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Abstract: Visual-inertial odometry (VIO) has achieved remarkable progress in recent years and has been extensively deployed in unmanned aerial 
and øround vehicles for real-time state estimation and navigation. State-of-the-art (SOTA) VIO methods demonstrate strong robustness and 
accuracy in structured terrestrial environments. However, their performance has not been comprehensively studied in underwater settings, where 
haze, blurring, and low contrast present significant challenges for reliable visual feature extraction and tracking. In this study, we investigate the 
performance of several state-of-the-art VIO methods using datasets collected by underwater vehicles equipped with stereo cameras, inertial 
measurement units (|MUS), barometric pressure sensors, and sonar systems. The findings of this study aim to provide systematic insights into the 
limitations and adaptability of current VIO approaches in underwater environments and to lay the groundwork tor developing robust navigation 
solutions for autonomous underwater vehicles. 

Figure 1. A: UZH-FPV Drone [1) 
B: Indoor dataset. C: Outdoor dataset. 
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State-of-the-art (SOTA) VIO methods perform well on datasets collected by flying 
drones, where images are clear and the IMU experiences sufficient excitation to 
provide informative measurements. However, their performance on underwater 
autonomous vehicles (UAVS), where images are often hazy. blurry, and low in 
contrast, and where motions tend to be slow and smooth, resulting in reduced IMU 
excitation, remains an open question that warrants further investigation. 
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Table 1. SOTA VIo methods: MSCKF (3), [4], VINS-Mono [5], OKVIS (6] 

VINS-Mono 

failed 

Spring 2026 

0.37 

Background 

Figure 3. Trajectory Comparison of MSCKF 
(red) and OKVIS (green) with the BUS dataset 

OKVIS 

Figure 7. Trajectory Comparison of VINS-Mono 
(red) and OKVIS (blue) with the CAVE dataset 
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Table 2. RMSE of the pose estimation results of the SOTA VIO with BUS 
and CAVE datasets 
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Experimental Results: Trajectory and Position Error Visualization 

Figure 4. Position Error of MsCKF with BUS 

igure 6. Position Error of VINS-Mono with BUS 

Figure 2. A: Aqua2 underwater robot (2] 
B: The BUS dataset. C:The CAVE dataset. 

SOTA VIO methods Performance Analysis 
MSCKF and VINS-Mono both rely on KLT optical flow for feature 
tracking. while OKVIS uses patch/descriptor-based matching. 
which is generally more robust to blur, haze, and low-contrast 
imagery. MSCKF adopts a filter-based backend that is efficient 
but can be less tolerant to persistent tracking errors, whereas 
VINS-Mono and OKVIS use optimization-based sliding-window 
estimation for improved consistency 

In the underwater datasets, degraded images weaken visual 
tracking and the slow, smooth vehicle motion provides limited 
IMU excitation. Under these conditions, VINS-Mono's pose 
estimation diverged on the BUS dataset, and MSCKF diverged on 
the CAVE dataset. In contrast, OKVIS remained stable on both 
datasets and achieved the lowest RMSE values of 0.24 on BUS 
and 0.27 on CAVE, demonstrating stronger robustness in 
challenging underwater environments. 

Flgure 8. Position Error of VINS-Mono with CAVE 

Pose estimation diverges in the 
beginning of the sequence 
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Figure 5. Position Error of OKVIS with BUS 
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Figure 9. Position Error of OKVIS with CAVE 

Figure 10. Position Error of MSCKF with CAVE 
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