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Abstract Recently, 3D object pose estimation is being focused. The parametric eigenspace method is known as
one of the fundamental methods. It represents the appearance change of an object caused by pose change with a
manifold embedded in a low-dimentional subspace. It obtains features by PCA, which maximizes the appearance
variation. However, there is not always a correlation between pose change and appearance change. So, there is a
problem that the method cannot handle a pose change with a slight appearance change. In this report, we introduce
deep manifold embedding which maximizes the pose variation. We construct a manifold from features extracted from
Deep Convolutional Neural Networks (DCNNs) trained with pose information. Pose estimation with the proposed
method achieved the best accuracy in experiments using a public dataset.
Key words 3D object, pose estimation, manifold, deep learning — 1 —
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1.

иЧЎГυ Σ╫Ỗ Ϝ ᶦ ς ϗλλΘϣʻ╫

Ỗ ςΠΚνʺ ╫ᾛ ξυ υПЎϸоϻΣиЧЎГυ

ςϠκνꜙ ᴝάϤνΚϣʻữ ξφΪυṨ υ

ϐυ ᵩϪ ◗ήʺכḓẻςΠΨϣꜙ ПЎϸоϻ υᵩ

Ϫ οήζAmazon Picking Challenge [1]οΚΜϾоХБϮ
ЂвоΣᵩℓάϤζʻϖζʺ ᶦ ςΠΚνϚʺ ◑‮ ᴝ

υ ς Μᵐ῎ʼ ♃ʺᴨⱥ υ υὺ Ρϡʺ

ᶦ◘יϪ οήζиЧЎГΣᵩ άϤνΚϣ [2]ʻ ο

ϚʺиЧЎГΣ Ϫ ϘΪοΣẴ υᴽ ξΘϢʺ Ϫ

ϘζϙυṨ ΣẎϙϡϤνΚϣʻиЧЎГΣ Ϫ Ϙςφʺ

Ϫ ϙϣ ῡϪ ϣζϙςʺ υ 3ⱱᾓ◐ Ϫ

‚ρΜ ΣΘϣʻ

ϖζʺиЧЎГς ∂ΰϣІоЀοήν 3ⱱᾓОЃвоІо
ЀρπΣ–ΞϡϤϣΣʺᴡᶈΣΣЅϯЀʺΚ‮ ΤΚʺ▬ ḓ

ẻϜВ˒Њאל ᴤ ρ Σᾠ ʺϸЮеСз˒Ђво

Σ ╙ρπʺכ υᴽ Ϛ ΚʻΪυζϙʺ3ⱱᾓОЃво
ІоЀξφρΦ υ Ḳ϶ЬдΡϡυ υ 3ⱱᾓ◐
Ṩ ΣẎϙϡϤνΚϣʻ

Ḳ϶ЬдΡϡυ υ 3 ⱱᾓ◐ ︡ οήνʺᵓṏ

ЭВжςḿμΦ︡ [3]οБоТз˒ГЩЎЌоϻςḿμΦ︡
[4]ΣΘϣʻ ξφʺΘϡΡίϙᵈזּ Ρϡ ϡϤϣ

οδϤς ᴀΰϣ◐ Ϫᶋ ήνΠΤʺδϤϡυḧἮϪ ὑ

ρ︡ Ϫ Κνᶖ ήʺᵓṏЭВжϪ ΰϣʻ ᵈ ςφ

ᵓṏЭВжϪ ήʺ◐ Ϫ‚ρΜʻήΡήʺ◐ ᴝς

φ ṋ ΣΘϢʺΪϤϪ– ήνᵓṏЭВжϪᶖ ήρΨϤχʺ

Σ ᴜήνήϖΜʻ

δϤς ήνῄּזφʺΘϡΡίϙ Ϫ ˏρᶏ Ρϡ

╔ְήζ υᵈ ουБоТз˒ГЩЎЌоϻϪ‚ρΚʺ℗

Ϛ ⱦήζᵈ Σ ᴀΰϣ◐ Ϫʺ Ὡᴬοήν ΰϣʻ

ᶖ Ϫ οήρΚζϙʺ◐ ᴝυ ṋ υְỏϪ ΨςΦ

ΚʻήΡήʺ ρ◐ ᴝς ᴀΰϣζϙςʺ ρ

υБоТз˒ГϪṚᴑήνΠΦ ΣΘϣʻ

Ϊυ ς ήʺMurase ϡφʺ3ⱱᾓ◐ ᴝςϠϣ 2ⱱ
ᾓᵈ ξυᾉΞυ ᴝϪʺֿפ ςϠκν ήζ ⱱ

ᾓἉḥςΠΨϣ ξ ᾛΰϣМдЬГеЎϺᾥ Ἁḥ Ϫ

әήζ [4]ʻ   ς ΚζБоТз˒Гυὅ Ϫϸа˒

ОЎϺЄТдϯо ξ ḥΰϣΪοξ υ◐ ςϚ ᴀξΤ

ϣζϙʺṚᴑήνΠΦϑΤБоТз˒ГϪᾘϡΰΪοΣξΤϣʻ

ήΡήʺֿפ ςϠϣ   ξφᵈ υᾉΞς

ΰϣζϙʺ 1υϠΜς◐ ᴝ Σ ίηοήνϚᾉΞ

ΣⱦνΚϣ ‴ςʺ ⱱᾓἉḥ ξϓϔ ӿυ ςַא άϤν

ήϖΜ ‴ΣΘϣʻδυ ◑Ϫ 2ς⸗ΰʻΪυϠΜρ
ξφữΚ ςַא άϤϣ◐ Ϫ ΰϣΪοΣ₇ ρζϙʺ◐

Σ ᴜΰϣΪοΣ–ΞϡϤϣʻΪϤφʺֿפ

φᵈ υᾉΞϪ– ήζể◔ρήᶖ ξΘϢʺ◐ υ

ςλΚν– ήνΚρΚΪοΣᾔԋξΘϣʻ

δΪξᵆˏφʺ◐ υ ς ήζ ςϠϣ

  ︡ Ϫ әΰϣʻ◐ Ϫể◔ ″οήνᶖ ήζ Deep
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3 ᶖ ςϠϣ  

Convolutional Neural Networkɣ DCNN [l5]υ ḥ Ρϡ ◐̋

υ ΣΚ‮ Ϫ ΰϣʻΪυ Ϫ Κν

Ϫ  ΰϣʻδυ ◑Ϫ 3ς⸗ΰʻDCNNφᶖ ᵁ ςΠ

Κνꜟ ς ήζ Ϫꜙ ςᶋ ΰϣΪοΣξΤʺӿ

ꜟϜЂ˒о ꜟρπ ˏρФоЌЩ˒ϺξΚ‮ Ϫ⸗

ήνΚϣ [6]ʻδυζϙʺ 1ς⸗ΰϠΜςʺᵈ υᾉΞυ

╧Ϫ℗ ᴝΰϣể◔ρήᶖ ξΘϣֿפ ξφỶ ξΤ

ρΚᾉΞυ ᴝΣ άΚ◐ υӶΚξΘκνϚʺ◐ Ϫể◔

″οήνể◔ΘϢᶖ Ϫ‚κζ DCNNϪ Κν ήζ◐

υ υΚ‮ Ϫ ΚϣΪοξỶ ΰϣΪοΣξΤϣʻ

ӝᴜʺ2 ξ ςḿμΦ◐ υᵳ ςλΚν ϑʺ3
ξ ә︡ ςλΚν ϑϣʻ4 ξ ә︡ υ ῝ ςλΚ

ν ₮ήζכᾑοὩᴬςλΚν ϑʺ–╒ϪᴣΞϣʻ℗ῄς 5̋
ξϖοϙο₆ῄυᴽ ςλΚν ϑϣʻ

2.

  ςḿμΦ◐ ︡ Ϫ 4ς⸗ΰʻ
ςḿμΦ◐ Ϫ‚ρΜςφʺϖαֿפ ςϠϢ

υ◐ ᴝϪ Ἁḥ ξ ᾛΰϣ Ϫ  ΰϣʻ◐

ςφ ᵈ Ϫ υ ∑ΰϣ Ἁḥϐַא ήʺ

υ℗ϚữΚ 1 Σ⸗ΰ◐ Ϫ Ὡᴬοήν ΰϣʻ

ΪΪξʺֿפ φᵈ υᾉΞϪ– ήζể◔ρήᶖ

ξΘϣζϙʺᾉΞυ ᴝΣ άΚ◐ υӶΚϪỶ ΰϣΪο
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�Ø
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4   ςḿμΦ◐ ︡

5 ◐ Ϫể◔ ″οήζ

DCNN υᶖ ︡

6 ᶖ ⅝ϗ DCNN Ρϡυ
︡

Σ₇ ξΘϣʻδΪξʺ   ς◐ Ϫể◔ ″οήζể

◔ΘϢᶖ ︡ Ϫ ΚϣΪοΣ–ΞϡϤϣʻ

δυ ξʺᵆˏφ ᶖ ςϠϣ ς ήζʻ

ᶖ οφṎᵡᶖ ︡ υ 1λξΘϢʺ Ρϡꜟ ϖξϪ

ӿḢήνᶖ ξΤϣ︡ ξΘϣʻΪϤςϠϢᶖ άϤϣ

φ ︡ξ ὑάϤζ ο ᶑήνΚ‮ ᾛ Ϫⱬθʺ

υꜟ Ḿυᶖ ςΠΚνϚ ῝ξΘϣΪοΣ ϡϤνΚϣ [7]ʻ
ϖζʺ υהḅυ ꜟυϠΜρʺ ︡ςϠϣ ὑΣ ή

Κ ςΠΚνϚʺ ᶖ ςϠϢ άϤζ φΚ‮

Ϫ⸗ΰ [8]ʻΪυΪοΡϡʺ◐ Ϫể◔ ″οήνᶖ ήζ

ᶖ ЭВжϪ ΚϣΪοξʺ◐ υ υΚ‮ Σ

ξΤϣο–ΞϡϤϣʻδήνʺδυ Ϫ Κν  ήζ

ρϡχʺֿפ ςϠϣ ξφ ᴀξΤρΚᾉΞυ

ᴝΣ άΚ◐ υӶΚϪỶ ΰϣΪοΣξΤϣʻ

ᶖ Ϫ Κζ   Ϫ‚ρΜζϙςφʺϖα ᶖ

ЭВжυ 1λξΘϣ DCNNυᶖ Ϫ‚Μʻᶖ ЀоТжς

φʺ Ϫ Өυᵓ ꞈς κνʺӿ υᶏ Ϋος

ᵓ άβζᵈ Ϫ ΚϣʻΪΪξʺ 5ς⸗ΰϠΜςʺể◔
″οήνᶄ υ◐ Ϫ ΞϣʻΪϤςϠϢʺ◐ υ ς

ήζᶖ Σ‚ϧϤϣʻδήν ᶖ̋ ήζDCNNϪ Κν

Ϫ‚Μʻ 6ςδυ ︡ Ϫ⸗ΰʻᶖ ήζ DCNN
ς υᶖ ЀоТжϪ№ϊ ήʺ ḥ υ Ϫ
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7 PoseNetC ЭВжυᵳ

�Ø

8 PoseNetR ЭВжυᵳ

�Ø

�Ø

9 TriNetR ЭВжυᵳ

οήν ΰϣʻΪυϠΜς ήζ ς ήʺМ

дЬГеЎϺᾥ Ἁḥ ο ς ḥ Ϫ‚ρΚʺ Ϫ

  ΰϣʻ

3. DCNN

◐ υ ΣΚ‮ Ϫ ΰϣζϙςʺ◐ Ϫể◔ ″

οήν DCNNϪᶖ ΰϣʻδυ∆ʺể◔ ″υ Ξ υӮρ

ϣӝᴜυ 3λυЭВжϪ әΰϣʻ

• PoseNetCʽ ◐ Ϫể◔ ″οήζ ЭВжʻ

• PoseNetRʽ ◐ Ϫể◔ ″οήζᵓṏЭВжʻ

• TriNetRʽ◐ υ 3 ᶏḧ Ϫể◔ ″οήζᵓṏЭ

Вжʻ

3. 1 PoseNetC
PoseNetCοφ ◐ Ϫể◔ ″οήζ ЭВжξΘϣʻ

ΪυЭВжξφʺ◐ Ϫ ╧ᴝήʺ◐ ϪϺдЄ

οήν ꜞᴝΰϣʻ

7ςЭВжυᵳ Ϫ⸗ΰʻ νυ ξδυ ςϠϡαʺ

◐ Ϫể◔ ″οήνᶖ Ϫ‚ρΜʻλϖϢʺ◐ θ Ϫ ╧ᴝ

ήʺ ᴀΰϣϺдЄυϗϪ 1ʺδϤӝᵮϪ 0οήζᶖ Ϫ‚ρ

ΜʻδυζϙʺOutput layerυ Unit φᶖ ς Κζ◐ υ

ηΨ ∑ΰϣʻ῍₭ḧ ςφῒ₭ϳоГиП˒Ϫ Κϣʻ

ΪυϠΜςᶖ Ϫ‚ρΜΪοξʺ Ἁḥ ξ ӿϺдЄς

ΰϣ◐ ΣδϤεϤӮρϣ 1 ς ΰϣϠΜρᶖ Σ‚ρ

— 3 —- 27 -



10 COIL-20 В˒ЊІЎГ υ

11 ◐ ᴝυ

ϧϤϣο–ΞϡϤϣʻΪϤςϠϢʺ ︡ ςΠΚνᾉΞΣⱦ

νΚϣζϙʺ Ἁḥ ξϓϔ ӿυ ς ∑ήνΚζϚυΣ

άϤϣϠΜρ῝ᴬΣ ϡϤϣοᾉ₃ϖϤϣʻ

3. 2 PoseNetR
PoseNetRοφ ◐ Ϫể◔ ″οήζᵓṏЭВжξΘϣʻ

8ςЭВжυᵳ Ϫ⸗ΰʻPoseNetCο ςʺ νυ

ξʺδυ◐ Ϫể◔ ″οήνᶖ Ϫ‚ρΜʻήΡήΪθϡ

φᵓṏЭВжξΘϢʺ◐ θ Ϫ οήνӊΜʻδυζϙʺ

Output layerυ Unit φ 1λξΘϣʻ῍₭ḧ ςφ 2 ῍₭

Ϫ Κϣʻ

ρΠʺΪυЭВжφ◐ υ ṋ Ϫ– ήνΚρΚζϙʺ

ς 0 ữςΠΚνʺ῍₭Σ ς ΤΦρϣ ‴Σ–ΞϡϤ

ϣʻ Ξχʺ0 υ◐ Ϫ 355 ο ήζ ςφ∆כʺ‴ 5
υ῍₭ξΘϣΣʺ355 υ῍₭οήνᶖ ήνήϖΜʻ

3. 3 TriNetR
TriNetRοφ◐ υ 3ᶏḧ Ϫể◔ ″οήζᵓṏЭВж

ξΘϣʻ

9ςЭВжυᵳ Ϫ⸗ΰʻPoseNetRο ςᵓṏЭВж

ξΘϢʺ῍₭ḧ ςφ 2 ῍₭Ϫ ΚϣʻΪυЭВжξφ◐

υ ṋ Ϫ– ΰϣζϙςʺ◐ θ Ϫ sinḧ ο cosḧ ξ

ᾛήζϚυϪể◔ ″οΰϣʻδυζϙ Őutput layerυUnit
φ 2λξΘϣʻ
ΪυЭВжφ◐ υ ṋ Ϫ– ήζᶖ Σ‚ρϧϤϣζϙʺ

PoseNetRυ ϪᵒὦξΤϣο–Ξϡϣʻ

1 DCNN υИЎГк˒Ϻϭ˒ϸБϺЌЮ
Input Units: 128 × 128

Kernel: 5 × 5
Convolution 1 Channel: 16

Maxpooling: 5 × 5
Kernel: 5 × 5

Convolution 2 Channel: 16
Maxpooling: 5 × 5

Fully-connect 3 Units: 512
Fully-connect 4 Units: 512
Fully-connect 5 Units: 512

Units: 36 (PoseNetC)
Output Units: 1 (PoseNetR)

Units: 2 (TriNetR)

2 DCNN ςϠϣ◐ ᴡ

ở ῍₭

PoseNetC 7.92
PoseNetR 28.32
TriNetR 9.29

4.

ә︡ υ ῝ Ϫᶌ ΰϣζϙʺῚᵩВ˒ЊІЎГϪ Κ

ζ υ◐ ʺᾑϪ‚ρκζʻρΠכ ⁬ξφ ᾑכ

οήνצ ꞈ Ϣυ◐ Ϫ‚ρκζʻ

ῚᵩВ˒ЊІЎГςφ Columbia Object Image Library
ˠCOIL-20ˡ [9] Ϫ Κζʻ φ 20 ξʺδϤ

εϤςλΚνצ ꞈςךκν 5 ⁫ϗξ◐ Ϫ ᴝήζᵈ Σ

ΘϢʺᵈ υ φ 1,440 ξΘϣʻВ˒ЊІЎГ υ

Ϫ 10ςʺ◐ ᴝυ Ϫ 11ς⸗ΰʻ
4. 1 DCNN

Ϫ ΚρΚ ‴υ◐ Ϫ ₮ΰϣζϙʺ

ᶖ ЭВжυϗξυ◐ ʺᾑϪ‚ρκζʻPoseNetCכ
PoseNetR T̋riNetRϪ ᶑήζʻᶄЭВжυИЎГк˒Ϻϭ˒

ϸБϺЌЮϪ 1ς⸗ΰʻể◔ ″υ Ξ υӶΚΡϡOutput
layerυϗUnit ΣӮρκνΚϣΣ δ̋υ φΰϑν ί  ξ

ΘϣʻDCNNυKernelϜὩ‴ ϗυ ṋ φ ξὦ ήζʻ

ᶦ ᴝḧ ςφRectified Linear Unitsɣ ReLU [l10]Ϫ Κζʻ

῍₭ḧ ςφʺ ЭВжςφῒ₭ϳоГиП˒ϪʺᵓṏЭВ

жςφ 2 ῍₭Ϫ Κʺ῍₭Ẃ ςν KernelϜὩ‴ ϗ

Ϫ´ ήζʻρΠʺ ᴝ Ϫdetcennoc-ylluFʺςϙζϣϙ‮
layerυ UnitϪ◗ ήζᶢ‴ηΨдоЋЫς ήʺδυᴀ

Ϫ 0 ςΰϣ Dropout [11] οΚΜ Ϫ‚ρκζʻ ᴡφᶖ

ЀоТжϪ◐ Ϋος ᶢήζ 2 ᶢῒ₭ώ Ϫ‚ρκζʻ

λϖϢʺӝᴜς⸗ΰϠΜςδϤεϤ 10 ⁫ϗυᶖ ІЎГΣ

∑ΰϣʻ

• ІЎГ 1ʽ0 ʺ10 ʺ20 ʺ˚ʺ350
• ІЎГ 2ʽ5 ʺ15 ʺ25 ʺ˚ʺ355
ᾑὩᴬϪכ 2 ς⸗ΰʻPoseNetC Σ℗Ϛ‮ ξΘϣΪ

οΣϧΡϣʻPoseNetR φ◐ υ ṋ Ϫ– βαςᶖ Ϫ

‚ρκνΚϣζϙʺ υЭВжο ᶑήν Σ Ρκζʻ
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3 ςϠϣ◐ ᴡ

ở ῍₭

Pixel 1.16
PCA 1.39

ObjNetC 1.70
PoseNetC 1.09
PoseNetR 1.59
TriNetR 1.72

OverFeat [13] 1.89

TriNetRφ◐ υ ṋ Ϫ 3ᶏḧ Ϫ ΚϣΪοξ ᾛήνϣ

ζϙʺPoseNetRο ᶑήν Σῡ ήζΣʺPoseNetCο
ᶑήν Σ ΡκζʻΪυᾔԋοήνʺ

sin θ2 + cos θ2 = 1 (1)

υϠΜρ ὭϪᶖ Ɑς ΞνΚρΚζϙʺ◐ υ ṋ

Ϫ ς ᾛξΤρΡκζΪοΣ–ΞϡϤϣʻδϤς ήʺ

PoseNetCφ ЭВжξΘϢ◐ υ ṋ Σᶖ ς Ξϣְ

ỏΣ άΚζϙʺ‮ ορκζʻήΡήʺ ЭВжξΘϣ

ζϙʺᶖ ς ΚρΡκζ◐ φ ξΤρΚοΚΜ ΣΘ

ϣʻ₆ᵓυ Ὥξφʺ ở ῍₭Σ 5 ϪᴜᵓϣΪοΣξΤ

ρΚʻ

4. 2 DCNN
ᶖ Ϫ Κζ   υ ῝ Ϫ ₮ΰϣζϙςʺ ˏ

ρ ξ  ήζ ςϠϣ ᶑϪ‚ρκζʻ ᶖ Ϫ

ΚρΚ οήνʺᵈ Ϫδυϖϖ ϑν ФϺГж

οήζϚυοʺδυФϺГжυ ‴ς ήνֿפ Ϫ‚ρ

Κ ήζᾥ ФϺГжϪ Κζʻ ᶖ Ϫ ΚϣϚυοή

νʺPoseNetCʺPoseNetRʺTriNetRςᴣΞʺ ᶑοήν

Ϫể◔ ″οήζ 2λυЭВжϪ ӨήʺδϤεϤΡϡ

ήζ Ϫ Κζʻ Ϫể◔ ″οήζ 2λυЭВ
жοήνʺCOIL-20В˒ЊІЎГϪ Κνᶖ ήζ ObjNetC
ЭВжοʺImageNet 2012 training set [12]Ϫ Κνᶖ ήζ

ӿ ЭВжξΘϣ OverFeatЭВж [13]Ϫ Өήζʻ

ᶄ ᶖ ЭВжςΠΚν Convolution layerυΰΧῄςΘ
ϣ Fully-connected layer Ρϡ Ϫ‚ρκζʻλϖϢʺ

COIL-20Ϫ Κνᶖ ήζᶄ ᶖ ЭВжφ Fully-connect
3ΡϡʺOverFeatЭВжφ Fully-connect 8Ρϡ Ϫ‚

ρΚʺδϤεϤ 512ⱱᾓʺ4,096ⱱᾓυ Ϫ Κν

  Ϫ‚ρκζʻֿפ ςϠϣ   ξφʺ Ϋο

ςṂ 80%ӝ ορϣⱱᾓ υᾥ ФϺГжϪ οή

ζʻρΠʺᾥ ФϺГжυⱱᾓ φ ở 10ⱱᾓ ξΘκζʻ

ᵈ Ϫδυϖϖ ϑζϚυϪ οήν Κζ  

ξφʺ16,384 ⱱᾓ Ϫ Κζʻ ᴡφ 2 ᶢῒ₭ώ Ϫ

‚ρκζʻρΠʺ ᶢ φ DCNNςϠϣ◐ ο ίξ

Θϣʻ

ᾑὩᴬϪכ 3 ς⸗ΰʻPoseNetC Ρϡ ήζ Ϫ

Κζ ‴Σ℗Ϛ‮ ξΘϣΪοΣϧΡϣʻObjNetC Ϝ
OverFeatρπυ Ϫể◔ ″οήνᶖ άϤζ Э

Вжφʺ◐ Ϫể◔ ″οήνΚρΚΪοΡϡ◐ υ Ϫ

– ήζ Ϫᶖ ΰϣΪοΣξΤαʺ Σ Ρκζʻϖ

4 DCNN ςϠϣ◐ ᴡ ˠUnit Ϋοˡ

Units: 256 Units: 512 Units: 1024
PoseNetC 12.36 7.92 7.33
PoseNetR 32.42 28.32 27.00
TriNetR 12.76 9.29 9.75

5 ςϠϣ◐ ᴡ ˠUnit Ϋοˡ

Units: 256 Units: 512 Units: 1024
ObjNetC 1.76 1.70 1.91
PoseNetC 1.17 1.09 1.16
PoseNetR 1.59 1.59 1.75
TriNetR 1.62 1.73 2.11

ζʺObjNetCο OverFeatϪ ᶑήνʺӿ ξᶖ Ϫ‚Μ

ϠϢϚ ξᶖ ήζϓΜΣ Σ ΚΪοΣϧΡκ

ζʻPoseNetRϜ TriNetRρπυ ◐ Ϫể◔ ″οήνᶖ

άϤζᵓṏЭВжφʺ◐ Ϫể◔ ″οήνΚϣΣʺ◐ υ

ṋ Ϫ ς ᾛξΤρΡκζζϙʺᶖ ςӀְỏϪẇϔήʺ

Σ Φρκζο–ΞϡϤϣʻδϤς ήʺPoseNetCφ
◐ Ϫể◔ ″οήζ ЭВжξΘϢʺ◐ υ ṋ Σᶖ

ς ΞϣְỏΣ άΦʺ◐ υ ΣΚ‮ Ϫᶖ ξ

ΤζζϙʺΚ‮ Ϫ⸗ήζο–ΞϡϤϣʻϖζʺ 2ς⸗ΰ
DCNN ςϠϣ◐ ᴡ ο ᶑήνʺ Ϫ ΚϣΪ

οξᶖ ς ΚρΡκζ υ◐ Ϛ ᴤ ορϣζϙʺ

νυ ςΠΚν Σῡ ήζʻ

ӝ υὩᴬϠϢʺ ᶖ Ϫ Κζ   υ ῝ Ϫᶌ

ήζʻ

4. 3 DCNN

ώ οήνʺDCNN υИЎГк˒Ϻϭ˒ϸБϺЌЮυӶΚ
Σ◐ ς Ξϣְỏυ ₮Ϫ‚ρκζʻΪΪξφ

Ϫᾥ ήʺFully-connected layer υ Unit Ϫ ᴝάβζʻ

Fully-connected layerυUnit ϪδϤεϤ 256 5̋12 1̋024ξ
ӿήζ 3λυ ‴ξʺ ς◐ ᾑϪ‚κζʻכ

ᾑὩᴬϪכ 4ʺ 5ς⸗ΰʻDCNNυ φ Unit Σ ᴣ

ΰϣϓπῡ ΰϣἯῡΣᾉϡϤϣΣʺ ςϠϣ◐ Ϫ

‚ρΜ ‴φ Unit Σ 512υ ‴Σ ΣNNCDʻζκΡ‮
υ φ ḥ υ UnitΣ ᴣΰϣϓπ ᾛ Σ ᴣΰϣζ

ϙῡ ήζο–ΞϡϤϣʻήΡήʺ   ς Κϣ ‴ς

φδυϠΜρἯῡφᾉϡϤρΡκζζϙʺ℗ ρ Unit Ϫכ

ᾑςϠϢẎϙϣ ΣΘϣʻ

5.

⁬ξφʺ ᶖ Ϫ Κζ   ςϠϢ ◐ Ϫ

‮ ς ΰϣ︡ ςλΚνώ ήζʻ◐ Ϫể◔ ″οή

ν ᶖ ЭВжϪᶖ ΰϣΪοξ◐ υ υΚ‮

Ϫ ήʺδυ Ϫ Κν Ϫ  ΰϣΪοξʺᾉΞ

υ ᴝΣ άΚ◐ υӶΚϚỶ ξΤϣ︡ Ϫ әήζʻ ᴡ

ʺᾑϠϢכ   ςֿפ Ϫ Κϣ ︡ ο ᶑ

ήνʺ‮ ς◐ Ϫ ξΤϣΪοϪᶌ ήζʻ

₆ῄυᴽ οήνʺИЎГк˒Ϻυ ρπʺϖηώ ξΤ
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