Unisys TECHNOLOGY REVIEW 58 125 5, SEP. 2015

KIRE 3D T — FREOERHRICH T T

Realize of Real Environment 3D Data Processing

\;I;

#*

B
24

B A AFNOMEREICE Y, ERBEOZMERE TV INVTF—E L TRETLZE
BRI o7, CZOF—F 2 FEREEID F—F LR L LT L. ORI = AL, FE5R
55 3D 7 — & B LIRS 2 720 OFAMIFFE R 1T > T b,

FEBE 3D 77 1L, EREZ LV VT TLOATIGTEA7-0, 7= A b
BEMTHSD., —TF, FEHBEHEID 7T—513, WA ZERPRIELTBY, Thb iy
S A IEHRIIE - v, Zo7e0, EREBI3D 74 2T 5720121, T OHhs
BERODHZFELENVEZIET LI 0T Y BB LT HLEN D 5.

FEBRBE R L VY VT L TN ADOREO— DX RICEHR & =R IC R EEO T 5 AU T
EHZLTHDH. ZITHAIE, FEBRFE3D 77— Y RHIIBIT 53 v T v BakBANELO
7o, ZIRTTHE L ZRTEHEOM B EZFHA L7727 7 u—F 2 HGEEL Tw b, ARICBW»
T, TR L SR O 7= s EZ R, oo 7F—5 A b Al O4
BPEIZDOWTELRET L. T2, WFOT—7 2 MAEDEDHREIC OV THIZESHEH 2 2510F
THINT 5.

ARFZEIC X 0 BEIZE L 728 iZ, IoT % Industry4.0 I2BWTC, 2ty v v 77— %
I L72008MME LT, EEREEHAELRTLEZITVS.

Abstract Owing to the progress of recent device technology, we can get the space information of real envi-
ronment as digital data. We call this data as “real environment 3D data”. Nihon Unisys has been making
research for data processing technology of real environment 3D data.

We can get real environment 3D data, only by sensing the real environment. As a result, we can get this
data at low cost. However real environment 3D data consist of various elements and these elements do not
have unique information which can be used to separate them. Thus we need to establish a contents recog-
nition technology which to take out the meaningful gatherings of elements from data to process the real
environment 3D data.

The one of the feature of the recent device which senses the real environment is that the device can get
both 2D image and 3D point cloud. We validate the approach using both 2D image and 3D point cloud for
establishment of content recognition technology. In this paper, we discuss the effective combination of 2D
image and 3D point cloud based on feature of these data. Moreover, we introduce the research example of
the effective combination of these data.

We believe that our technology plays an important role in processing space sensing data in IoT and

Industry 4.0.
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