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Life Analysis of Electric Hoist Wheels Based on Grey Model


ABSTRACT

As one of the core components of the electric hoist, the wheels of the running mechanism undertake the important task of moving heavy loads under heavy-duty operation. Their wear amount is related to the working efficiency and operational safety of the electric hoist. To evaluate the service life of the running mechanism of the electric hoist, this paper uses the grey GM(1,1) prediction model to predict the wheel wear amount and remaining service life based on the collected wheel wear life test data. The research results show that the grey model can effectively predict the wheel wear amount, providing a feasible method for the life analysis of the wheels in the electric hoist running mechanism.
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1. INTRODUCTION

The electric hoist is a common lifting equipment used for cargo handling and heavy-duty lifting in engineering construction. Its operational reliability and safety are directly related to the work efficiency and work safety in actual production. The running mechanism is one of the core components of the electric hoist, mainly composed of driving wheels, driven wheels, motors, reducers and other parts. The working principle of the running mechanism is that the motor outputs power, which is then transmitted to the reducer to reduce the torque, and then drives the wheels to rotate, making the wheels move along the running track to realize the lateral movement of the electric hoist. During the long-term process of the electric hoist moving heavy objects, repeated friction occurs between the wheels of the running mechanism and the track, which easily leads to the wear of the wheel tread. This will reduce the working performance and efficiency of the running mechanism, cause problems such as rail gnawing during operation, shutdown due to faults, and even lead to safety accidents. Therefore, it is urgent to carry out research on the prediction of the wear amount and service life of the wheels in the electric hoist running mechanism. At present, the maintenance methods of lifting equipment mainly include regular maintenance and post-fault maintenance. Due to differences in operating conditions, work intensity, and personnel skills, wheels may be scrapped in advance or the operational risks may increase, resulting in the waste of human and financial resources and the occurrence of safety accidents. Therefore, predicting the wear amount and service life of wheels based on collected test data has become an important issue to improve the reliability of the running mechanism and reduce operation and maintenance costs. To obtain accurate wheel wear data, this paper builds a life test platform for the electric hoist running mechanism, and measures the wear amount of the driving wheels and driven wheels operating under standard working conditions. By regularly collecting the wheel wear data, a reliable data foundation is provided for the subsequent model establishment. Based on the wear data obtained from the test platform, this paper uses the grey prediction model GM(1,1) to predict the service life of the wheels in the electric hoist running mechanism, providing a theoretical basis for the health management and maintenance of lifting equipment, which has certain engineering application value.

Q Li et al. proposed a method for predicting the remaining service life of rail train wheels based on an extended mixed-effects degradation model and the Bayesian method. By performing independence transformation on the online monitoring data, the Bayesian method is used to combine the online monitoring data with historical data to update parameters, and then predict the remaining service life of the wheels1. S Hong et al. proposed a train wheel life prediction algorithm based on the nonlinear Wiener process. By monitoring the wheel data to update the model, the probability density function of the remaining service life of the wheels can be obtained to calculate the remaining service life2. Jiang et al. proposed a method for predicting the remaining service life of wheels based on a discrete state-space model. This method estimates the remaining service life according to the degradation state of the wheels and analyzes the effects caused by the random degradation of the wheels and measurement errors3.

A Shebani et al. established a nonlinear regression model using artificial neural networks to predict the wear of wheels and rails under different contact conditions, and built a test bench to train, test and verify the neural network. The results show that the neural network can effectively predict the wear of wheels and rails4. L Ren et al. introduced the mathematical normal distribution to describe the random parameters of wheel-rail interaction, and used the Archard wear model and FASTSIM algorithm to calculate the wheel tread wear. The accuracy of this method is verified by the measured data5. A. Marzia et al. proposed a prediction method for material wear amount and wheel service life based on the Archard model and the local contact model6.G Tao et al. developed a new online prediction model for wheel wear. On the basis of considering the track flexibility, dynamic simulation of the wheels is carried out to realize the online update of wheel wear prediction, and then predict the wheel service life7. P. Han used the least squares method for polynomial fitting, established a binary numerical prediction model for wheel wear with operating mileage and profile wear position as variables, and verified the model's accuracy through actual comparison8.L. Wang et al. collected measured wheel wear data, analyzed the relationship between wheel diameter, rim thickness and wear rate, and established a data-driven model for wheel wear9.S. Liu et al. proposed a wheel tread wear prediction model based on the genetic algorithm-optimized backpropagation neural network (GA-BPNN) and long short-term memory (LSTM) algorithm. It adopts a two-step data-driven prediction method, which improves the accuracy of the model prediction10.

2. GREY PREDICTION MODEL

The grey system theory was proposed by Professor Deng Julong in the 1980s. As a well-developed emerging discipline system, it is widely used in various fields such as ecology, geography, water conservancy, geology, agriculture, economy, and society. The grey system theory is mainly used for system modeling and prediction research with a small number of samples and limited information. Compared with traditional statistical models, the grey model does not rely on a large amount of historical data, and has high adaptability especially when the mechanical equipment is in the initial operation stage or the test data is incomplete. In the grey system theory, the GM(1,1) model is the most widely used type of model. Usually, the original data sequence may be random or even messy, and in this case, the original data sequence is called a grey sequence. Therefore, it is necessary to process the original data sequence. By performing cumulative generation on the original data sequence, the randomness of the original data sequence is weakened, and a first-order linear differential equation is established to obtain the predicted value of the system. Due to the advantages of requiring a small amount of data, high modeling efficiency, and convenient calculation, the GM(1,1) model has been widely used in the field of mechanical component life prediction and degradation modeling.
Let the original data sequence be:

In the formula:represents the data at the k-th moment, that is, the wear amount of the wheels in the electric hoist running mechanism at the k-th time point.
To weaken the randomness of the original data sequence, a first-order cumulative generation (1-AGO) process is performed on  to obtain a new first-order cumulative sequence .
The calculation formula is:

After the first-order cumulative generation, the new sequence has smaller volatility and shows a trend close to exponential change.
To reduce the modeling error and improve the model accuracy, the mean sequence is defined as:

The least-squares prediction sequence of the grey differential equation GM(1,1) is:

The whitening differential equation of GM(1,1) for  is:

Among them, parameters a and u are constants. a is the development coefficient, and u is the grey action quantity. a and u can be determined using the least-squares method:

Among them,B and YN  can be expressed as:

By solving the differential equation, the solution of the GM(1,1) model can be obtained:

The calculated value is subjected to inverse cumulative generation to obtain the predicted value of the original data:

The absolute error and relative error between the predicted value and the actual value are:


3 .TEST PLATFORM CONSTRUCTION AND DATA COLLECTION

To obtain the wheel wear data of the electric hoist running mechanism under actual operating conditions, this paper builds a life test platform for the electric hoist running mechanism. The test platform is mainly composed of a track, support columns, driving wheels and driven wheels, a drive motor, a data acquisition system, a hook, and a load device. It can simulate the working process of the electric hoist running mechanism under actual working conditions, realize long-term stable operation, real-time monitor the operating status, and collect operating data. Figure 1 intuitively shows the main components and the overall structural layout of the test platform.
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Fig. 1. Electric Hoist Travelling Mechanism Life Test Platform

During the test, the drive motor outputs torque, which drives the driving wheels and driven wheels to move reciprocally at a constant speed along the track through the reducer. The load device is used to simulate the load under rated working conditions to ensure that the test conditions are consistent with the actual working conditions. On the console page, the test operating data such as running distance, running speed, and running time can be monitored in real time. At the same time, the speed and direction of the test mechanism can be adjusted, and the start and stop of the test mechanism can be controlled to realize the control function.

During the operation, the measurement of the running distance is realized through an infrared distance measuring device, which can be displayed in real time on the console page to realize the visual management of the running mileage. The test bench is not equipped with a wear amount measuring sensor; instead, the wheels are disassembled regularly after shutdown to measure the wear amount. When the running mechanism reaches the target running mileage, the wheels of the running mechanism are disassembled, and a coordinate measuring machine is used to measure the driving wheels and driven wheels with high precision. This process is repeated multiple times to obtain multiple sets of wear amount data corresponding to different running mileages, forming a data sequence of running mileage and wear amount. This measurement method ensures the accuracy and reliability of the measured data, greatly reduces the error of the test data, and provides a reliable basis for the accuracy of the subsequent grey model modeling.

4. WHEEL WEAR PREDICTION BASED ON THE GM(1,1) MODEL

This chapter takes the front wheel of the driven wheel in the electric hoist running mechanism as the research object, and predicts the wheel based on the data measured by the electric hoist running mechanism test platform built in this paper. During the test, the operation is stopped every 30 km of cumulative running distance for inspection. The wheels are disassembled, and a micrometer is used to measure the thickness at 3 evenly distributed points on the rim circumference. The wear amount is calculated, and the wear amount at the most severely worn position is taken as the wheel wear data. The wheel rim wear detection data is shown in Table 1. Given the wheel rim wear amount within the first 6 distance intervals, the wheel rim wear amount within the next distance interval is predicted.

Table 1.	Wheel Rim Wear Amount and Mileage

	Mileage/km
	30
	60
	90
	120
	150
	180

	Wear Amount/mm
	0.65
	1.58
	2.75
	3.82
	4.60
	5.05



(1) Construct a sequence from the original data in Table 1, and denote the original sequence as:

(2) Perform a first-order cumulative generation process on the above formula to obtain the 1-AGO sequence:

(3) Construct the mean sequence , and the calculation result is:
 
(4) Establish the matrix equation of the grey model using the least-squares method. The least-squares prediction sequence of the GM(1,1) model is:

Substitute the results of the mean sequence  into B and YN:

(5) Solve the parameter ,using the least-squares method, .
The calculation result is:

(6) Let , the cumulative solution of the GM(1,1) model is:

In the formula, 0.65. Substitute parameters a and u into the formula to get:
24.8
(7) Calculate the predicted value of the cumulative sequence:
When k=0, corresponding to the original serial number 1, 0.65
When k=1, corresponding to the original serial number 2, 2.20
When k=2, corresponding to the original serial number 3, 4.95
When k=3, corresponding to the original serial number 4, 8.85
When k=4, corresponding to the original serial number 5, 13.45
When k=5, corresponding to the original serial number 6, 18.48
(8) The grey model predicted wear amount is obtained by subtractive reduction of the calculated value. The comparison between the predicted value and the actual wear value, as well as their absolute error and relative error, are shown in Table 2.

Table 2.	Comparison between Predicted Values and Actual Values

	Serial Number
	Mileage/km
	Actual Wear Amount/mm
	Predicted Wear Amount/mm
	Absolute Error/mm
	Relative Error/%

	1
	30
	0.65
	0.63
	0.02
	3.08

	2
	60
	1.58
	1.55
	0.03
	1.90

	3
	90
	2.75
	2.80
	0.05
	1.82

	4
	120
	3.82
	3.90
	0.08
	2.10

	5
	150
	4.60
	4.68
	0.08
	1.74

	6
	180
	5.05
	4.97
	0.08
	1.58



By comparing the predicted values of the grey model with the actual values, it can be seen that both the absolute error and the relative error are low, and the average relative error is 2.04%. This proves that the prediction method is accurate and verifies that the grey model is feasible for predicting the wheel wear of the electric hoist running mechanism with the running mileage.

(9) The comparison between the actual wear amount and the predicted wear amount is presented in Figure 2。
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Fig. 2. The comparison between the actual wear amount and the predicted wear amount

5. WHEEL REMAINING SERVICE LIFE PREDICTION

(1) Conduct subsequent extended prediction on the cumulative sequence and calculate the subsequent cumulative wear trend:
When k=6, corresponding to the original serial number 7, 23.75
When k=7, corresponding to the original serial number 8,29.61
(2)  Calculate the single-segment predicted wear amount through subtractive reduction, so as to obtain the wear rate v per unit mileage:
Single-segment predicted wear amount: =5.22
Wear rate:=0.174mm/km
(3) Set the scrap threshold as the target for the grey model prediction:
According to the scrap standard for crane wheels, when the wear amount of the wheel rim thickness reaches 50% of the original thickness, the wheel should be scrapped and stopped from use. The thickness of the rim at the most severely worn position is taken as the original rim thickness of the wheel, so the initial rim thickness H0 is 10.55mm.
Scrap threshold thickness: H1=H0×50%=5.275mm
Current rim thickness: H2=H04.97=5.58mm
Wear thickness required to reach the scrap threshold: ∆H=H2H1=0.305mm
(4) Based on the wear rate predicted by the grey model, the remaining service life of the wheel can be derived: ∆S==1.7529km
The model calculation shows that when the wheel travels to 181.7529km, the rim thickness will reach 50% of the original thickness, and the remaining mileage that the wheel can travel is 1.7529km.

6. CONCLUSIONS

This paper takes the rim wear of the wheels in the electric hoist running mechanism as the research object, and conducts a systematic study from the construction of the grey model, parameter solution to the calculation of wear amount and remaining service life. The sample size of wheel rim wear data is limited and the wear mechanism is complex. The grey GM(1,1) model, which requires a small number of sample data, is simple and convenient, can be used to predict the wheel wear amount and remaining service life, and the accuracy of the model is verified through error calculation. The results show that the grey GM(1,1) model is completely feasible for predicting the wheel wear amount and remaining service life.

The grey GM(1,1) model shows good adaptability and accuracy in predicting the wear and remaining service life of key components of lifting equipment, providing a feasible path for predicting the wear and service life of other mechanical equipment components. It is of great significance for improving the utilization rate of mechanical equipment, ensuring the safety and reliability of equipment operation, avoiding the occurrence of safety accidents, and providing a basis for the operation and maintenance strategy of equipment.
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