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Regi ‘ In-Database ‘ Overall
egion

‘ TP GT Recall ‘ Correct Total Precision
Grand Est | 188 224 83.9 % 251 311 80.7 %
Marne 18 21 85.7% 28 36 77.8 %
Bretagne 96 179 53.6 % 131 185 70.8 %
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Method Probability APgist+ Max Recall at
Law 100 % Precision
Baseline 0.949 62.5 %
Part-based  Poisson 0.917 62.5 %
Part-based Histogram  0.969 95.0 %
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5 1.5 K/ %1 BD ORTHO #ZAit. T SPOT
T EEAEE SR HE S, BEMR SRR 2N
BT AEHA YT SR, MTHEENS, A

mAPsy Site Pile Tank‘APdiSt Recall Precision

Aerial (0.5m) 0.75 0.68 0.58 0.98 |0.97 97.5 % 97.5 %
Aerial (1.5m) 0.61 0.76 0.17 0.89 |0.93 95.0 % 95.0 %
SPOT (1.5m) 0.58 0.76 0.13 0.85 |0.92 90.0 % 97.3 %
Sentinel (10m) 0.10 0.30 0.00 0.00 |0.49 425 % 85.0%

Table 4. AN[a] B BOR U feftE B AR BB A PR RE . 4 ol R
FIRG REAE B AL TR B R PERC VS A e i FL h R 5

Tteration Known New Hard
Database Size Detection Negatives

0 203 - 0

1 203 149 100

2 352 205 200

Table 5. HEHLAEIEAPHYEA . CHAR) top-N A&
4, SRBUCREUT RIS BRI AIME A A R .

Iteration mAPso Site Pile Tank | # Background @
0 0.26 0.52 0.11 0.14 163 50 %
1 0.29 0.66 0.06 0.16 263 38 %
2 0.59 0.76 0.14 0.86 363 31 %
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Supplementary Material

Model Overall  Bio-digester ~Tank  Pile
Yolov8 (COCO) [16] 0.386 0.383 0.601  0.173
Yolov8 (DOTA) [16] 0.672 0.736 0.901 0.378
Faster RCNN [32] 0.687 0.854 0.909 0.299
LSK [19] 0.724 0.846 0.741  0.584
Oriented RCNN [48] 0.701 0.824 0.746  0.533
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AR APS0 A5l is. YOLOv8 (COCO) #I
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