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Abstract

The declining localization performance of Visual-Inertial Odometry (VIO) in off-road environments
is a significant challenge. To address this issue, a tightly coupled algorithm named HW-VIO (Hybrid
Wheel-VIO) is proposed, combining wheel odometry and VIO. The method leverages the comple-
mentary properties of IMU and wheel odometry by introducing a hybrid pre-integration observa-
tion model, where zero-velocity updates from wheel odometry are employed to dynamically correct
accelerometer and gyroscope biases in the IMU. To handle the frequent occurrence of outliers in
wheel odometry measurements, a chi-squared test is applied to evaluate residuals from the hybrid
pre-integration process, enabling robust identification and rejection of abnormal data. The algo-
rithm is validated through experiments conducted in three off-road farmland scenarios with vary-
ing levels of difficulty. Results show that HW-VIO significantly improves localization accuracy,
achieving an average accuracy improvement of 47%. Furthermore, ablation studies confirm the ef-
fectiveness of the hybrid pre-integration model, demonstrating a 50% improvement in localization
accuracy compared to the W-VIO (Wheel-VIO) algorithm, which directly fuses wheel odometry.
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X IR R, ARSCHEH T — IR TRE RS VIO B#A 1 HW-VIO (Hybrid Wheel Visual-
Inertial Odometry) 5%, T Z oIk ALFE:
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Figure 1. Diagram of system coordinate frames
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Figure 2. Framework of the HW-VIO algorithm
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Figure 3. Diagram of hybrid pre-integration of wheel odometry and IMU
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Figure 4. Sensors configuration and coordinate frame definition of the field robot

4. REN[ARBRBEERLITRENX

Figure 5. The feature point extraction performance of the OpenVINS algorithm in agricultural field
scenarios
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Figure 6. Sample images and APE error curves for three difficulty levels in the Rosario dataset. (a) 02_Easy sequence; (b)
03 Medium sequence; (c¢) 05_Difficult sequence

6. Rosario HEE M =FEEFIIRIRHEER R APE IRERZ . (a) 02_Easy F51; (b) 03_Medium F31; (c) 05_Dif-
ficult 51
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Table 1. Comparison of absolute pose error (APE) for different algorithms on the Rosario dataset

= 1. Rosario BURE T & BIAR AN ZIRELLE

' W-VIO HW-VIO
Dataset Rosario OpenVINS Wheel-Odom (IR ETRARY (Ours)

Seq Length  RMSE ¥IE RMSE ¥)E RMSE YA RMSE ¥)E

(m) (m) (m) (m) (m) (m) (m) (m) (m)

02_Easy 320 4.27 4.02 5.15 4.98 4.93 4.07 2.16 1.87
03_Medium 170 1.72 1.61 4.33 3.86 2.27 2.06 0.81 0.76
04_Medium 150 2.71 2.36 3.42 3.06 1.95 1.56 1.25 0.98
05_Difficult 330 3.79 3.55 19.03 15.97 4.83 4.12 2.05 1.49
06_Difficult 530 4.72 4.43 4.92 4.59 4.92 4.66 3.09 2.78
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Figure 7. RTK Trajectory of Sequence (02~06)
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Figure 8. Comparison of 2D trajectories and APE component errors of Algorithms in 02 and 05 sequences. (a) 02_Easy
sequence; (b) 05_Difficult sequence
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Figure 9. Outlier removal and APE error curve in 03 and 05 sequences. (a) 03 Medium sequence; (b) 05_Difficult sequence
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Figure 10. Box diagram of absolute pose error (APE) for (03, 04, 06) sequences
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