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Abstract. To accurately identify whether a screw fastening operation has encountered a fault and determine 
the specific type of fault, a screw fastening state detection method based on multi-channel information fusion 
is proposed. Firstly, the time-series data of torque, angle, and rotational speed during the screw fastening pro-
cess are divided into different channels. The GRU (Gated Recurrent Unit) is then used to extract the temporal 
features of each channel’s information. Subsequently, a self-attention mechanism is used to further distin-
guish the important relationships between the information. Finally, screw fastening state detection is achieved 
through information fusion and a classifier. Experimental results show that the proposed method can effective-
ly identify fastening faults. Compared with traditional methods that combine manually designed features with 
classifiers, the method designed in the paper achieves better detection performance. 
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1   Introduction

With the advancement of industrial automation, automatic screw fastening machines are widely used in the as-
sembly lines of precision electronic products to reduce labor costs and improve production efficiency. These 
devices have the capability to identify screw fastening faults, playing a crucial role in ensuring product quality. 
Nowadays, the use of artificial intelligence technology to solve practical problems has become a hot topic. There 
are two approaches to addressing the issue of screw fastening fault detection. One approach is to use industrial 
cameras to take photos of the completed screw fastening and then judge whether the screws have been tightened 
based on the images. Although the method can effectively discern the fastening result, it is sensitive to external 
lighting conditions, requires a good imaging environment, and demands high-quality cameras, leading to higher 
costs. The other approach involves collecting data through sensors inside the electric screwdriver, analyzing the 
time-series data, and establishing models to determine the fastening result. This method eliminates reliance on 
external environments, controls production costs, and holds significant practical value, having already achieved 
certain results. In the analysis of time-series data for screw fastening, most current methods use machine learn-
ing algorithms to analyze and model individual time-series data. However, useful sequential data such as angle, 
torque, and speed are generated during the screw fastening process. Therefore, the paper proposes a screw fasten-
ing state detection method based on multi-channel information fusion.
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2   Related Work

2.1   Screw Tightening 

The sequence data generated during the screw tightening process has the characteristics of high dimensionality 
and unequal lengths. Traditional classification algorithms are generally not directly applicable to the problem of 
unequal-length sequences. To address this issue, researchers both domestically and internationally have proposed 
methods based on distance metrics for classifying sequences based on their similarity. Among these methods, 
Dynamic Time Warping (DTW) is one of the most widely used approaches [1-3]. Although DTW performs well 
in terms of classification accuracy, it suffers from high computational costs. To reduce the computational time 
required by DTW, K. Y. Zhou [4] proposed a classifier that integrates subsequence morphological information, 
while Batista et al. [5] introduced a complexity-invariant distance metric. However, distance metric methods 
often require prior expertise in selecting an appropriate distance measure, posing a challenge in analyzing time 
series data. Due to the typically long and large volume of data in screw tightening sequences, distance met-
ric-based methods often require significant computation time. Therefore, feature-based time series classification 
methods offer a new approach to address this issue. These methods extract features that can describe the charac-
teristics of time series data, rather than directly using the entire sequence. Subsequently, classification algorithms 
such as Support Vector Machine (SVM) [6], Logistic Regression (LR) [7], Neural Networks [8], and Random 
Forest (RF) [9] are employed for classification. Feature-based time series classification methods can reduce the 
complexity of time series and computational workload, making them suitable for large-scale datasets. However, 
the selection of key features often relies heavily on expert knowledge, and shallow models exhibit limited per-
formance in the presence of noise interference and dynamic operating conditions. Therefore, further research is 
needed to advance the intelligent development of fault diagnosis.  

2.2   GRU

The Gated Recurrent Unit (GRU) is an improved structure derived from the Long Short-Term Memory (LSTM) 
neural network [10, 11]. GRU simplifies the complex internal structure of LSTM [12] while maintaining accu-
racy and improving computational efficiency. It possesses strong non-linear fitting capabilities and can capture 
long-term dependencies of features. When handling long time-series data, GRU demonstrates promising results, 
the structure of GRU is shown in Fig. 1.
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Fig. 1. Schematic diagram of the GRU structure

ht represents the hidden state at the current time step, ht-1 represents the hidden state at the previous time step, 
ĥt represents the candidate hidden state, rt and zt represent the reset gate and update gate respectively, σ denotes 
the sigmoid function, and tanh() is the hyperbolic tangent function,the calculation formulas are as follows.
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xt is the input vector at time step t, [] denotes the shared chain, Wr,Wz and W are weight matrices, “。” rep-
resents the Hadamard product of matrices. The hidden state ht encodes information from all infected nodes at 
time t.

2.3   Self-Attention Mechanism

The self-attention mechanism is a key component of Transformer [13, 14]. The basic idea is to compute a weight 
for each element in a given input sequence to represent its importance, and then apply these weights to the repre-
sentation of the element for weighted summation [15]. The computation of attention weights between elements 
is obtained by calculating the similarity between the representation of the element and that of all other elements. 
Typically, dot product or additive operations are used to compute the similarity, and the softmax function is ap-
plied to convert the similarity into a probability distribution. The resulting attention weights represent the impor-
tance of each element to the others. The principle is shown in Fig. 2.

Fig. 2. Self-attention principle

The formula for self-attention mechanism shown in Equation (5): 
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In the Equation (5), X represents the input information to the attention mechanism; Q, K, and V represent the 
matrices obtained by linearly mapping; Wq, Wk, and Wv represent the transformation matrices of different linear 
mappings; dk denotes the dimension of K.

3   Detection Architecture

3.1   Model Design 

Regarding the time series data of the screw fastening, the paper proposes an online detection model for screw 
tightening based on multi-channel information fusion and deep learning. The model utilizes a combination 
of Gated Recurrent Unit (GRU) and multi-head self-attention mechanism to fuse temporal data information 
through multiple channels for detecting the screw tightening state. The model consists of four modules: data 
preprocessing module, multi-channel network feature extraction module, multi-head self-attention module, and 
detection classification module, the model structure is shown in Fig. 3.

Fig. 3. Diagram of the screw tightening status detection model

(1) Data Preprocessing Module
The length of the temporal data is correlated with the lock fastening result. Lock fastening success and lock 

fastening misalignment are associated with shorter lock fastening time, with a minimum temporal data data 
length of 1532. On the other hand, lock fastening states like sliding teeth have longer lock fastening time, with a 
maximum temporal data data length of 2033. However, deep learning models require input data to have the same 
resolution. To address this issue, the paper standardizes all input data to a length of 2048. For data shorter than 
2048, zeros are appended at the end to complete the input data. Additionally, since the units for torque, angle, and 
speed in the lock fastening process differ and their value ranges vary significantly, it is necessary to normalize the 
data for each time point. The normalization formula for the data is shown in Equation (6). 

XX µ
σ
′ −

= (6)

Where X represents the normalized data, X' represents the specific values corresponding to the dimensions of 
torque, angle, and speed before normalization, μ represents the mean, and σ represents the standard deviation.

(2) Multi-channel Network Feature Extraction Module
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The multi-channel network feature extraction module utilizes preprocessed torque, angle, and speed data to 
extract temporal features through three separate channels, with each channel employing GRU for automatic fea-
ture extraction.

(3) Multi-head Self-attention Module
The multi-head self-attention module is implemented using the Multi-Head Self-Attention (MHSA) mech-

anism, which is a variant of the self-attention mechanism. This mechanism allows learning multiple attention 
distributions in different feature subspaces and combines them. The basic idea behind the multi-head self-atten-
tion mechanism is to use multiple attention heads to learn different attention distributions. Each attention head is 
generated by an independent weight matrix and can capture the dependencies between different parts of the input 
sequence. The schematic diagram of this mechanism is shown Fig. 4.

Fig. 4. The schematic diagram of the multi-head self-attention mechanism

First, the input information is multiplied by the weight coefficients W q
i , W

k
i , W

v
i  to obtain the vectors Qi, Ki, 

Vi, which are then divided into multiple attention heads, denoted as headi, where i represents the sequence num-
ber of different heads, as shown in Equation (7).
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Then, each head performs different self-attention calculations, extracting features from different positions, as 
shown in Equation (8).
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Finally, the results calculated by the n heads are concatenated and input into a fully connected layer for linear 
transformation to obtain the final result, as shown in Equation (9).
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S = Concat(S1,S2,....Sn) (9)

The GRU’s output temporal features are fed into the MHSA self-attention mechanism to analyze the interre-
lations between different time points, as well as the complex relationships of temporal features in different sub-
spaces, aiming to enhance the model’s capacity to analyze the dependencies and global relationships of temporal 
features.

(4) Detection Classification Module
The detection classification module consists of a feature fusion layer and a fully connected layer. The feature 

fusion layer is used to flatten the features from 3 channels, and then the fully connected layer integrates the glob-
al feature information and outputs the detection results.

3.2   Detection Process 

First, construct a multi-channel one-dimensional screw fastening dataset, input the multi-channel dataset into the 
model for training, and finally use the trained model to detect the screw fastening status. The detection process is 
shown in the Fig. 5.
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Fig. 5. Flowchart of the detection process

(1)	 Data noralization. Normalize the data, including padding the temporal data of the screw fastening and 
normalizing the torque, angle, and speed sensor data.

(2)	 Build the dataset. Evaluate the performance of screw fastening fault classification using 10-fold 
cross-validation. Divide the dataset into 10 mutually exclusive subsets of similar size, where in each ex-
periment, the union of 9 subsets is used as the training set and the remaining 1 subset is used as the test 
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set. Then, there are 10 sets of training and test datasets.
(3)	 Initialize. Initialize the GRU model and the attention mechanism module.
(4)	 Compute the loss function. Input the training set into the model and calculate the error between the mod-

el’s output and the truth.
(5)	 Update parameters. Update the parameters of each layer in the network using backpropagation algorithm.
(6)	 Check for convergence. After each training iteration, determine if the model has converged. If the model 

has converged, then the model training is complete. If the model has not converged, repeat steps (4) to 
(6).

(7)	 Save the model. Save the trained model parameters, then test the model using the test set to check the 
model’s detection rate.

4   Experimental Dataset and Evaluation Criteria

4.1   Experiment Dataset

The screw fastening status detection system can be divided into two parts: the fastening module and the detection 
module. The fastening module mainly uses a torque sensor to collect the angle, torque, and speed sequence data 
generated during the fastening process and stores it. After each fastening operation is completed, experts judge 
the fastening result based on experience and write it into the storage system as the true label of the sequence. The 
fastening results are divided into two categories: successful and unsuccessful. Unsuccessful cases include mis-
alignment, free spinning, stripped threads, not fully inserted, and not tightened. In the case of a successful fasten-
ing, no further processing is required. If misalignment occurs, the skewed screw needs to be manually removed 
and the fastening process repeated. If free spinning occurs, it means that the electric screwdriver has not properly 
attached the screw, and production line personnel need to check if the screw feeder is malfunctioning. If stripped 
threads occur, the electric screwdriver needs to reverse to remove the stripped screw. If the screw is not fully in-
serted, an attempt should be made to insert the screw again. If it is not tightened, the screw needs to be removed, 
and the hole inspected for foreign objects.

The data in the paper was collected by customized automatic screw fastening machines used in the manufac-
turing of precision electronic products. The machine is capable of automatically picking up screws, positioning 
them in holes, and completing the fastening process. The screwdriver’s bit is driven to rotate by a motor, and 
torque, angle, and speed data are collected by sensors in the motor every 1 millisecond and recorded in the host 
computer. After each screw is locked, the fastening results are manually inspected. The dataset used in the paper 
includes the following quantities for each category of screw fastening results: successful - 2135, not tightened - 
578, not inserted - 269, cross-threaded - 287, free spinning - 52, skewed - 357, totaling 3678.

4.2   Parameter Selection

The parameters of deep learning neural networks are numerous, and each parameter has a different impact on the 
final result. Some parameters may affect the accuracy, while others may influence the convergence speed of the 
network. The main model parameters are shown in Table 1.

Table 1. Key model parameters

Model parameters Parameter details
Number of heads in MHSA self-atten-

tion mechanism 3

Loss function categorical_crossentropy
Optimizers adam

Optimizer learning rate 0.001
dropout 0.2
Epoch 20
Batch 64
Iteration 50
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4.3   Evaluation Criteria 

The screw fastening sequence contains multiple categories. When dealing with supervised learning problems, the 
use of a confusion matrix can accurately reflect the misclassification distribution of each category. For the six-
class problem in the paper, its confusion matrix is shown below.
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In the equation (10), the diagonal elements nT
ii represent the amount of correctly classified data; nF

ij represents 
the amount of data from category i being classified as category j.

The accuracy (A) is the ratio of the number of correctly classified data to the total amount of data, and the 
formula is shown in Equation (11).
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The calculation formulas for precision (Pi) and recall (Ri) of each category are as follows.
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The calculation formulas for macro precision (Mp) and macro recall (MR), which are the average values of 
precision and recall across all categories, are as follows.
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MF1 is the harmonic mean of MP and MR, and the calculation formula is as follows.
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5   Experimental Study

The screw lock fastening state detection experiment was conducted on the following hardware environment: 
CPU - Intel Xeon i7-14700F, GPU - Nvidia Tesla P100, 16GB memory, running on a 64-bit Ubuntu PC. The ex-
periment was implemented using the PyTorch deep learning framework based on the Python language.



85

Journal of Computers Vol. 36 No. 5, October 2025

5.1   Parameter Experiment

The main structure of the network includes GRU and Multi-Head Self-Attention (MHSA) mechanism. Among 
these two components, the number of layers in GRU has a significant impact on the results. When the number of 
GRU layers is small, the detection performance is poor but the training time is shorter. On the other hand, when 
the number of GRU layers is large, the detection performance is better but the training time is longer. The impact 
of different layer numbers on the results is shown in Table 2.

Table 2. Impact of GRU layers on accuracy and training time

Layers 1 2 3 4
A/% 93.39 96.56 96.87 97.12

Training time 67.12 78.05 99.87 115.73

From Table 2, it can be seen that selecting 2 layers for GRU achieves a high detection rate with the shortest 
training time. Therefore, this paper chooses a 2-layer GRU for feature extraction.

To determine the optimal number of GRU units, we initially selected 1 layer of GRU and conducted multiple 
simulation experiments by gradually increasing the number of GRU units in powers of 2 within the range of 1 
to 256. The experimental results are shown in Table 3. As the number of GRU units increased, the experimental 
accuracy initially increased and then decreased. The peak accuracy was achieved with 64 GRU units. Therefore, 
we chose to use 128 and 64 GRU units for the first and second layers, respectively.

Table 3. Experimental results for different number of GRU units

GRU units A/% MF1/%
1 80.12 71.02
2 81.23 71.98
4 79.34 69.13
8 82.36 73.56
16 82.56 74.25
32 78.01 69.45
64 85.19 82.35
128 84.23 79.73
256 82.63 77.92

5.2   Dissociation Experiments

Dissociation experiments were conducted on the multi-channel network feature extraction layer and the MHSA 
layer by individually removing each layer and comparing the results, as shown in Table 4.

Table 4. Results of dissociation experiments

Removing layer A/% MF1/%
GPU 90.12 89.67

MHSA 92.39 91.98
None 96.56 94.24

The experimental results indicate that removing either layer adversely affects the model’s detection perfor-
mance.

5.3   Experiment Comparison and Results Analysis

The results of screw fastening state are categorized into two classes: success and failure, where failures include 
misalignment, slipping, stripped threads, incomplete engagement, and inadequate tightening. We conducted 10 
rounds of training and testing. Fig. 6 illustrates the confusion matrix of the detection results of our model on the 
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screw tightening dataset. Calculated using the confusion matrix and Formula 11, the model achieves an overall 
accuracy of 96.56%, indicating its high precision.

Fig. 6. Confusion matrix of the model’s detection results

According to Formulas 12 to 16, the precision, recall, and macro MF1 score of each category in the screw 
tightening detection results are shown in the Table 5.

Table 5. Classification results of the proposed model

Classification results Precision/% Recall/% MF1/%
Success 99.72 99.21 99.46
Loose 93.25 94.56 93.91

Not fully engaged 97.03 90.31 93.55
Stripped threads 91.29 94.58 92.91

Slipping 92.31 96.01 94.12
Misaligned 89.92 92.77 91.32

Macro-average 93.92 94.57 94.24

Currently, the detection results of screw fastening mainly rely on machine learning algorithms such as 
Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Gradient Boosting Decision 
Trees (GBDT). The paper compares the proposed model with these algorithms, and the specific results are shown 
in Table 6.

Table 6. Comparison of the proposed model with machine learning algorithm

Model MF1/% A/%
kNN 69.13 75.89
SVM 86.35 81.87
RF 89.02 92.45

XGBoost 89.39 92.68
GBDT 89.97 93.02

The proposed model 94.24 96.56

Due to the limitations of manually designed features in traditional approaches, detailed information in screw 
fastening data is often overlooked, resulting in poorer classification performance. The proposed network struc-
ture in this paper extracts feature vectors from three different sensor inputs simultaneously and integrates them 
through a fusion layer. This method sensitively captures the detailed sequence information of screw fastening 
while also grasping the overall sequence characteristics, thus achieving excellent recognition performance.
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6   Conclusions

In the process of screw tightening, time-series data such as torque, angle, and speed contain crucial information 
for determining the attachment status. Therefore, this paper proposes a screw tightening state detection model 
based on multi-channel information fusion. Firstly, the time-series information from different sensors is divided 
into separate channels, and GRU is used to extract temporal features from each channel. Then, a self-attention 
mechanism is introduced to further recognize the important relationships between the information. Finally, screw 
tightening state detection is achieved through information fusion and a classifier. Experimental results demon-
strate that compared to the traditional approach of combining manually designed features with a classifier, the 
proposed model in this paper achieves better accuracy in detection and classification.
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