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3D perception system of an autonomous robot is one of the most important technologies for
performing tasks in an unknown environment. This paper proposes a real-time 3D object tracking
method based on Growing Neural Gas with Different Topologies (GNG-DT). First of all, we explain a
GNG-DT for learning the topological structures from the 3D point cloud data with multiple properties
such as color and normal vector information. Next, we propose a real-time 3D object tracking method
from the topological structure by utilizing the center of gravity in each cluster. Finally, we show some
experimental results of the proposed method and discuss the effectiveness of the proposed method.
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1 ॹݴ
ۙ೥, ࣗ཯ҠಈϩϘοτ΁ͷظ଴͕ߴ·͓ͬͯΓ, ৔΍ϗݱ֐ࡂ

ςϧ΍පӃʹ͓͚Δ઀٬ͳͲͦͷ༻్͸༷ʑͰ͋Δ. ࣗ཯Ҡಈϩ
Ϙοτʹ͓͍ͯ, ۭؒͷߏ଄Λ೺Ѳͭͭͦ͠ͷҐஔʹؚ·ΕΔಛ
௃ͱͳΔଐੑΛநग़͢Δೳྗ͸, ະ஌ڥ؀ʹ͓͍ͯࣗ཯ϩϘοτ
͕λεΫΛదԠతʹ਱্͍ͯ͘͠ߦͰ, ඞཁෆՄܽͳೳྗͰ͋Δ.
ͦ͜Ͱۭؒతͳߏ଄Λֶश͢Δͱಉ࣌ʹ, ܎ঢ়΍෺ମͷҐஔؔܗ
Λهड़͢ΔͨΊͷϊʔυͱΤοδ͔Βߏ੒͞ΕͨҐ૬ߏ଄Λֶश
͢Δख๏ͱͯ͠, Kohonen͕ఏҊͨࣗ͠ݾ૊৫Խ஍ਤʹͮ͘جख
๏͕ఏҊ͞Ε͍ͯΔ [1]. ͦͷதͰ΋, FritzkeʹΑͬͯఏҊ͞Ε
͍ͯΔ Growing Neural Gas(GNG)͸, ϊʔυΛ௥Ճͭͭ͠, ৑
௕ͳϊʔυ΍ΤοδΛ࡟আ͢ΔΞϧΰϦζϜΛؚΜͰ͓Γ, ະ஌
ͳσʔλ෼෍ʹରͯ͠, ۭؒͷߏ଄Λద੾ʹֶश͢Δ͜ͱ͕Մೳ
ͳख๏ͱͳ͍ͬͯΔ [2, 3]. ͔͠͠ͳ͕ΒɼGNGΛ༻͍ͨ͜ͷΑ
͏ͳڀݚʹ͸ɼະղܾ໰୊͕ଘ͢ࡏΔɽͦͷதͷ 1ͭʹɼෳ਺ͷ
ಛ௃ྔ͔Βߏ੒͞ΕΔೖྗϕΫτϧʹରͯ͠ɼͦΕͧΕͷଐੑ͝
ͱʹ͓͚ΔҐ૬ߏ଄Λಉ࣌ʹֶशͰ͖ͳ͍ͱ͍ͬͨ՝୊͕ଘ͢ࡏ
Δɽྫ͑͹ɼΧϝϥ͔Βऔಘ͞Εͨը૾Λ༻͍ͯ෺ମͷҐஔ৘ใ
ͱ৭৘ใΛ૊Έ߹ΘͤͨೖྗϕΫτϧΛGNGʹΑΓֶशͤͨ͞
৔߹ɼҐஔ৘ใͱ৭৘ใͷ྆ํؚ͕·ΕۭͨؒΛֶशͯ͠͠·͏
ͨΊɼ෺ମͷҐஔΛ೺Ѳ͢ΔͨΊͷҐஔ৘ใʹؔ͢ΔҐ૬ߏ଄Λ
ద੾ʹߏங͢Δ͜ͱ͕Ͱ͖ͳ͍. ͦ͜Ͱ, ઌڀݚߦͰ͸ؔ࿈ॏཁ
౓ͱݺ͹ΕΔॏΈ͖ͭڑ཭Λ༻͍ͨख๏Ͱ͋ΔվྑܕGNG with
Utility (GNG-U II)ΛఏҊ͓ͯ͠Γ [4,5]ɼॏΈΛద੾ʹઃ͢ܭ
Δ͜ͱʹΑͬͯɼҐஔ৘ใͷۙ๣ؔ܎Λద੾ʹߏங͢Δͱಉ࣌ʹ
৭৘ใͷֶशΛ͜͏ߦͱ͕ՄೳͱͳΔɽ͔͠͠ͳ͕Βɼ৽ͨͳଐ
ੑͷಛ௃ϕΫτϧΛ௥Ճ͢Δࡍʹ͸ɼॏΈͷ࠶ઃ͕ܭඞཁͱͳΔɽ
·ͨɼ࠷େ஋͕࣌ʑࠁʑͱมԽ͢ΔΑ͏ͳଐੑͷಛ௃ϕΫτϧʹ
͓͍ͯ͸ਖ਼نԽ͕ࠔ೉Ͱ͋Γɼۭؒߏ଄ͷεέʔϧ͕มԽͨ͠ࡍ
ʹɼଐੑ͝ͱͷεέʔϧʹ߹ΘͤͨॏΈͷઃܭΛͦͷ౎౓͠ͳ͚
Ε͹ͳΒͳ͍ͱ͍ͬͨ໰୊఺͕ଘ͢ࡏΔɽ͞Βʹֶशߏʹޙங͞
ΕͨҐ૬ߏ଄ͷΤοδ෦෼Λ࡟আ͢Δ͜ͱʹΑͬͯҟͳΔΫϥε
λͷੜ੒Λ͏ߦͳͲͷޙॲཧ͕௥Ճ͞Ε͍ͯΔͨΊɼෳ਺ͷଐੑ
͔Βߏ੒͞Ε͍ͯΔಛ௃ϕΫτϧΛಉ࣌ʹֶश͠ଐੑͷ৘ใʹԠ
ͨ͡ΫϥελϦϯάΛΦϯϥΠϯͰ͜͏ߦͱ͸ະͩͰ͖͍ͯͳ
͍. ͦ͜Ͱզʑ͸ෳ਺ͷଐੑ͔Βߏ੒͞ΕΔೖྗϕΫτϧʹର͠

ZW>/��Z�^ϭ

W�

�ĂƚƚĞƌǇ

ŝZŽďŽƚ��ƌĞĂƚĞ�Ϯ

�ǌƵƌĞ�ŬŝŶĞĐƚ

Fig.1 Mobile robot

ͯɼҐஔ৘ใͷۭؒߏ଄Λֶशͭͭ͠ҟͳΔଐੑ͝ͱͷҐ૬ߏ଄
Λߏங͠ɼ֤ଐੑ৘ใʹԠͨ͡ΫϥελϦϯά͕ՄೳͳֶशΞϧ
ΰϦζϜͰ͋ΔGrowing Neural Gas with Different Topologies
(GNG-DT) ΛఏҊ͖ͯͨ͠ [6]ɽຊߘͰ͸, GNG-DT ʹΑͬͯ
औಘͨ͠ΫϥελΛτϥοΩϯά͢Δ͜ͱΛ໨తͱ͢Δ. Ҏ߱ͷ
ষͰ͸ͦͷτϥοΩϯάͷख๏ʹ͍ͭͯड़΂Δ.

2 γεςϜߏ੒
ຊڀݚʹ༻͍ͨϩϘοτͷ֎؍Λ Fig.1 ʹ, γεςϜߏ੒Λ

Fig.2ʹࣔ͢. ϕʔεͱͳΔର޲ೋྠܕͷҠಈߏػ͸ iRobotࣾͷ
iRobot Create2Λ࢖༻͠ɼ੍ޚ PC͸Πϯςϧ R NUCΩοτ
NUC8i5BEHɽϩϘοτ͸ 3ͭͷ֊૚Ͱ࡞੒͞Ε͓ͯΓɽ̍૚໨
ʹόοςϦʔɼ̎૚໨ʹ PCɼ3૚໨ʹ ݾஙͱࣗߏ஍ਤڥ؀ݩ࣍2
ҐஔਪఆͷͨΊͷ Lidarٴͼ ෺ମΛτϥοΩϯά͢ΔͨΊݩ࣍3
ͷRGB-DΧϝϥΛ഑ஔ͍ͯ͠ΔɽLIDARʹ͸ɼSLAMTECࣾ
੡ͷ RPLIDAR S1Λ༻͍͓ͯΓɼ40̼ͷൣғ಺Ͱ ,ݩ࣍2 360
౓ͷεΩϟϯ͕ՄೳͰɼ1ඵؒʹ࠷େ 9200αϯϓϧͷϨʔβଌ
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Fig.2 System configuration

ɽ·ͨɼRGB-DΧϝϥʹ͸ɼMicrosoft͕ࣾ։ൃͯ͠͏ߦΛڑ
͍Δ Azure KinectΛ༻͍Δɽ੍ํޚ๏͸ϑΝδΟ੍ޚΛ༻͍ͯ
͓Γ, ໨త஍௥ै͓Αͼো֐෺ճආΛ͏ߦ [7].

3 Growing Neural Gas

with Different Topologies

ຊڀݚͰ͸ɼGNG-U II ʹ͓͚Δؔ࿈ॏཁ౓Λ༻͍ͨڑ཭ई
౓ͷ֓೦Λ༻͍Ґஔ࠲ඪۭؒͷߏ଄Λอͭͭ࣋͠ɼ֤ଐੑͷҐ૬
ங͢ΔΞϧΰϦζϜͰ͋Δߏ଄Λߏ GNG-DTΛ༻͍Δ [6]ɽͦ
ͷͨΊɼຊষͰ͸ GNG-DT ͷΞϧΰϦζϜʹؔͯ͠આ໌ͯ͠
͍͘ɽ͸͡ΊʹɼGNG-DTʹ͓͍ͯ༻͍Δओͳม਺ͷఆٛΛߦ
͏ɽ·ͣɼଐੑͷू߹Λ S={ Ґஔ৘ใʢposʣ, ৭৘ใʢcolʣ,
ً౓৘ใʢbriʣ, ʜ}ͱ͠ɼೖྗϕΫτϧͱࢀরϕΫτϧΛͦΕ
ͧΕɼv= {vpos,vcol,vbri,ʜ}ɼhi = {hpos

i ,hcol
i ,hbri

i ,ʜ}ͱఆ
ٛ͢Δɽ࣍ʹɼ͋Δଐੑ oʹ͓͚ΔೖྗϕΫτϧͱ i൪໨ͷϊʔ
υͷࢀরϕΫτϧͱͷڑ཭Λ doi ͱ͠ɼҎԼͷΑ͏ʹఆٛ͢Δɽ

doi = ‖vo − ho
i ‖ (1)

·ͨɼ͋Δଐੑ o(∈ S ) ͷΤοδͷू߹Λ Co={co1,2,ʜcoi,j ,ʜ}
ͱఆٛ͢Δ͜ͱʹΑͬͯɼෳ਺ͷଐੑ͝ͱʹҐ૬ߏ଄Λߏஙͯ͠
͍͘ɽ
ҎԼͰ͸ɼશମΞϧΰϦζϜͷৄࡉͳ಺༰ʹؔͯ͠આ໌͢Δɽ

Step0. ॳظԽͱͯ͠ɼೋͭͷϊʔυͷࢀরϕΫτϧ h1 ͱ h2

ΛϥϯμϜʹੜ੒͠ɼ݁߹ؔ܎ co1,2 = 1 (∈ S)ɼΤοδͷ೥ྸ
g1,2=0ͱ͢Δɽ
Step1. ೖྗϕΫτϧ v Λܭଌσʔλ͔ΒϥϯμϜʹ 1 ͭऔಘ
͢Δɽ
Step2. ೖྗϕΫτϧ v ʹର͢Δୈ 1উऀϊʔυ s1 ͱୈ 2উऀ
ϊʔυ s2 Λબ୒͢Δɽ

s1 = arg min
i∈A

dposi (2)

s2 = arg min
i∈A\s1

dposi

͜͜ͰɼA͸ϊʔυ൪߸ͷू߹Λද͢ɽ
Step3. ϊʔυ s1 ʹ͍ͭͯೖྗσʔλ v ͱͷೋ৐ࠩޡΛੵޡࢉ
ࠩ Es1 ʹՃ͢ࢉΔɽ

Es1 ← Es1 + {dposs1 }2 (3)

Step 4. ϊʔυ s1 ͼϊʔυٴ s1 ͱ֤ଐੑʹ͓͚Δ݁߹͕ؔ͋܎
ΔϊʔυͷࢀরϕΫτϧΛߋ৽͢Δɽͨͩ͠ɼη1 ͱ η2 Λֶश܎
਺ͱ͢Δʢη1 > η2ʣɽ

hs1 ← hs1 + η1(v − hs1) (4)

ho
j ← ho

j + η2(v − ho
j ) if cos1,j = 1

Step 5. Τοδͷ೥ྸΛ 0ʹϦηοτ͠ʢgs1,s2=0ʣɼϊʔυ s1
ͱ s2 ͱͷؒʹҐஔ৘ใͷΤοδ͕ଘ͠ࡏͳ͚Ε͹ɼ৽ͨʹҐஔ
৘ใͷΤοδΛ࡞੒͢Δʢcposs1,s2 = 1ʣɽ·ͨɼҐஔ৘ใҎ֎ͷ
ଐੑ o(∈ S\pos)ʹؔ͢ΔΤοδͷ࡞੒͸ɼҎԼͷࣜʹΑͬͯߦ
ΘΕΔɽ

{
cos1,s2 = 1 if ‖ho

s1 − ho
s2‖ < τo

cos1,s2 = 1 otherwise
(5)

͜͜Ͱɼτo ͸ɼ͖͍͠஋Λද͢ɽ
Step6. ϊʔυ s1 ͱҐஔ৘ใͷ݁߹͕ؔ͋܎ΔશͯͷΤοδͷ೥
ྸΛΠϯΫϦϝϯτ͢Δɽ

gs1,j ← gs1,j + 1 if cposs1,j
= 1 (6)

Step7. લʹઃఆͨ͠ᮢ஋ࣄ gmax Λ௒͑Δ೥ྸͷશͯͷଐੑ
o(∈ S)ͷΤοδΛ࡟আ͢Δʢcos1,s2=0ʣɽͦͷ݁ՌɼҐஔ৘ใͷ
ͳ͍ϊʔυ͸ɼͨ࣋Λ܎ؔ߹ɼଞͷϊʔυͱ͍͓݁ͯʹ܎ؔ߹݁
ͦͷϊʔυΛ࡟আ͢Δɽ
Step8. σʔλೖྗ͕ λճ͝ͱʹɼ࣍ͷૢ࡞Λ͏ߦɽ
i. େͷϊʔυ࠷͕ࠩޡࢉੵ uΛબ୒͢Δɽ

u = arg max
i∈A

Ei (7)

ii. ϊʔυ uͱ݁߹ؔ܎ͷ͋ΔϊʔυͷதͰ࠷΋ੵࠩޡࢉͷେ͖
͍ϊʔυΛ f ͱ͠ɼuͱ f Λ݁߹͢ΔΤοδΛ 2෼͢ΔΑ͏ʹ
ϊʔυ r Λૠೖ͢Δɽ

hr = 0.5(hu + hf ) (8)

iii. ϊʔυ u, f ؒͷશͯͷଐੑ o(∈ S)ʹؔ͢ΔΤοδΛ࡟আ͠
ʢcou,f=0ʣɼϊʔυ u, rٴͼ r, f ؒʹҐஔ৘ใͷΤοδΛ௥Ճ͢
Δʢcposu,r=1ɼcposr,f =1ʣɽ·ͨɼҐஔ৘ใҎ֎ͷଐੑ o(∈ S\pos)
ʹؔͯ͠ҎԼͷࣜʹΑΓΤοδͷ௥Ճͷ൑அΛ͏ߦɽ

{
coi,j = 1 if ‖ho

i − ho
j‖ < τo

coi,j = 1 otherwise
(9)

iv. ϊʔυ u, f ͷੵࠩޡࢉΛݮਰ཰ α(0 ≤ α ≤ 1)Λ༻͍ͯҎԼ
ͷࣜʹΑΓߋ৽͢Δɽ

Eu ← Eu − αEu (10)

Ef ← Ef − αEf

v. ϊʔυ u, f ͷੵࠩޡࢉͷฏۉΛϊʔυ r ͷੵࠩޡࢉͱ͢Δɽ

Er = 0.5(Eu + Ef ) (11)

Step9ɽશͯͷϊʔυͷࠩޡΛݮਰ཰ βʢ0 ≤ β ≤ 1ʣʹΑΓݮ
ਰͤ͞Δɽ

Ei ← Ei − βEi (∀i ∈ A) (12)

Step10.ɹऴྃ৚͕݅ຬͨ͞Εͳ͍৔߹͸ Step1ʹ໭Δɽ

GNG-DTͰ͸ɼҐ૬ߏ଄ͷߏங࣌ʹෳ਺ଐੑͷҐ૬ߏ଄Λஞ
৽͢Δ͜ͱʹΑͬͯɼҟͳΔଐੑͰͷσʔλͷΫϥελߋʹత࣍
Ϧϯά͕ΦϯϥΠϯֶशͷ࿮૊ΈͷதͰՄೳͱͳ͍ͬͯΔɽ

4 ର৅෺ͷτϥοΩϯάख๏
ຊڀݚʹ͓͚Δର৅෺ͷτϥοΩϯάͰ͸ɼҐ૬ߏ଄ͷॏ৺

Λར༻ͯ͠ର৅෺ͷτϥοΩϯάΛ͏ߦɽ Fig.3ʹख๏ͷུ֓ਤ
Λࣔ͢. ࠁ࣌ t Ͱͷ͋ΔΫϥελ cli(i=1,2,...) ͷ֤ଐੑͷॏ৺
vgi,t = {vpos

gi,t
, vcol

gi,t, v
nor
gi,t } ࠁ࣌ͷ͕࣍ t+1ͷͲͷҐ૬ߏ଄ͷ

ॏ৺ʹ͍͔ۙΛ͠ࢉܭ, ଄Λಉ͡ϥϕϧʹ͢Δͱߏ΋͍ۙҐ૬࠷
͍͏ख๏Ͱ͋Δ. ,ճ͸๏ઢ৘ใࠓ Ґஔ৘ใ, ৭৘ใͷ 3 ͭͷଐ
ੑʹ͍ͭͯௐ΂ͨͷͰͦͷΞϧΰϦζϜΛ͢ࡌهΔ.
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Fig.3 Tracking the center of gravity of the position of the

topological structure

Step0. ๏ઢ৘ใʹ͍ͭͯ, ࠁ࣌ tͱ t+1ͷΫϥελॏ৺ͷ֯
౓Λൺֱ͢Δ. ͜͜Ͱ͸๏ઢΛਖ਼نԽͨ͠ޙ, ͦΕΒͷ಺ੵΛऔ
Δ͜ͱͰ࠷΋େ͖͍஋ΛऔΔΫϥελॏ৺Λ୳͠ࡧ, ൑அ͢Δ.

cos θj =
|vnor

g,i · vnor
g,j |

|vnor
g,i − vnor

g,j | (13)

Step1. Εͨ͞ࢉܭ cos θ ͕ maxnor Ҏ্Ͱ͋Ε͹ͦͷ࣌ͷ൪
߸Λอଘ͢Δ. ҟͳΔ৔߹͸ step0ʹ໭Δ.

N1 = j if cos θ > maxnor (14)

(15)

Step2. อଘͨ͠Ϋϥελͷ൪߸͔Β࠷খͷ 2৐ڑ཭Λͭ࣋Ϋϥ
ελॏ৺Λબ୒͢Δ.

dcolj = ‖vcol
g,n1
− vcol

g,j‖
2

(16)

Step3. dcol ͕ mincol ະຬͷ࣌, Ϋϥελ൪߸ N1 Λอଘ͢Δ.
͜͜Ͱ৚݅Λຬͨ͞ͳ͔ͬͨ৔߹͸ step0ʹ໭Δ. step3ʹ͓͚
Δ N1 ͸ࠁ࣌ tʹ͓͚Δ൪߸ iͷΫϥελ൪߸ʹෳ਺ͷଐੑʹ͓
.΋͍ۙΫϥελͱͳΔ࠷͍ͯ
Step4. อଘͨ͠Ϋϥελͷ൪߸͔Β࠷খͷ 2৐ڑ཭Λͭ࣋Ϋϥ
ελॏ৺Λબ୒͢Δ.

dpos = min
j∈A
‖vpos

g,i − vpos
g,j ‖

2 (17)

Step5. dpos ͕ minpos ະຬͷ࣌ͷΫϥελ൪߸ N1 Λอଘ͢
Δ. ৚݅Λຬͨ͞ͳ͔ͬͨ৔߹͸ step0ʹ໭Δ.
Ҏ্ͷϓϩηεΛͯܦҐஔ, ৭, ๏ઢʹ͍ͭͯ৚݅Λຬͨͨ͠Ϋ
ϥελॏ৺Λબ୒Ͱ͖Δ.

5 ࡯ߟՌ͓Αͼ݁ݧ࣮
ຊ࣮ݧ͸੩తͳσʔλ͓Αͼಈతͳσʔλʹର࣮ͯ͠ݧΛ͏ߦ

͜ͱʹΑͬͯɼఏҊख๏ͷτϥοΩϯάʹؔ͢Δ༗ޮੑΛ͠ূݕ
͍ͯ͘.

5.1 ੩తͳσʔλʹରͯ͠
੩తͳσʔλͷը૾Λ Fig.4(a) ʹࣔ͢. ຊ࣮ݧͰ͸ɼτϥο

ΩϯάΛ͏ߦର৅ͱͯ͠ശ, ͷ؈ 2ͭͷ෺ମΛ༻ҙ͍ͯ͠Δ. ͜
ͷσʔλʹରͯ͠ɼGNG-DTΛద༻͠ɼ500ΤϙοΫͷঢ়ଶΛ
Fig.4(b)ʹࣔ͢. ຊ࣮ݧͰ͸ɼ৭৘ใͱ๏ઢ৘ใʹΑΔҐ૬ߏ଄
ʹΑΓΫϥελϦϯάΛ͓ͯͬߦΓɼ๏ઢ৘ใ͕͋ΔͨΊ, น͸
2ͭʹΫϥελϦϯά͞Ε͍ͯΔ͕, ཰͕͋Γ๏ઢϕΫτۂ͸؈
ϧ͕ҰఆͰ͸ͳ͍ͨΊҰͭͷର৅ͱͯ͠ΫϥελϦϯά͞Ε͍ͯ
ͳ͍.
͜ͷ࣮ݧʹ͓͍ͯ৭ͷมԽ͸Ϋϥελ൪߸ͷมԽΛࣔͨ͢Ί,

৭͕มԽ͢ΔͱτϥοΩϯάʹࣦഊ͍ͯ͠ΔࣄΛҙຯ͢Δ. ॳ࠷
͸৭͕େ͖͘มಈ͠, τϥοΩϯάग़དྷ͍ͯͳ͍͕, ΤϙοΫ਺
্͕͕Γ, ঃʑʹϊʔυͷີ౓͕҆ఆ͢Δͱ, ৭ͷมԽ͕͔ͳΓ
཈͑ΒΕͨ. ͦΕͧΕͷΫϥελʹ͓͚Δ, 3ͭͷଐੑͷॏ৺ࠩ
ͷมಈΛ࣍ͷ Fig.5ʹ, ͦͷதͰ΋Ϋϥελ 3ͷ 1000ΤϙοΫ

;ĂͿ ;ďͿ

Fig.4 Input data. (a) Original 3D point cloud data. (b)

Result of GNG-DT.
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Fig.5 Experimental results of the static data. (a) Num-

ber of Nodes, (b) Distance of Center of Gravity

(COG) about position, (c)Distance of COG about

color, (d)Distance of COG about normal.

·ͰͷσʔλΛ Fig.6, 7, 8ʹࣔ͢. ͜ΕΒͷΫϥελΛબ୒͢Δ
৚݅͸ʮ1000ΤϙοΫ਺·ͰʹΫϥελΛߏ੒͢Δϊʔυͷ਺
͕ 1౓Ͱ΋Ϋϥελʹؚ·ΕΔϊʔυ਺͕ 20Ҏ্ͱͳͬͨΫϥ
ελʯͱͨ͠. ͭ·Γ Fig.5͸৚݅Λຬͨͨ͠ 3ͭͷΫϥελͷ
άϥϑͱͳΔ. Fig.5 Ͱ͸ 100 ΤϙοΫ·ͰͷάϥϑͰ͋Γ, ͜
ΕΒΛݟΔͱ͓͓Αͦ 250 ΤϙοΫ·Ͱ͸ Fig.Fig.6, 7, 8 ͷΑ
͏ʹͳ͍ͬͯͨ. ͜Ε͸ϊʔυͷ਺͕҆ఆͤͣ, ॏ৺Ґஔ͕େ͖
͘มಈ͢Δ͜ͱ͕ݪҼͱ͑ߟΔ. 250ΤϙοΫҎ߱, ͦΕͧΕͷ
ଐੑʹ͓͚Δॏ৺ͷࠩ͸ঃʑʹ҆ఆ͍ͯ͠Δ͕, ϊʔυ਺ͷ૿Ճ
͕҆ఆ࢝͠ΊΔͷ͸ΤϙοΫ਺͕ 1300Ҏ߱Ͱ͋Δ. ͜Ε͸ࠓճ
ͷ 3ͭͷର৅෺ΛτϥοΩϯά͢Δͷʹඞཁͳϊʔυ਺͕ඞཁҎ
্Ͱ͔͋ͬͨΒͱ͑ߟΔ. ·ͨ, ྫ͑͹ Fig.8Ͱ͸໿ 60ΤϙοΫ
͔Β 90 ΤϙοΫͷؒͰҰ౓҆ఆ͍ͯ͠Δ͕, ͔ͦ͜ΒҰؾʹ஋
.গ͍ͯ͠Δݮ͕ ͜Ε͸ Fig.5ͷ (a)ͰΫϥελ൪߸ 3ͷٸͳ্
ঢʹΑΔ΋ͷͱ͑ߟΒΕΔ. ͜ͷ͜ͱ͔Β΋, ϊʔυ਺ͷมಈ͸
ॏ৺ҐஔʹӨ͢ڹΔ͜ͱ͕෼͔Δ. ɹ

5.2 ಈతͳσʔλʹରͯ͠
ಈతͳσʔλͷڥ؀Λ Fig.9 (a)ʹ, ͦͷڥ؀ԼͰೖྗσʔλ

Λऔಘͨ͠ਤΛ Fig.9 (b)ʹࣔ͢. ओʹ 2ͭͷஈϘʔϧͱ 1ͭͷ
ശΛ༻ҙ͠, ͦΕͧΕͷର৅෺͓Αͼ஍໘ʹରͯ͠ΫϥελϦϯ
άΛͨͬߦ. ݁Ռ͸ Fig.10ͷΑ͏ʹೋͭ͋ΔஈϘʔϧͷ಺, ӈଆ
ͷஈϘʔϧͷΫϥελͷ৭͸ (a)ͷ࣮ݧ։࢝ 3ඵޙ, (b)ͷ։࢝ 5
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Fig.6 Distance of Center of gravity of position

No. 21-2 Proceedings of the 2021 JSME Conference on Robotics and Mechatronics, online, June 6-8, 2021

2A1-H08(3)



�ŝ
Ɛƚ
ĂŶ

ĐĞ
�Ž
Ĩ��

ĞŶ
ƚĞ
ƌ�Ž

Ĩ�
Őƌ
Ăǀ
ŝƚǇ

�Ž
Ĩ�Ɖ

ŽƐ
ŝƚŝ
ŽŶ

�΀ŵ
ŵ
΁

EƵŵďĞƌ�ŽĨ�ĞƉŽĐŚƐ΀΁

Fig.7 Distance of Center of gravity of color
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Fig.8 Distance of Center of gravity of normal

ඵޙͰҟͳ͓ͬͯΓ, τϥοΩϯάͰ͖ͳ͔ͬͨ. ओͳݪҼ͸ಈ͘
͜ͱʹΑΔΫϥελΛߏ੒͢Δϊʔυ਺ͷมಈ͕͑ߟΒΕΔ. ຊ
,Ͱ͸ઌ΄Ͳͱ͸ҟͳΓݧ࣮ 1000ΤϙοΫ਺·Ͱʹಉ͡Ϋϥελ
಺ʹ 1౓Ͱ΋ 20Ҏ্ͷϊʔυ਺Λͨͬ࣋Ϋϥελσʔλ͕͋·
Γʹ΋ଟ͘ଘͨ͠ࡏ. ͜Ε͸Ұ౓෇͚ΒΕͨΫϥελͷ൪߸͕Կ
౓΋ೖΕସΘͬͨݪ͕ࣄҼͱ͑ߟΔ. Fig.11, 12ΑΓ, ॲཧ଎౓
ʹ͍ͭͯ͸ϊʔυ਺͓ΑͼΫϥελ਺ͷ্Լ͕͋ͬͯ΋ 25[msec]
ʹ཈͑Δ͜ͱ͕Ͱ͖ͨ. ͜ͷΑ͏ʹಈతڥ؀ʹ͓͍ͯॏ৺Λͬ࢖
ͨख๏͸ద༻͕೉͍͜͠ͱ͔ΒτϥοΩϯάख๏ͷվળ͕ඞཁͱ
ͳΔͱ͑ߟΒΕΔ.

6 ݴ݁
ຊڀݚͰ͸, ର৅෺ͷτϥοΩϯάΛ໨ͨ͠ࢦ. ΫϥελͷҐ

ஔ, ৭, ๏ઢͷॏ৺Λ༻͍ͨख๏Λ༻͍͕ͨ, ݁Ռͱͯ͠੩తͳ
σʔλͷΈରԠͰ͖ͨ. ಈతڥ؀Ͱ͸ϊʔυ਺ͷ্Լ͕͋Δͷʹ
Ճ͑ͯ, ॏ৺ͦͷ΋ͷ͕ಈͨ͘Ί, τϥοΩϯάग़དྷͳ͔ͬͨ. ࠓ
,ͷํ਑ͱͯ͠͸ॏ৺ͱॏ৺ͷൺֱͰ͸ͳ͘ޙ ॏ৺ͱͦͷपΓͷ
ϊʔυͱͷൺֱ͔Β࠷΋͍ۙϊʔυΛબ୒͢Δ͜ͱͰ, ॏ৺ʹΑ
ΔӨڹΛ࠷খݶʹ཈͍͑ͨ.
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Fig.9 An example of the experimental data.

(a)Experimental environment. (b)3D point

cloud data
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Fig.10 Experimental results for each time. (a)3 [s], (b)5

[s]
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Fig.12 Clustering speed
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