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Abstract In this study, we developed a method to measure mine burial rates using 3D rendering and deep
learning. Mines pose a significant threat to the navy and are difficult to detect when buried in the
seabed. Since the in-situ measurement of mine burial rates is subject to various constraints and costs,
an efficient alternative method is needed. For this purpose, we trained a YOLOv8s deep learning model
using 1,246 3D rendering images of an MDM-1 mine and achieved a high accuracy with an mAP@0.5
score of 0.995. Additionally, we validated it using 20 test videos and achieved an average accuracy of
72.75%. This study shows the possibility of measuring mine burial rates using 3D rendering and deep
learning, even with limited data. The study is meaningful as basic research that could be used for mine

detection combined with an AUV.
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Fig. 2. Shape of MDM-1 mine

Table 1. Specifications of MDM-1 mine

Contents Specifications
Diameter [mm] 534
Length [mm] 2860
Weight [kgl 960
Operating depth [m] 8~120
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Fig. 6. Example of mine burial rate measurement
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Tests for sandy sediment

Test number #1 #2 #3 #4 #5 #6 #7 #8 #9 #10
Real burial rate 0 10 20 30 40 50 60 70 80 90
10%: 1 20%:3 | 30%:15 | 40%:12 | 50%:12 | 60%:9 | 70%:6 80%: 2
Number of times 0%:97 10% : 89 20“/0"78 30%:80 | 40%:81 | 50%:80 | 60%:74 | 70%:71 | 80%:67 90“/0"62
detected 10%:3 | 20%:11 30;:21 40%:15 | 50%:1 60% 3 70%: 9 80%: 8 90%: 2 N 0"36
o None:2 | None:3 | None:5 | None:5 | None:12 | None:25 | "¢
Accuracy of Predicted| o7, 89% 78% 80% 81% 80% 74% 71% 67% 62%
burial rate
Tests for muddy sediment
Test number #11 #12 #13 #14 #15 #16 #17 #18 #19 #20
Real burial rate 0 10 20 30 40 50 60 70 80 90
o -
Number of times 0%:80 | 10%:70 21(8’//0"627 30%:71 | 40%:67 | 50%:67 | 60%:69 | 60%:16 | 80%:62 | 80%: 11
detected 10%:12 | 20%:20 300/‘)2 19 40%:16 | 50%:19 | 60%:17 | 70%:14 | 70%:63 | 90%:15 | 90% : 60
None:8 | None: 10 Non()e" 12 None: 13 | None: 14 | None: 16 | None: 17 | None : 21 | None : 23 | None : 29
Accuracy of Predicted| g5, 70% 67% 71% 7% 7% 69% 3% 62% 60%
burial rate
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