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Place Categorization for Outdoor Environment using Real-time Omni-directional Laser Scanner
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This paper presents a place categorization technique using a real-time omni-directional laser
scanner for outdoor environment. Firstly, we created a large database consisting of range data of
six categories, that is, coast, forest, indoor parking, outdoor parking, residential area, and urban
area. Two kinds of features, spin-image and local binary pattern, are extracted from range
data and used for the estimation of the category which the range data belongs to by SVM. The
performance of the proposed technique is evaluated through the experiments using the developed
database.
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(e) Residential (f) Urban

Fig.2 Example of range data

Table 1 The number of range data

Set

1 2 3 4 5 6 7 8 9 10 TOTAL
Coast 511 | 254 | 571 | 221 | 314 | 376 | 872 | 506 | 386 | 287 4298
Forest 440 | 824 | 980 | 707 | 730 | 720 | 439 | 311 | 797 | 531 6479

ParkingIn 520 | 357 | 274 | 873 | 583 | 343 | 466 | 592 | 344 | 428 4780
ParkingOut || 874 | 579 | 388 | 370 | 477 | 536 | 581 | 563 | 460 | 617 5445
Residential || 674 | 787 | 667 | 724 | 563 | 973 | 717 | 720 | 977 | 662 7464

Urban 490 | 572 | 587 | 487 | 410 | 566 | 712 | 565 | 606 | 739 5734

TOTAL 3509 | 3373 | 3467 | 3382 | 3077 | 3514 | 3787 | 3257 | 3570 | 3264 34200
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Fig.4 Spin-Image generated from range data
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Table 2 Classification results

\ e [c] v | E&E % | BERE (%) |
Spin-Image 7| -14 79.23 4.51
N Z<EMH +LBP | 1| 1 83.98 4.59
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Table 3 Confusion matrix(Spin-Image using voting)

Coast Forest | ParkingIN |ParkingOut| Residential| Urban
Coast 65.56% 8.48% 0.96% 4.34% 8.43% 12.23%
Forest 10.16% 86.30% 0.18% 0.06% 2.94% 0.36%
ParkingIN 1.67% 1.15% 81.84% 2.06% 7.97% 5.31%
ParkmgOut 0.81% 1.36% 0.67% 86.26% 6.53% 4.37%
Residential 1.56% 3.10% 1.52% 9.37%|  82.95% 1.50%

Urban 6.29% 0.98% 1.23%|  24.05% 3.13% 64.31%

Table 4 Confusion matrix(Panorama image + LBP us-
ing voting)

Coast Forest | ParkingIN |ParkingOut| Residential| Urban
Coast 67.92% 12.89% 0.12% 8.95% 5.77% 4.34%
Forest 11.00%]  88.31% 0% 0.12% 0.57% 0%
ParkingIN 0.28% 0.79% 91.04% 4.50% 3.17% 0.22%
ParkingOut 2.83% 0.28% 3.98% 82.67% 4.99% 5.25%
Residential 1.27% 0.61% 0.45% 1.90%|  86.95% 8.82%
Urban 0.54% 0% 0.05% 6.96% 10.03% 82.42%
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Fig.7 Correct Classification Rate for various numbers of

votes

Table 5 Correct Classification Rate

\ R [ Bz | E%E (%) | 8308 | 5% (%) |

10 85.18 60 87.50

20 85.68 70 87.25

Spin-Image 30 88.23 80 86.62

40 88.34 90 86.05

50 88.14 100 85.55

10 87.37 60 89.34

20 89.03 70 88.97

N7 7 X + LBP 30 89.52 80 88.73
40 89.67 90 88.12

50 89.49 100 87.84

Table 6 Confusion matrix(Spin-Image)

—_| Coast Forest | ParkingIN |ParkmngOut| Residential| Urban
Coast 90,16% 2.27% 0% 1.38% 2.19% 3.99%
Forest 10.04%]  89.95% 0% 0% 0.01% 0%

ParkingIN 0% 3.63% 84.95% 0.69% 5.51% 5.23%
ParkingOut 0% 0% 3.29% 93.17% 3.17% 0.37%
Residential 0% 0.19% 0% 4.54%|  95.27% 0%
Urban 1.86% 0% 0.64% 19.40% 3.97% 74.13%
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Table 7 Confusion matrix(Panorama image + LBP)

—~__| Coast Forest | ParkingIN |ParkingOut| Residential| Urban
Coast 82.99% 5.20% 0% 7.15% 1.50% 3.16%
Forest 8.64%|  90.87% 0% 0.48% 0% 0%
ParkingIN 0% 3.31%| 93.95% 2.16% 0.59% 0%
ParkingOut 0.96% 0% 5.25% 89.16% 2.44% 2.19%
Residential 0.45% 0% 0% 2.70%|  93.23% 3.63%

Urban 0% 0% 0% 3.84% 8.76%| 87.39%
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