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MOTIVATION METHODOLOGY

- Autonomous exploration has many direct real-world Training Samples

applications 3 50,000 synthetic
1 Learn to explore instead of model-based approach examples

1 Deploy on SWaP constrained MAVs 1 Floor maps include
doors and cabinets

1 Furniture below
1.5M are ignored

Action Modeling

0 — stay put, 1 — turn right, 2 — turn left, 3 — move forward,
4 — turn right and move forward, 5 — turn left and move forward

Observation Space

J Last action (to handle drone’s dynamics)
J Building map in two resolutions

PROPOSED SYSTEM
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construct occupancy maps and predict occupancy 1 Standard convolutional Encoder- 4 Standar.d CNN for feature
information for efficient exploration Decoder: | | : extraction
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RESULTS

Simulation Experiments Computation Experiments
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Table I: Averaged mapping path length (m) in Gazebo Real-World Experiments
Method (A) (B) (O (D) | =
Frontier 125.0 108.8 132.7 110.0
Fuel 123.6 122.0 128.6 106.0
Frontier + Predictor 83.0 60.4 69.2 63.0
FUEL + Predictor 77.3 64.7 74.7 67.8
DRL + Predictor (ours) | 50.2 49.3 66.3 47.4
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The proposed method achieves a 50-60% shorter overall path Scan QR
or more
length compared to the classic and the state-of-the-art methods details
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