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An important capability for service robots working and interacting with humans in
indoor environments is their ability for categorizing the different places where they are
located. In this paper, we present a supervised method to categorize different areas in indoor
environments by a mobile robot. Our approach uses RGB and depth images provided by
a Kinect camera. All RGB images are converted into gray-scale images. Each gray-scale
and depth images at same time are transformed into respective histograms of local binary
patterns. Both histograms are combined to integrate gray and depth information. The final
combined histogram is categorized using support vector machines. We apply this method to
distinguish five different place categories: corridor, laboratory, office, kitchen, and study room.
The classification results show that we can categorize these places with high accuracy using
both gray and depth information.
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Fig. 1 The top-left picture shows a gray-scale image of
a laboratory. The corresponding depth image is
shown in the bottom-left image (gray values have
been equalized for a better visualization). In the
depth image completely black pixels correspond
to undefined depth values delivered by the Kinect
camera. The outputs of the local binary pattern
transformation of the gray-scale and depth images
are shown in the top-right and bottom-right images,
respectively.
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Fig. 2 Toy example for the LBP operator for the center
pixel (marked in bold). The resulting value 236
is assigned to that pixel.
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Fig. 3 Spatial pyramid with 3 levels.
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Table 1 Number of image sets by place.
category place number of image sets

corridor

corridor 1 68
corridor 2 42
corridor 3 70
corridor 4 99

kitchen
kitchen 1 73
kitchen 2 65
kitchen 3 53

laboratory

laboratory 1 99
laboratory 2 99
laboratory 3 81
laboratory 4 78

study room

study room 1 71
study room 2 70
study room 3 49
study room 4 62

office
office 1 57
office 2 45
office 3 47

RGB
1

“laboratory” 4 laboratory

Kinect
RGB
RGB

RGB
1 RGB

RGB 4

4·2 RGB

leave-one out cross-validation N

N

N = 10
(7)
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Table 2 Classification results for experiment 1.

Confusion matrix for L= 0, average correct 89.37%
% corridor kitchen laboratory study room office

corridor 95.66 2.02 2.32 0.00 0.00
kitchen 2.45 76.85 3.21 12.40 5.10
laboratory 0.00 0.12 99.02 0.23 0.63
study room 0.00 8.86 5.57 84.64 0.93
office 0.00 3.51 5.79 0.00 90.70

Confusion matrix for L= 1, average correct 85.68%
% corridor kitchen laboratory study room office

corridor 97.58 1.01 0.40 1.01 0.00
kitchen 1.13 56.04 8.87 32.45 1.51
laboratory 0.00 0.20 98.88 0.66 0.26
study room 0.00 9.43 7.57 81.86 1.14
office 0.00 2.81 1.93 1.23 94.04

Confusion matrix for L= 2, average correct 84.59%
% corridor kitchen laboratory study room office

corridor 100.00 0.00 0.00 0.00 0.00
kitchen 0.94 51.51 2.83 41.32 3.40
laboratory 0.00 0.00 95.17 4.83 0.00
study room 0.00 8.00 9.14 81.71 1.14
office 0.00 4.91 0.53 0.00 94.56
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Table 3 Classification results for experiment 2.

Confusion matrix for L= 2, average correct 82.18%
% corridor kitchen laboratory study room office

corridor 97.27 2.73 0.00 0.00 0.00
kitchen 10.19 53.43 2.26 34.12 0.00
laboratory 0.00 0.20 86.24 11.95 1.62
study room 1.43 9.86 11.16 76.43 1.13
office 0.00 2.46 0.00 0.00 97.55

Table 4 Classification results for experiment 3.

Confusion matrix for L= 1, average correct 85.11%
% corridor kitchen laboratory study room office

corridor 99.50 0.10 0.40 0.00 0.00
kitchen 0.00 55.10 24.15 20.19 0.57
laboratory 0.37 0.50 94.46 4.03 0.64
study room 0.00 7.14 6.42 85.58 0.86
office 0.00 2.99 5.40 0.70 90.90

Table 5 Classification results for experiment 4.

Confusion matrix for L= 2, average correct 72.19%
% corridor kitchen laboratory study room office

corridor 91.63 2.94 3.86 1.57 0.00
kitchen 35.54 35.90 18.93 9.62 0.00
laboratory 8.14 8.94 69.76 12.42 0.74
study room 1.57 5.86 19.72 71.28 1.57
office 0.00 4.35 2.22 1.05 92.38

Table 6 Classification results for experiment 5.

Confusion matrix for L= 2, average correct 70.26%
% corridor kitchen laboratory study room office

corridor 95.18 0.00 4.82 0.00 0.00
kitchen 12.62 40.09 33.14 10.00 4.15
laboratory 4.64 5.08 79.78 9.76 0.74
study room 0.29 5.43 17.81 76.48 0.00
office 0.00 1.59 26.24 12.39 59.78
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Table 7 Classification results for experiment 6.

Confusion matrix for L= 2, average correct 54.05%
% corridor kitchen laboratory study room office

corridor 84.46 2.93 3.44 3.72 5.46
kitchen 25.36 29.28 11.40 33.96 0.00
laboratory 5.45 3.52 70.85 17.36 2.83
study room 18.07 3.99 48.69 27.11 2.14
office 20.40 8.69 8.25 4.13 58.54

Table 8 Summary of results in %.
exp. descriptor L= 0 L= 1 L= 2
1 combination of 2 and 3 89.37 85.68 84.59
2 Gray-LBP 76.60 79.47 82.18
3 Depth-LBP 80.72 85.11 83.14
4 combination of 5 and 6 60.94 66.77 72.19
5 Gray 45.15 50.79 54.05
6 Depth discretized 70.24 67.34 70.26
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Fig. 5 Examples of misclassified pairs of RGB and depth
images in experiment 1. In the upper row a scene of
“kitchen 3” is categorized as a corridor. The middle
row show an scene of “laboratory 4” categorized as
an office. The bottom row shows a scene in “study
room 2” categorized as a kitchen.
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Fig. 4 Examples of different pairs of RGB and depth images for the five categories: corridor, kitchen,
laboratory, study room, and office. We show one example for each place inside the category.


