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Effective Image Segmentation Technique Based on Deep Learning
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With the recent increase in the burden on workers in the logistics and physical distribution fields, the movement toward the introduction of auto-
mated processes using robots has recently accelerated in various facilities including physical distribution warehouses. To achieve precise understanding
of an object’s type and location, an image segmentation technique that enables the detection and segmentation of each object in an image taken by a
robot-mounted camera is becoming essential.

Toshiba Corporation has developed an effective image segmentation technique called BiSeg based on deep learning. Utilizing a neural network in
order to reduce the amount of calculation, BiSeg can simultaneously implement the following two image segmentation tasks: (1) instance segmenta-
tion to detect and segment each object in an image, and (2) semantic segmentation to classify each pixel in an image into the type of object. This neural
network mainly incorporates two subnetworks that respectively perform these two tasks and can efficiently extract feature quantities from an image.
We have conducted simulation tests using open datasets and confirmed that BiSeg makes it possible to estimate object types and shapes more accu-
rately compared with other techniques.
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Examples of instance segmentation and semantic segmentation tasks
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Comparison of two segmentation tasks
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Network architecture of BiSeg
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Foreground and background likelihoods for each region of interest
(ROI) predicted by instance segmentation subnetwork

728, BiSegZ#& oD FiE LB LMERE, RTITR
T, PAFKFIEOBISegld, FEEDOEVREKRTFEFCISYLD
1.6 RS>+ Ello7z, £7z, MAGFEESMHY 7 2y b —
72T EHOTEAE, mAP@507364.2 % & BiSeg % 3.1
RAVEFEIo7, TS, AV A AT AT —avk
bR UTAY IR T AT = a v BRI ET D
<IVF I 2T FETIX, mMAP@502365.2 % E7: 0, BiSeg
2.1 RA M FE-7, BiSegTld, AV AZALT A
T=vavkvvri4v el AT —var ez
FHTBIET, AVRAYV AT AV T — ar DREEDH
ELiEEZEND,

RIT, ke TavrelAvr—ar o2 L
7%, R®2IIRT, TITE, Mean accuracy (275

48

XYY TAVIRIAYT—3Y

5. YfEEiEE Y T Ry b — VI LB IA B D FEERER T
HlDA

YIRSEIEA Y 7 2y T — 228, WSRO FERER 2 T 2,
Example of semantic segmentation probability predicted by semantic
segmentation subnetwork
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Comparison of performance of instance segmentation using BiSeg
and other techniques
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Comparison of performance of semantic segmentation using BiSeg
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Examples of results of segmentation obtained by BiSeg
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