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1. Introduction
VbM – Vision based Mapping (and Navigation)
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Introduction
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• Example study area in Pramuka Island, Indonesia

• How do we obtain bathymetry information from

this area?
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Introduction
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VbM: Simultaneous Localization and 
Mapping (SLAM)

Capture 
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Input

Feature descriptors 
analysis and matching

Capture 
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Iterative in-system input

Feature 
detection 
on image 1

Map creation

Camera 
positioning

Reprojection 
from extracted 
features

Output
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SLAM
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Problem
Challenge of using VbM underwater
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Problem: refraction
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Problem: Refraction
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Problem: Bias

• Underwater Bias is often presented due 

to the existence of suspended material 

such as microbial life forms or 

microparticle sediments.

• The most common bias from the light 

transmission is color bias due to light 

absorption and scattering phenomenon in 

water medium. 
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2. Methodology
Dealing with challanges
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Underwater Bias
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Backscatter 
removal (BR)
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Distortion

Calibration plate frame 

(x,y,z)

Seabed

Water level
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Refraction
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Flat port

The incident angle in each medium is then 
correlated with Snell's law:
 𝑖 sin 𝜃𝑖 =  𝑖+1 sin 𝜃𝑖+1

where :
• µ is the refraction indices of the medium layer 
• 𝜃 is the incident angle between the refraction 

axis
• optical axis n (normal vector). 
• Ray transmission is correlated with the focal 

length f
• Distance between each medium d
• Total medium distance l

fickrie.muhammad@hcu-hamburg.de



23

Refraction
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Refraction
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Methodology: Synthesis of Algorithm
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• Initially, the VbM can utilize the original
image stream (camera_raw) topic.

• The refraction adjustment and image
enhancement shall also be computed and
published in separate tasks due to
underwater limitations.

• Refraction calibration is prioritized, as it is
crucial due to the inherent refraction
distortion underwater in VbM generating
second image node (remapped as
Refracted/camera_raw).

• The undistorted image serves as the input
for image enhancement, producing a
second output image topic
(Enhanced/camera_raw)
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Methodology: VbM
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Research sequence

• The research is structured into three phases 

to evaluate the underwater VbM: simulation, 

fieldwork, and accuracy assessment
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Methodology: Simulation
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Simulation

After backscatter removal
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Methodology: Fieldwork

           

             

        

        

      

             

 

 

    

             

 

(1) The harbor pond dataset and

(2) The coral reef dataset
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Methodology: Fieldwork
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Hardware Survey
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Fieldwork 
dataset
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Methodology: Accuracy Assessment 
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Checkerboard

Camera

• Marker tracking
• Checkerboard measurement

fickrie.muhammad@hcu-hamburg.de

Field work dataset

GoPro 10

GoPro 10



32

Methodology: Accuracy Assessment 
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The Girona 500 AUV :
- GNSS - IMU 
- Camera - MBES
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Methodology: Accuracy Assessment 
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EASI dataset: controlled dataset

water depth 
~ 1,1 m

3D seabed 
Object modeling 

(point clouds)

Vicon motion tracking 
(Vero 2.2 mp)

GoPro 10

1.8 m
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3. Discussion
Interpretation of results, conclusion, and remarks
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Image Enhancement

Hydro 2024 - 06.11.2024 fickrie.muhammad@hcu-hamburg.de



36

Image Enhancement
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Calibration: Refraction Index Sensitivity
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• Additional tests are run using

varying salinity inputs from

1.330 to 1.350, with seawater

salinity ranging from 3.5 to 27

percent.

• Results show that the Absolute

Trajectory Error (ATE) is less

than 5 cm.

• This suggests that even in

regions with fluctuating salinity

levels, VbM can still produce

comparable results.
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Experiment: UWSim Dataset
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UWSim Dataset
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• BR image enhancement significantly
increases feature matches from
approximately 100 to between 500 and 700.

• At 80% turbidity, the VbM system loses
tracking after 126 seconds out of a 284-
second image stream, covering 44.4% of the
trajectory, hindering loop closure and drift
minimization.

• The VbM system maintains radial errors
below 0.2 meters in up to 60% turbidity over a
56.27-meter track.

• At 80% turbidity, image enhancement aids in
regaining feature detection, but accumulated
drift increases radial error to 0.5 meters,
resulting in a 0.7% overall track error rate.
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Experiment: Harbor Pond 
Dataset
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Experiment: Harbor Pond Dataset

• The in-air and underwater 
calibration is not suitable for 
larger areas where the distortion 
bowing-effect (frown-shaped) is 
detected

• The bowing effect is pronounced 
in the direct calibration input 
primarily because the wide image 
format retains more distortion 
along the image edges and the 
refraction effect

• However, the longer the track is, 
the more error will be 
accumulated with this setup

(a) In air calibration (b) Underwater calibration 
(c) Pinax calibration
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Experiment: Harbor Pond Dataset
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• The bowing effect negatively 
impacts trajectory 
optimization during global 
bundle adjustments, causing 
significant scaling errors.

• Using the VbM system with 
Pinax calibration, the harbor 
pond dataset shows radial 
errors within 5 centimeters.

• Underwater calibration 
techniques result in higher 
radial errors, ranging between 
10 and 15 centimeters.

Calibration

Pinax + Image enhancement
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Experiment: Coral Reef 
Dataset
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Experiment: Coral Reef Dataset

• The VbM in this experiment is 
able to run at 80 FPS and 
generate total 444 Keyframes 
during the VbM running. 

• The area coverage is 
approximately 4 x 6 mm wide 
making the algorithm detect 
more seabed objects during the 
VbM run

• It is noticed that the 
accumulated error as bowing 
effect (frown-shaped) is 
increasing greatly in parallel 
with the track length

(a)In air calibration (b) Underwater calibration (c) Pinax

calibration
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Experiment: Coral Reef Dataset
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• Image enhancement is applied to the coral 
reef dataset and used with distortion 
calibration to obtain the final VbM trajectory.

• The VbM with refractive Pinax calibration 
model is preferred for alignment due to less 
distortion.

• Direct calibration in the coral reef dataset 
reveals radial errors up to 0.6 meters 
compared to the Pinax-calibrated trajectory.

• Initial errors persist in the dataset due to 
reliance on SfM for scaling the VbM trajectory.

• The absence of a loop-closing function in SfM
contributes to these inaccuracies, highlighting 
the need for this feature to improve precision.

Pinax + Image enhancement

Calibration
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Experiment: Visual-Inertial 
Dataset
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EASI Dataset: visual-inertial
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• In-air calibration fails to correct the bowing 
effect caused by refraction.

• Direct underwater and refractive Pinax
calibration yield comparable trajectories.

• In-air calibration produces the largest error, 
up to 25 cm or 3% of the total trajectory 
length.

• Underwater and Pinax calibration inputs 
achieve similar accuracy with errors less than 
10 cm or 1%.
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Dense Reconstruction
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Dense Reconstruction
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Dense Reconstruction

Clustering Views for Multi-View Stereo (CMVS) Poisson filter
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Point Cloud Assessment
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Harbor Pond Dataset
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• Small-scale reconstructions show 
similar models without bowing effects

• Centimeter-level differences is 
spotted, with a maximum of 8 cm with 
continuous scanning
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Harbor Pond Dataset
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When the same features aren't 
consistently detected across 
images, pronounced bowing effects 
lead to up to 1.3 m discrepancies.
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Conclusion
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Conclusion

• Underwater environments present significant challenges for Vision-based Mapping (VbM) 
due to scattering and light attenuation.

• Backscatter Removal (BR) Algorithm: Outperforms CLAHE and DCP in feature detection, 
effectively adjusting contrast, removing haze, and correcting color, effective up to 90% 
turbidity but struggles with suspended particles.

• Limitations: High computational load, causing lag in real-time applications.

• The automatic calibration with Pinax method outperforms the conventional approach, 
particularly in the presence of radial, tangential, bowing distortion due to medium 
differences.

• Visual-inertial integration provides metric positioning with centimeter level error (less than 10 
cm)

• In contrast, VbM using SLAM is capable of continuing its positioning along the track until it 
reaches the original position, allowing for the correction of all positions along the track 
through the loop-closing function

• Real-time processing achieved by integrating with the Robot Operating System (ROS), 
dividing tasks for efficient load management.
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Remarks: Deep learning for feature 
detection and matching
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DL (Disk+lightglue)

DL (LoFTR)DL (Xfeat)
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Remarks: Semantic segmentation of
dynamic objects

Hydro 2024 - 06.11.2024 fickrie.muhammad@hcu-hamburg.de

Architecture of semantic VbM with dynamic and static object 
classification. The feature points that lie on dynamic objects 
drawn in red will be neglected when estimating the camera 
position.
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Thank You
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