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Abstract For intelligent robots, it’s an important and challenging ability to understand environment
correctly, and so, scene understanding becomes a key problem in robotics community. In the future,
more and more families will have service robots living with them. Family robots need to sense and
understand surrounding environment reliably in an autonomous way, depending on their on-board
sensors and scene understanding algorithms. Specifically, a running robot has to recognize various
objects and the relations between them to autonomously implement tasks and perform intelligent man-
robot interaction. Usually, RGB-D(RGB depth) visual sensors commonly used by robots to capture
color and depth information have limited field of view. and so it is often difficult to directly get the
single image of the whole scene in large-scale indoor spaces. Fortunately, robots can move to different
locations and get more RGB-D images from multiple perspectives which can cover the whole scene in
total. In this situation, we propose an indoor scene understanding algorithm based on information
fusion of multi-view RGB-D images. This algorithm detects objects and extracts object relationship on
single RGB-D image, then detects instance-level objects on multiple RGB-D image frames, and
constructs object relation oriented topological map as the model of the whole scene. By dividing the
RGB-D images into cells, then extracting color histogram features from the cells, we manage to find
and associate the same objects in different frames using the object instance detection algorithm based
on the longest common subsequence, overcoming the adverse influence on image fusion caused by
RGB-D camera’s viewpoint changes. Finally, the experimental results on the NYUv2 dataset

demonstrate the effectiveness of the proposed algorithm.
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Fig. 1 The flow diagram of our algorithm
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Number 1, 2, 3 represent corresponding cells.

Fig. 2 The correspondence of some cells
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Table 1 Statistics of Scene Fragments
x1 SHEBER

Number of Image Frames

Numb fS S
Included in the Scene Hmber of seenes

1 248
2 118
3 130
4 69
5 30
6 9
7 2
8 1
14 1
27 1
33 1
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Fig. 3 The relationship between objects
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KICHL

4 XBEREHHN
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ASCEFHAE NYUv2 £ 5 i B Mask R-
CNIN TR Ay 00 L v ) 4 . 32 52 36 v, 4k 208 ) B
A 21 25 N4k EME 832 5k X EE 617 k. 3% 2 &
TR T A I S 56 B

Table 2 Results of Object Detection
2 MHERNERRET

Number of

Classes Precision Recall Labeled Classes
Mantel 0 0 14
Counter 0.2923 0.1809 105
Toilet 0.6176 0.6176 34
Sink 0.4912 0.5957 47
Bathtub 0.2500 0.1052 19
Bed 0.6612 0.5747 214
Headboard 0.2459 0.2777 54
Table 0.409 2 0.2740 354
Shelf 0.5581 0.1237 194
Cabinet 0.296 8 0.3693 463
Sofa 0.4353 0.6158 164
Chair 0.3708 0.667 8 557
Chest 0 0 181
Refrigerator 0 0 29
Oven 0.419 3 0.5909 22
Microwave 0.5238 0.5238 21
Blinds 0.3794 0.4890 182
Curtain 0.3835 0.2692 104
Board 0 0 65
Monitor 0.2841 0.584 2 89
Printer 0.1600 0.1739 23
Total 0.3807 0.3986 2935

VT FC i 557 (G2 S ORB-Match) 1 55 9 46 1 &R Jé
AR SR BT RO TE AR AS Dyt BT AN [ T £ ot
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SRR o GE AR AR XS R B ORB AR AE DG 2 A5 AY
Bkt R 75 ) — W PR S 1) AR SO DE e i R
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3B TARFE MR AE A 3% 3 AT I
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RESE L S8 R IR XA O RN R
{19 728 P i 417 A 14 52 T HL A B 4 4 A 1

Table 3 Results on Positive-Negative Samples

®3 EORBAEXR

Algorithm Precision Recall
SimColor 0.54 0.47
ORB-Match 0.67 0.51
Ours 0.94 0.95

552 ASE X NYUv2 Bodls 4 b i 58 A~ 5
FBOGHAT AR TS 8 A R Botl S LR
Ivil A1 0 B, AL 379 X AR S %t 36 4 SRR R
[F) B35 A 0 &5 SR B Mg B R 5 1 el S JF i F-
Score XI5 i % 5 4 1 R #4725 PEAl . F-Score J2
1 B0 2 (precision, P) A1 [ 2 (recall, R) B fNAL
PEFNSF- 35, 5 IR VP AL 2 R B AP IR B R
_(3*+1DXPXR

Fom—5xptr ®
Hrpo=1.
Table 4 Results on NYUv2
x4 ZEEEXR
Algorithm Precision Recall F-Score
SimColor 0.13 0.35 0.1895
ORB-Match 0.37 0.52 0.4323
Ours 0.58 0.72 0.6424
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it 2.3 5.6 BN T AT 5L 72, Hod Monitor] _
added AR T M AR5 b iy SR & S 1, 1
Monitorl_f2 {85 2 it EAZ b 1Y /s 2% S 6 1.
5,6 LA X AR SR T A iR T A
HA 3 iR 00 2 4 37 5 i B 5 (K]0 AR

TEFR 7L 1 WIEMRA 4 DY AR s k.
H TR RN E R AR S Ry s, Bt 4 A7 6
B m 2 e R Bl b Al 3.3 95 i iR 1y Oy i A
Witk 7R % 2 FIFTERHL 1 2 AHSR I R, BoR e 2 fl
FTERHL 1 Z 18] JH G ) M 46 3% 4.

TESS 2 WIER 4 AW R I ), b R
AR FFTENHLE 2t B, IR e 4 26 2 19 38 3R 1 i 1A
S A 00 SR L A I 2 ) AR B AR RPN R 5
AL 2P B RS SE R EANERES
S 1 DU R B, HOR T A 0.55, B LAA R & 2
ot [ 5 b B R 2% O & R g8 SE 1, FTERHLSE
18] 118 ) 1) o 2SR B 3.3 YT R R A 1 O vk A W
FIEPFL L AL TR F 1 B R DATEIAL 1 fiE + 1 2
(i) et FH A ) S 2 3% 422 i Sk B AT ERAILAR 1) 52 1, R

S AT 04 W T o8 ) R 2 L 5 3 TR R il
MR AR 2%k 6.

Table 5 Multi-Frame Fusion Process Step 1
x5 sUMEIE-FE1S

Similarity
Object in Scene
Monitorl_f{2 Printerl_{2
Monitorl_added 0.57
Monitor2 added 0.41

Printerl_added

Table 6 Multi-Frame Fusion Process Step 2
6 ZmMEIRE-F25

Similarity
Object in Scene
Monitorl_f3 Chairl_f3 Chair2_f3
Monitorl _added 0.81
Monitor2_added 0.38
Chairl_added 0.77 0.40

Table 7 Result of Scene Understanding and Map Building
x7 HEERSREER

Phase The First Frame The Second Frame The Third Frame
Monitor
0.990
Cabifictl : Monitor 0.992
. |
Object o
Detection

Object-relation Map

|« " Monitor2

Printerl

Monitor]

of Single Frames

Printer1 \v Chairl

,.\ Chairl

P
,»” Monitor2 >«
.

Chair2

Tablel Monitor2

@ o

Printer1

----- ‘. Monitor2 ‘ Monitor2
) ’ D
p P
, L.
: -
;

-7 Monitor2 5
Object-relation Map A e
of Scene - bitiet I Monitor1 Monitorl
Printerl O Monitor1 . v .
Chairl Tablel Chairl Tablel Chair2
Notes: “------ ” represents the close-to relation and “———" represents on-top-of relation from object A to object B if object A is on the

top of object B.
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