  is the output of graph 
convolution, 𝐾௩ is the region partitioning strategy, and ST-GCN divides the region into three parts: 
the root node set, the centripetal point set, and the centrifugal point set (𝐾௩=3). k represents the k-th 
region, and 𝐴௞ is an N-order matrix formed by adding the adjacency matrix A and the identity matrix 
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I, which can represent the natural connections of various joints in the human body in a single frame.𝐵௞ 
also represents the adjacency matrix, but the values in 𝐵௞ are trained and optimized along with other 
parameters, completely learned from data training. The model can learn autonomously based on 
specific tasks, and the learned parameters can not only represent node connectivity, but also represent 
strength. 𝐶௞  is a data dependent matrix that learns a unique graph for each sample. It uses a 
normalized embedded Gaussian function to calculate the similarity between two vertices and 
determine whether there will be a connection relationship and strength between them. The effect is 
similar to 𝐵௞. The 𝐶𝑁𝑁 branch utilizes convolution to aggregate features from different channels 
and capture global contextual information between joints. 

2.3 Time feature extraction module 

Time modeling is a key issue in action recognition. A high-performance spatial-temporal graph 
convolutional network not only requires a GCN module with strong spatial information extraction 
capabilities, but also a robust temporal feature extraction module. In the ST-GCN action recognition 
network, its TCN module only uses simple 2D temporal convolution, and its ability to extract 
information in the temporal dimension is limited. In response to this issue, the paper introduces a 
Time Motion Excitation (TME) module and designs a Multi Scale Multi Fine Granular Time 
Convolution (DM-TCN), which combines the two to solve the problem of insufficient time modeling 
ability. 

Real motion is the measurement of displacement between two consecutive frames. The TME module 
calculates the feature differences between adjacent frames and uses these motion feature differences 
to modulate weights. This assigns larger weights to frames with larger motion amplitudes, 
highlighting sensitive motion information. The network structure of the TME module is shown in Fig. 
3. Firstly, a 1*1 convolution is used to reduce the number of channels and improve computational 
efficiency. Next, calculate the feature difference between adjacent frames and stack the feature 
difference to restore T steps. After global pooling, restore the number of channels through 1*1 
convolution, and finally output the weight score through sigmoid activation function. 
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Figure 3. Structure of TME module network 

Simple 2D time convolution is far from sufficient to extract the final time information. If multiple 
dilated convolutions are used to aggregate time information of different scales, replacing the time 
convolution in the original ST-GCN, but as the dilation scale increases, the ability of time convolution 
to capture detailed information decreases. To address this issue, the paper designs a multi-scale multi 
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fine-grained time convolution (DM-TCN), which will learn the final time feature information from 
different scales and fine-grained, improving the long-term modeling ability of the network. The 
structure of the DM-TCN network is shown in Fig. 4. By stacking four sets of dilated convolutions 
with different dilated rates, pooling a single global average, and a multi fine-grained one-dimensional 
convolution with a total of six branches, different scales and fine-grained temporal features are 
extracted. Finally, residual connections are used to improve the network's generalization ability. 
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Figure 4. Structure of DM-TCN module network 

3. Experiment 

3.1 Environment of experiment 

The experiment was conducted on a 64 bit Windows 11 operating system with AMD Ryzen 7 5800H 
processor and NVIDIA GeForce RTX 3070 graphics card; The deep learning framework is Python 
1.13.1, the programming language is Python 3.9, the image processing accelerator is CUDA12.0, and 
cudnn is 8.3.2. 

3.2 Dataset production 

The data used in the experiment were all from drilling videos taken underground in a coal mine in 
Henan Province, China. Divide the drilling video in the coal mine into several 6-10 second loading 
and unloading drill pipe video clips, obtain the human skeleton sequence data in each video clip 
through YOLOv7 and FastPose, and divide it into two types: drilling action and unloading action. 
This dataset will be used to train the ML ASTGNet model. 

3.3 Model training 

To verify the effectiveness of the action recognition network proposed in the paper on the loading and 
unloading drill pipe actions, the ML-ASTGNet action recognition network was trained on the loading 
and unloading drill pipe human skeleton dataset, and the training results are shown in Fig. 5. It can 
be seen that the convergence speed of ML-ASTGNet network is not as fast as ST-GCN network, but 
with the increase of iteration times, the convergence accuracy of ML-ASTGNet network reaches 
92.1%, which is 8.2% higher than the original ST-GCN network. 
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Figure 5. Precision of ST-GCN and ML-ASTGNet networks 

The ablation experiment was conducted on a self built skeleton dataset, and the accuracy of the model 
was used as the evaluation indicator. The results are shown in Table 1. It can be seen that using A-
GCN as the spatial feature extraction module, TME and DM-TCN as the temporal feature extraction 
modules has the highest recognition accuracy; The accuracy of using the spatial and temporal feature 
extraction modules mentioned above is 4.8% and 1.6% higher than ST-GCN, respectively. Further 
explanation shows that the spatial and temporal feature extraction ability of the original network has 
been improved, thereby improving the recognition accuracy of the network and meeting the expected 
improvement effect. 

 

Table 1. Comparison of ablation experiment results 

Original model A-GCN TME DM-TCN Precision/% 

ST-GCN 

× × × 83.9 
× √ √ 85.5 
√ × × 88.7 
√ √ √ 92.1 

 

The action recognition network based on human bones identifies action types and performs drill pipe 
counting by comparing the differences between consecutive frames of human bone sequences. Fig. 6 
shows the action recognition of loading and unloading drill pipes in a certain frame during the same 
shift. 

  

Figure 6. Action recognition of loading(left) and unloading(right) drill pipes 
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4. Summary  

A drill pipe counting method based on human skeleton motion recognition has been proposed. Design 
an ML-ASTGNet action recognition network to classify the extracted human skeleton sequence, 
identify the loading and unloading drill pipe actions, and perform drill pipe counting. To verify the 
effectiveness of the ML-ASTGNet network, experiments were conducted on a self built dataset in 
this paper. The experimental results show that the training accuracy of ML-ASTGNet on the self built 
skeleton dataset reaches 92.1%, which is 8.2% higher than ST-GCN. It has a high action recognition 
accuracy and can demonstrate good drill pipe counting performance. 
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