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Abstract— In contemporary petrochemical manufacturing, the 

identification of defects in a substantial quantity of bearings is frequently a 

necessity. Conventional methods of detection, namely manual inspection 

and acoustic emission detection, are often plagued by deficiencies in terms 

of efficiency and precision. The proposed methodology integrates acoustic 

emission technology with the open-source deep learning algorithm YOLO-

V11, facilitating rapid detection of bearing faults. Initially, five types of 

bearings of the same model but different varieties are selected and 

installed on the same shaft segment, which is then connected to an acoustic 

emission detection device. Acoustic emission signals are obtained for each 

type of bearing according to the different types of bearing fault. These 

signals are then visualised in two dimensions to generate vibration images, 

which serve as input for the model and are used to train the YOLO-V11 

model. The experimental findings demonstrate that the prediction accuracy 

and recall rate for various defects generally exceed 80%, thus 

substantiating the efficacy of the proposed method for industrial 

production in the diagnosis and classification of bearing defects. 

 

I. INTRODUCTION 

The advent of industrial production has led to a significant 

increase in the utilisation of bearings as vital components 

of mechanical equipment. These bearings have found 

application in a wide range of sectors, including machinery 

manufacturing, automobiles, wind power and new energy. 

As the primary rotating components of machinery, they 

must demonstrate resistance to friction and the high loads 

imposed by the equipment. In the context of actual 

production processes, it is inevitable that bearings will 

develop various defects, including scratches, wear, and 

cracks, due to the variable operating conditions to which 

they are subjected. These defects have the capacity to 

affect the performance and quality of the bearings to 

varying degrees, and consequently to have an indirect 

impact on the safety and stability of the entire equipment. 

In the absence of timely detection, the aforementioned 

issues have the potential to result in personnel casualties 

and economic losses during production. The traditional 

manual inspection process is largely dependent on the 

experience and judgement of the workers, which can be 

both inefficient and difficult to accurately identify the 

correct type of defect. Consequently, the necessity to 

expedite the accurate and efficient identification of bearing 

defects has become a matter of pressing concern. 
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Pan Tiancheng et al.[1]collected vibration signals 

from bearings in different defect states and then performed 

time-domain waveform analysis, frequency-domain 

analysis, and time-frequency domain analysis of the 

vibration signals to analyse the type of bearing faults. He 

Yuqi et al.[2]proposed a bearing fault diagnosis method 

based on multi-scale graph domain features. This method 

combines graph signal processing methods to effectively 

analyse signal propagation paths in bearing systems. It is 

not subject to traditional methods for data source 

limitations and improves the detection capability for 

hidden bearing faults. Wang Xinghe et al.[3]utilised 

spectral kurtogram to ascertain the centre frequency and 

bandwidth of the frequency bands containing fault 

information. They then employed envelope analysis to 

determine the bearing fault frequency, facilitating the 

analysis and diagnosis of bearing faults. In their seminal 

work, Zhang Xuhui et al.[4]pioneered a novel integration 

of fast spectral kurtogram with envelope order analysis, a 

methodology that has since become the gold standard for 

precise localization of bearing fault positions under strong 

interference. Nevertheless, these methodologies continue 

to exhibit deficiencies in terms of efficiency and precision, 

thereby impeding the timely identification of issues in 

industrial production. The advent of deep learning 

technology has precipitated a surge of interest in the 

development of defect detection methodologies for 

bearings, with these methodologies being predicated on the 

utilisation of deep learning models. As posited by several 

scholar[5-7], the capacity of deep learning technology to 

extract salient features of bearing defects is predicated on 

its ability to learn and analyse a range of bearing data, 

including, but not limited to, vibration signals. The 

employment of bespoke algorithm models facilitates the 

expeditious identification and prediction of defective 

bearing types. The utilisation of convolutional neural 

networks (CNN) and recurrent neural networks (RNN) 

serves to enhance the capacity to extract features from 

intricate data. Furthermore, deep learning models 

demonstrate a high degree of iterativeness, enabling 

targeted enhancements for a range of research objectives. 

Therefore, this paper primarily discusses the 

implementation of batch identification and classification of 

bearing defect types using acoustic emission and the 

YOLO-V11 model. Bearings of the same model but 

different defect types are installed on the same shaft 

segment. Acoustic emission technology is used to obtain 

one-dimensional signals of various bearings, which are 

then visualized in two dimensions to obtain waveform 

diagrams. Through training with the YOLO-V11 model, 

high-precision identification of bearing defect 

classification is achieved. 

II. YOLO-V11 MODEL 

The YOLOv11 object detection algorithm, the latest 

release from Ultralytics, has been developed to achieve 

higher accuracy through enhanced feature extraction, 

optimised efficiency, and a reduction in parameters. The 

system is capable of supporting a variety of computer 

vision tasks, including object detection, segmentation, and 

classification. Furthermore, it is well-suited for a broad 

spectrum of deployment scenarios, ranging from edge 

devices to cloud platforms. In comparison with the 

preceding YOLOv8 model, YOLOv11 has undergone 

enhancement and optimisation in a number of areas. 

YOLOv11 is notable for its retention of the fast and 

accurate characteristics of the YOLO series. Furthermore, 

it innovatively introduces the C3K2 module and C2PSA 

module, with the objective of enhancing performance and 

flexibility. 

The YOLOv11 model incorporates the C3k2 module, 

which replaces the C2f module present in the YOLOv8 

architecture. The C3k2 module determines whether to use 

the C3k or Bottleneck structure by setting the parameter 

c3k. The integration of the C3k2 module serves to 

augment the model's capacity for feature extraction, while 

ensuring the preservation of efficiency. 

A C2PSA module was incorporated subsequent to the 

SPPF layer, constituting a multi-head attention mechanism 

that serves to enhance the model's feature extraction 

capability. The C2PSA module has been developed to 

achieve a more powerful attention mechanism by 

embedding the PSA mechanism into the C2 structure. 

 

Fig 1: YOLO-V11 structure diagram 
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The classification detection head was modified by the 

introduction of two deep convolutions, which replaced the 

conventional convolutions that had previously been 

employed. This approach has been shown to significantly 

reduce both the parameter count and the computational 

load, while maintaining model performance. 

YOLOv11 has modified the network depth and width of 

models for each version (e.g. YOLOv11n, YOLOv11s, 

YOLOv11m, YOLOv11l, YOLOv11x) in order to achieve 

enhanced balance and performance. 

 

III. EXPERIMENT AND ANALYSIS 

3.1 Data Construction and Experimental Environment 

The present paper is an attempt to collate a variety of 

signal parameters during the rotational operation of 

defective bearings in a laboratory setting. The generation 

of vibration signal graphs was achieved through the 

utilisation of visualisation techniques, culminating in the 

creation of a total of 6,968 vibration images in the PNG 

image format. The dataset was then divided into five 

categories, according to the type of defect. The following 

defects are to be noted: 

-Bearing ball wear 

-Bearing lacks balls 

-Bearing outer cracking 

-Bearing inner cracking 

-No defect 

The categorisation of the data was conducted in 

accordance with the following procedure. First, each 

category was proportionally divided into training sets, 

validation sets, and test sets. The division is illustrated in 

Table 1. 

The operating system utilised in this experiment was 

Windows 11, with a central processing unit (CPU) of 

AMD Ryzen 7 7435H and a graphics processing unit 

(GPU) of NVIDIA GeForce RTX 4060 Laptop GPU. The 

Python version was 3.10, the PyTorch version was 2.2.1, 

and the Miniconda version was 25.7. 

 

 

 

 

 

 

 

Table 1 :Data Set Feature Distribution(Where, B_b_l 

indicates bearing ball missing, B_b_w indicates bearing 

ball wear, B_i_c indicates bearing inner crack, B_o_c 

indicates bearing outer crack) 

 

3.2 Results Analysis 

The experiment selected YOLO-v11n as the training 

model, with the number of training epochs set to 250. The 

evaluation of the classification performance is undertaken 

by the present paper through the utilisation of the 

visualisation curves of the YOLO-V11 model, 

incorporating the metrics of precision (P), recall (R), and 

the F1 score, in accordance with the training outcomes. 

The visualisation curves are displayed in Fig 2. As 

illustrated in Figure 2, the trends of four indicators are 

presented: training loss (train/loss), validation loss 

(val/loss), Top1 accuracy (metrics/accuracy_top1), and 

Top5 accuracy (metrics/accuracy_top5). It is evident that 

the train/loss curve demonstrates a downward trend as the 

number of training epochs increases, gradually decreasing 

from an initial value of 1.6 to below 0.6. This finding 

suggests that during the training process, the model's 

calibration to the training data undergoes continuous 

enhancement, leading to a concomitant reduction in the 

training error. In a similar vein, the val/loss curve 

demonstrates a downward trend, with the model loss value 

decreasing from approximately 1.75 to below 0.5 as the 

training epochs rise. This finding indicates that the model's 

capacity to fit unseen data also improves, and the 

generalization error undergoes a gradual decrease. With 

regard to the accuracy curves, it is evident that as the 

number of training epochs increases, the Top1 accuracy 

rises steadily to above 0.8, signifying an enhancement in 

the model's capacity to predict single categories. 

Concurrently, the Top5 curve persists in its proximity to 

1.00, thereby signifying that the model sustains an elevated 

degree of confidence in its predictions across a more 

extensive range. 

Feature 

Category 

B_b_l B_b_w B_i_c B_o_c Nor 

Training 

set 

1500 1500 1500 600 80 

Validation 

set 

225 225 225 100 10 

Test set 275 275 275 167 11 
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Fig 2: Classification results of the YOLO-V11n model 

 

3.3 Evaluation Metrics  

In order to further evaluate the accuracy of the model's 

classification, the experiment also adopted Precision (P), 

Recall (R), and F1-score as evaluation metrics. 

Precision is defined as the ratio of correctly identified 

targets to all targets predicted by the model, thereby 

reflecting the model's accuracy in target recognition: 

P =    (1) 

The term 'recall' is defined as the ratio of correctly 

identified targets to all actual targets. This metric is 

indicative of the model's sensitivity to target recognition. 

R=    (2) 

The F1 score is the harmonic mean of precision and recall, 

which can more comprehensively evaluate performance: 

F=    (3) 

Where: True positives (TP) denote the number of actual 

targets correctly detected by the model, false positives 

(FP) indicate the number of instances detected as positive 

but are actually negative, and false negatives (FN) denote 

the number of actual positive instances not detected by the 

model. The calculation of these metrics is facilitated by the 

confusion matrix, a tabular representation employed for 

the evaluation of model classification performance. The 

model displays the correct and incorrect results of model 

classification intuitively, based on predicted categories and 

true categories. The confusion matrix is displayed in Fig 3. 

It is possible to calculate the precision, recall and F1 score 

for each category of defective bearings based on the 

dataset and confusion matrix that have been obtained. The 

results of this calculation are shown in Table 2. 

 

Fig 3: Confusion matrix derived from the validation set 

samples 

 

Table 2: Evaluation Indicators for Various Sample 

Types(Where, B_b_l indicates bearing ball missing, 

B_b_w indicates bearing ball wear, B_i_c indicates 

bearing inner crack, B_o_c indicates bearing outer crack) 

Sample 

Category 

Precision 

(%) 

Recall (%) F1 Score 

(%) 

B_b_l 87.25 79.11 82.98 

B_b_w 79.74 82.22 80.96 

B_i_c 81.47 84.00 82.72 

B_o_c 78.50 84.00 81.16 

Nor 90.00 90.00 90.00 

As demonstrated in Table 2, the precision and recall rates 

of samples from each defect category typically remain 

around 80%, with F1 scores consistently exceeding 80%. It 

is evident that high precision signifies the model's capacity 

to accurately categorise targets, exhibiting a reduced 

propensity for false positives. Concurrently, high recall 

implies the model's reduced likelihood of overlooking 

target categories, thereby diminishing false negatives. The 

experiments previously referenced demonstrate that this 

method can serve as a basis for detecting bearing defect 

categories. 
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IV. SUMMARY 

The paper is concerned with the problem of detecting 

defective categories of bearings. It proposes a method that 

combines YOLO-V11 models, which are based on deep 

learning, for the classification and recognition of defective 

bearings by analysing the vibration signal graphs of 

rotating bearings. Initially, vibration signals of various 

defective bearings were collected, and vibration images of 

different bearings were obtained through visualisation. 

These images were then employed to train the YOLO-

V11n model for classification. The efficacy of the model 

training process was evidenced by the attainment of 

commendable performance metrics, including accuracy, 

recall rate, and F1 score. This outcome signified the 

successful execution of effective classification across a 

range of defect categories and the fulfilment of criteria for 

multi-fault identification. The model's high accuracy and 

recall rate ensured that it could accurately identify both 

normal and defective bearings, thereby reducing 

unnecessary downtime and cost losses due to 

misjudgments. 

Despite the efficacy of the proposed methodology for the 

identification of bearing defect categories, it is important 

to acknowledge the limitations of the study. For instance, 

the dataset utilised in the experiments is imbalanced, with 

certain subsets containing a smaller number of data points. 

This has led to suboptimal training accuracy and reduced 

the reference value of the results. It is evident that the 

accuracy and recall rate for specific categories require 

enhancement. Furthermore, the training algorithm for the 

model can be refined to enhance detection rates. It is 

anticipated that, in the context of ongoing optimisation and 

enhancement of the model, this method will be adopted 

more extensively across a range of industrial scenarios. 
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