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Abstract : For autonomous ships to be commercialized and be able to navigate in coastal water, they must be able to detect maritime obstacles. One
of the most common obstacles seen in coastal area are the farm buoys. In this study, a maritime object detection system was developed that detects buoys
using the YOLO algorithm and visualizes the distance and bearing between buoys and the ship through geometric interpretation of camera images. Afier
training the maritime object detection model with 1,224 pictures of buoys, the precision of the model was 89.0%, the recall was 95.0%, and the FI-score
was 92.0%. Camera calibration had been conducted to calculate the distance and bearing of an object away from the camera using the obtained image
coordinates and Experiment A and B were designed to verify the performance of the maritime object detection system. As a result of verifying the
performance of the maritime object detection system, it can be seen that the maritime object detection system is superior to radar in its short-distance

detection capability, so that it can be used as a navigational aid along with the radar.
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Class probability map

Source: Joseph et al.(2015), You Only Look Once: Unified,
Real-time Object Detection

Fig. 1. YOLO algorithm object detection procedure.
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Fig. 2. YOLO v4 architecture.
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Fig. 3. Comparison of YOLO v4 and the other models.
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Fig. 4. YOLO learning data.
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Table 1. Setting of training parameters

pﬁ;nieligr Value plz;izitllllielfr Value
batch 64 max_batches 4,000
subdivisions 64 learning_rate 0.001
widths 256 heights 256
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Fig. 5. Performance (mAP, Loss) chart.

Table 2. Performance table of maritime object detection model

Unit: %
Class AP mAP Precision | Recall | Fl-score
buoy 1 95.6
934 89.0 95.0 92.0
buoy 2 91.1
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Fig. 6. Pinhole camera model and image plane projection

transformation.
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Fig. 7. Checkerboard pattern.
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Fig. 8. Relationship between world, camera, image plane and

normalized image plane coordinate systems.
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Fig. 9. Composition of maritime object detection system.
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Fig. 10. Experiment A condition.

Table 3. Experiment A condition

Buoy Bearing (°) Distance (m)
a 330 4
b 350 5
c 15 7
d 40 6

Fig. 11. Camera image of buoy.

4.3 AIE-I
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Fig. 13. Results of Experiment A.

Table 4. Comparition of calculation results with Experiment A

condition
Buoy Calculation results Experiment A condition
Bearing (°) | Distance (m) | Bearing (°) | Distance (m) ‘
a 330.2 4.0 330 4
b 350.4 52 350 5
c 16.2 7.7 15 7
d 38.0 6.7 40 6
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Fig. 16. Visualization of Experiment B results.
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