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Target Scenario: Aerial Object Detection in Maritime Space

1. Ship
2. Floating matter (buoys, rescue tubes, small lifeboats, surfboards, and humans)

Aerial Object Detection Scenario
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Motivation: RGB Sensor

Spatial resolution: High (0.1 m)
Spectral Information: Small (3 Channel)

Optical Image
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It is hard to
recognize small
objects if wave or
sea glitters are on
sea surface.

Challenges: Wave & Sea Glitter
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Motivation: Hyperspectral (HSI) Sensor

Spatial resolution: Low (0.7 m)
Spectral Information: Large (<100 Channel)
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Objective: Multi-modal dataset

1. RGB sensor data
2. HSI sensor data

High resolution RGB sensor data Low resolution HSI data
High spatial resolution Low spatial resolution
Low spectral resolution High spectral resolution

O We use an additional sensor data (high-resolution RGB sensor)



Our Approach

1) Data Collection
2) Image Registration
3) Experiments
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Our Approach

1) Data Collection
2) Image Registration
3) Experiments
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Experimental Results

Information fusion gives more clear feature maps

Also, the proposed method has the highest performance compared to the baseline methods
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Feature Maps of Qur DoubleFPN Architecture ~—
neck layer | multi-modal RGB data HSIdata mAP APes APe7s Ship Float. Mat. AP, AP,, AP,
DoubleFPN(ours) | v v v 444  84.8 39.3 55.7 33.1 352 417 614
FPN (RGB) [26] X v X 38.8 77.0 33.3 524 25.2 183 448 556

FPN (HSI) [26] X X v 7.8 23.2 2.9 15.8 0.0 - - -

UA-CMDet [43] v v v 42.9 84.0 40.0 55.9 29.8 20.8 43.0 60.8
DetFusion [44] v v v 42.0 84.3 354 53.5 30.5 242 419 61.1
Early fusion v v v 42.9 83.0 37.6 54.2 31.5 18.9 441 59.7
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