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The Problem: Domain Shift in Underwater Object Detection 

Our Contributions    Method Overview: Automated Underwater Domain Labeling

Outlook

Underwater Domain 
Labeling Framework

to systematically 
characterize domains 

based on physically 
meaningful factors

Unified & Consistent 
Domain Annotations

for two public under-
water object detection 

datasets that enable 
structured comparison

Empirical Analysis

showing performance 
variations with domain 

properties and revealing 
failure modes for 

targeted improvements

1

Our Research Questions
How can domain variability in underwater imagery be 

decomposed into interpretable and measurable 
factors that enable consistent grouping of images?

To what extent do domain-specific factors influence 
object detection performance across different 

conditions?

3

2

Investigate interactions 
between object classes and 

domain factors

Leverage domain labels to develop 
domain-aware training strategies

Build a large-scale domain-
labeled benchmark dataset

Habitat-rich Boulder Reef Flat, Sandy Seabed Dark, Obscured Scene

False Positive False Negative

…b    nderwater environments vary greatly 
with environmental and acquisition factors.

Standard aggregate performance metrics (e.g. mAP) hide domain-
specific failure modes. We need domain-aware evaluation!

must repeat for new / changed conditions

Input 
Images

Decompose into 3 Axes        →        Quantify Properties        →        Convert into Categorical Labels       →        Assign Axis-wise Labels 

Domain 
Descriptions

Axis 1:               
Image 

Appearance

Visibility
High

Moderate
Low

· Tenengrad
· Laplacian Var
· RMS Contrast
· High Frequency 
  Energy

· Median 
  Luminance
· Overexposure /  
  Underexposure 
  Ratios

· Color Distortion
· Blue-Green 
  Ratio  

Illumination
Bright

Medium
Dark

Color
Blue

Natural
Green 

· Object Size
· Small / Large  
  Object Ratios

Scale
Small

Medium
Large

Background
Simple

Textured
Complex

Layout
Sparse

Moderate
Crowded

· Object Count
· Foreground 
  Coverage
· Occlusion

Axis 2:              
Scene 

Composition

Axis 3: 
Acquisition 
Geometry

* Based on depth maps from 
monocular depth estimator 

DepthAnythingV2

Orientation
Upright
Tilted

Rotated   

Perspective
Nadir

Oblique
Front

· Left-Right 
  Depth* 
  Difference

· Depth Range
· Top-Bottom 
  Depth Difference
· Brightness 
  Gradient

low, bright, blue

sparse, small, textured

upright, front

high, medium, natural

sparse, medium, complex

tilted, oblique

low, medium, green

moderate, small, simple

rotated, oblique

moderate, dark, green

crowded, large, complex

upright, nadir

Results reveal clearly favorable conditions - some expected (high visibility, large objects), others counterintuitive (crowded, complex scenes) - 
demonstrating that our framework captures meaningful domain differences relevant to model behavior.

FP/obj
FN/obj

0.14
0.22

0.10
0.25

0.11
0.20

Blue - Nat - Green
FP/obj
FN/obj

0.08
0.21

0.12
0.23

High Vis – Low Vis
FP/obj
FN/obj

0.11
0.23

0.08
0.30

Bright – Dark
FP/obj
FN/obj

0.19
0.25

0.08
0.26

Sparse – Crowded
FP/obj
FN/obj

0.09
0.29

0.12
0.21

Small – Large
FP/obj
FN/obj

0.11
0.23

0.08
0.23

Simple – Complex
FP/obj
FN/obj

0.10
0.24

0.12
0.22

Upright – Rotated
FP/obj
FN/obj

0.11
0.19

0.08
0.23

Nadir – Front

Check out our 
Website!

collect        process       manually label          train  test        deploy      efficient, reliable, scalable
  data   data             training data          model           model       detector                 marine monitoring

Results for DUO and RUOD-4C: Performance Varies With Domain Categories

Experiments: 
We train a YOLO26n detector on mixed-domain 

data and rely on its standard mAP, Precision, and 
Recall output. Error rates are manually computed 

at IoU = 0.5 and confidence threshold = 0.5.

· ORB Keypoint 
  Density
· Edge Density
· Laplacian Mean

Contact
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