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YOLO  Precision Recall mAP@0.5 Training time (h) YOLO Precision Recall mAP@(.5

V5 86.0% 67.2%  76.0% |.848 v5 76.8% 73.1% 75.3%
vh 712.4% 56.2%  72.0% 1.470 vo 69.1% 71.0% 72.0%
v7 75.7% 732%  76.0% 2.124 v7 73.7% 709%  74.7%
v8 717.2% 67.2% 72.5% 1.933 v8 72.3% 68.3%  70.0%
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ID: 279
Class: Pothole

-~ Area(m?): 0.0373239759
Volume(m?): 0.0003338067
Depth(m): 0.0113648733

FIGURE 6. Map displaying detected potholes. Selecting a pothole opens a
pop-up window that shows its unique ID, along with the area, volume,
and maximum depth, as determined from 3D reconstructed models.
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Agile X Hunter 2.0 Mobile Robot

7tHI2} © Logitech 505e
LIDAR : Ouster OS1-32
GNSS : Swift Navigation

BHHE Intel i7 11th generation CPU, Nvidia RTX 3060
graphics card, 16GB RAM
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Pothole Volume Classification
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TABLE 3. Automated v/s manual inspection results.

Depth (m)

Area (m?)

Volume (10~ ®m?)

Auto | Manual

Auto

| Manual

Auto | Manual

0.023 0.020
0.016 0.015
0.018 0.017
0.012 0.010
0.052 0.045

0.094
0.019
0.0412
0.063
0.018

0.060
0.017
0.038
0.061
0.016

0.916 0.800
0.158 0.150
0.321 0.300
0.455 0.400
0.166 0.150
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