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Drive Wheel Slip Rate Detection Method and Experiment for Tractor
Based on Multi-sensor Data Fusion

ZHANG Shuo LUO Yanging WEN Jingming CHEN Yu GONG Handong CHEN Jun
(College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: Accurate detection of the drive wheel slip in tractor ploughing operations is fundamental to
achieving slip control, which helps improve the traction efficiency and ploughing quality of a tractor. To
address the issue of ensuring the accuracy and real-time performance of slip rate detection under heavy
load ploughing conditions, a slip rate detection method based on multisensor data fusion was proposed. A
real-time data collection platform for tractor ploughing operations was established. Field experiments were
conducted to obtain tillage speed, forward acceleration, tractor pitch angle, roll angle, traction
resistance, tillage depth and corresponding slip rate under different operating conditions. A datasets was
constructed and subjected to statistical analysis. Four machine learning algorithms—random forest (RF) ,
support vector regression (SVR) , radial basis function neural network (RBFNN) , and artificial neural
network ( ANN)—were employed to construct the slip rate detection models. The hyperparameters of
these models were optimized by using grid search and particle swarm optimization ( PSO). The
performance of the models was evaluated via three metrics: the coefficient of determination (R*), the
root mean square error ( RMSE ), and the mean absolute percentage error ( MAPE). The results
indicated that, except for the RF model, which exhibited overfitting, the other three models achieved
satisfactory slip rate predictions (R* >0.9). Among them, the ANN model optimized with particle swarm

Wik H . 2025 -03 —06 &R H 1. 2025 - 04 07

E€WE: BERARFAIESHFIH (32201677) FBEFTA 5 SHFE 105 H (2023 - ZDLNY -62)

EE B KE(1989—) , 53, RIS, 11, BN FRHLBE AT BEAb = )7 P9, E-mail : zhangshuo@ nwafu. edu. cn
BIEEE. BE(1970—) , B #8%, H1+ FENFERGEL B ZIF5T , E-mail ; chenjun_jdxy@ nwsuaf. edu. cn



F12H

KA A5 ;ST 2 AR IR A R Rl ) HE AL S 48 98 e A G N D5k 5

191

optimization (PSO) for initial threshold weight optimization outperformed both the SVR model with an R*
of 0.918, an RMSE of 2. 6% and a MAPE of 8.9% , and the RBFNN model with an R* of 0. 903, an
RMSE of 3.0% , and a MAPE of 8.8% on the test dataset, achieving an R* of 0.937, an RMSE of
1.0% , and a MAPE of 7. 6% . This method enabled reliable and accurate detection of tractor drive wheel

slip rate, offering an approach for precise online detection and control of slip rate.

Key words; tractor; ploughing operation;

optimization
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Tab.1 Values of soil parameters in experiment area

+/Z/cm + 3 RS /kPa FHEEIKE/ %
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30 ~40 2195. 41 15.96
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Fig. 6 Representation residuals and goodness-of-fit of RF model for slip rate
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Tab.6 Optimal model results with different training algorithms and hidden layer activation functions

I e Rt )2 pE=S i g

LTS PR AR AL R RMSE/%  MAPE/% R RMSE/%  MAPE/%

Tansig 12 0. 940 36 0.9958 6.940 6 0.936 90 1.045 8 7.4897

Levenberg — Marquardt Logsig 11 0.939 34 1.004 2 7.0037 0.936 88 1.046 0 7.5396
Softmax 25 0.939 15 1.005 8 6.9930 0.92723 1.1232 8.1936

Tansig 11 0.93901 1.0070 7.024 8 0.93675 1.0472 7.576 0

Bayesian regularization Logsig 11 0.939 02 1.006 9 7.0279 0. 936 80 1.046 7 7.5718
Softmax 24 0.936 54 1.0272 7.1369 0.928 35 1.1145 8.2719

Tansig 12 0. 940 35 0.9959 6.9770 0. 936 96 1.0454 7.449 8

Quasi — Newton Logsig 11 0.939 33 1.004 4 7.0032 0.936 87 1.046 2 7.5526
Softmax 24 0.936 58 1.026 8 7.1419 0.92525 1.1384 8.5022
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Fig. 10  Representation residuals and goodness-of-fit of PSO — ANN model for slip rate
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