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Abstract : Spherical cameras acquire all-round information, making motion estimation effective. Convolutional Neural
NetworkʢCNNʣis robust for such tasks but cannot be applied to spherical images due to their non-planarity. When
spherical images are projected as planar equirectangular images, the unequal distortion results in low accuracy. In this
paper, we propose a novel, distortion-resistant E-CNN, which robustly estimates spherical camera rotation.
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Fig. 1: Spherical and Equirectangular Images
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Fig. 2: Dense Optical Flow
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Fig. 3: Optical Flow Patterns: Lined and Curved
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Fig. 4: Uniformized Optical Flow Patterns
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Fig. 5: E-CNN

Table 1: Optical Flow Patterns Uniformization

४࣠ج❲❲❲❲❲❲❲❲
ճస࣠

ϩʔϧ ϐον Ϥʔ

ϩʔϧ ௚ઢ ઢۂ ઢۂ

ϐον ઢۂ ௚ઢ ઢۂ

Ϥʔ ઢۂ ઢۂ ௚ઢ

ΛϤʔํ޲ʹ߹Θͤͯ࣠Λ 90◦ ճసͤ͞Δ͜ͱΛ͑ߟΔɽ

࣠Λ 90◦ ճసͤ͞Δ͜ͱͰͦͷ࣠͸ج४࣠ͱͳΔɽ۩ମ

తʹ͸ɼ2ϑϨʔϜΛϩʔϧํ޲ʹ 90◦ ճసͤ͞ɼճస͠

ͨϑϨʔϜؒͷσϯεͳΦϓςΟΧϧϑϩʔΛࢉग़͢Δɽ

ϐονํ޲ʹ΋ಉ༷ʹ͏ߦɽ݁Ռతʹɼ3ͭͷσϯεͳΦ

ϓςΟΧϧϑϩʔ͕ੜ੒͞ΕΔʢFig. 4ʣɽ

Ҏ্ͷΑ͏ʹɼΦϓςΟΧϧϑϩʔύλʔϯ͕ۉ౳Խ

͞ΕͨೖྗσʔλΛ༻͍ͯ CNN ʹΑΔಛ௃நग़Λߦ

͏ωοτϫʔΫΛຊڀݚͰ͸ E-CNNʢEquirectangular-

Convolutional Neural NetworkʣͱݺͿɽ

2.3 E-CNN

ఏҊख๏ͷ E-CNN͸ɼ2ϑϨʔϜؒͷਖ਼ڑԁ౵ը૾ʹ

͓͚ΔΦϓςΟΧϧϑϩʔύλʔϯͷۉ౳Խʢ2.2અʣΛ

͏ߦωοτϫʔΫͱΦϓςΟΧϧϑϩʔͷಛ௃நग़Λ͏ߦ

ωοτϫʔΫʹΑͬͯߏ੒͞Ε͍ͯΔɽ

ຊڀݚͰ͸ɼਖ਼ڑԁ౵ը૾͔Βࢉग़ͨ͠ΦϓςΟΧϧ

ϑϩʔͷಛ௃நग़Λ͏ߦωοτϫʔΫͱͯ͠ CNNΛ༻͍

Δɽ༻͍Δ CNNωοτϫʔΫ͸ɼFig. 5ʹࣔ͢Α͏ʹɼ

Conv1[3×3×128]ɼPool1[2×2]ɼConv2[3×3×128]ɼPool2[2×2]ɼ

Conv3[3×3×256]ɼPool3[2×2]ɼfc[256]ɼfc[4] Ͱߏ੒͞Εͯ

͍Δɽ

ຊڀݚͰ͸ɼճసਪఆΛճؼ໰୊ͱͯ͠ղ͘ɽͦͷͨΊ

ʹɼશ݁߹૚ͷճثؼͰ͸ਅ஋ͱਪఆ஋ͱͷϢʔΫϦου

৽Λߋ཭Λଛࣦؔ਺ͱͯ͠ɼֶशʹ͓͚Δύϥϝʔλͷڑ

ɽଛࣦؔ਺͸ҎԼͷࣜ͏ߦ (1)Ͱද͞ΕΔɽ

L(I) = ∥∆q̂ −∆q∥2. (1)

ࣜ (1)͸ɼ2ϑϨʔϜؒͷσϯεͳΦϓςΟΧϧϑϩʔ

ύλʔϯͷۉ౳ԽΛͨͬߦೖྗ I ʹ͓͍ͯɼωοτϫʔΫ

͕ਪఆͨ͠ΫΥʔλχΦϯͰද͢ճసྔ ∆q = (∆w, ∆a,

∆b, ∆c)ͱɼճసྔͷਅ஋ q̂ͷࠩ෼ͷೋ৐ࠩޡΛද͍ͯ͠

Δɽͭ·Γɼ͜ͷଛࣦؔ਺͕࠷খʹͳΔΑ͏ʹύϥϝʔλ

Λߋ৽͢ΔճؼΛ͏ߦɽ

3. ݧ࣮

3.1 σʔληοτͷ࡞੒

σʔληοτ͸ ίϯϐϡʔλάϥϑΟοΫειϑݩ3࣍

τ΢ΣΞͰ͋Δ BlenderΛ࡞ͯ͠༺࢖੒ͨ͠ɽBlender؀

఺ΛࢹͱΧϝϥڥ Fig. 6ʹࣔ͢ɽ

·ͣɼBlender্ͷ԰֎ͷ౎৺ 7) ʹ͓͚Δֶश༻ͷ 10

γʔϯʢ1ʙ10ʣΛઃఆ͠ɼ1ʙ10γʔϯҎ֎ͷূݕɾς

ετ༻ͷ 10γʔϯʢ11ʙ20ʣΛผ్ʹઃఆͨ͠ɽֶश༻

ͱূݕɾςετ༻ͷγʔϯʹผʑʹ͢Δཧ༝͸ɼֶशͨ͠

γʔϯʹର͢ΔաֶशΛ๷͠ࢭɼֶशʹҰൠੑΛอͨͤΔ

ͨΊͰ͋Δɽ



Fig. 6: Blender Environmentʢleftʣ and Camera View-

pointʢrightʣ

࣍ʹɼશఱٿΧϝϥը૾Λେ͖͞ 100×200ͷਖ਼ڑԁ౵

ը૾ͱͯ͠औಘͨ͠ɽֶशσʔληοτʹ͍ͭͯ͸ɼֶश

ʹҰൠੑΛ࣋ͨͤΔͨΊʹɼऔಘ͢Δγʔϯʢ1ʙ10ʣͱ

ॳ࢟ظ੎ΛϥϯμϜʹઃఆͨ͠ɽ·ͨɼॳ࢟ظ੎͔Βͷճ

సྔ͸֤ճస࣠ʹରͯ͠ 0◦ʙ10◦ʹ੍͠ݶɼ0.5◦ࠁΈͱ͠

ܭͯ 9,261ຕͷΦϓςΟΧϧϑϩʔΛֶशσʔλͱͨ͠ɽ

ճసྔΛ੍͢ݶΔཧ༝͸ɼΦϓςΟΧϧϑϩʔ͕ࢉग़Ͱ͖

Δ֯౓ͱɼ֤ϑϨʔϜ͸Ҡಈྔ͸ඍখͰ͋Δ͜ͱΛྀ͠ߟ

ͨͨΊͰ͋Δɽ

ɾςετσʔλʹ͍ͭͯ͸ɼֶशσʔληοτͱಉূݕ

༷ʹγʔϯʢ11ʙ20ʣͱॳ࢟ظ੎ΛϥϯμϜʹઃఆͨ͠ɽ

·ͨɼճసྔΛ֤ճస࣠ʹରͯ͠ 0◦ʙ10◦ ɼϥϯ͠ݶ੍ʹ

μϜʹઃఆͯ͠ܭ 1,000ຕͷΦϓςΟΧϧϑϩʔΛ֤ʑ༻

ҙͨ͠ɽҎ্Ͱઆ໌֤ͨ͠σʔληοτͷߏ੒ʹ͍ͭͯ͸

Table 2ʹࣔ͢ɽ

Table 2: Datasets Composition

❳❳❳❳❳❳❳❳߲໨
छྨ

ֶशσʔλ σʔλূݕ ςετσʔλ

γʔϯ൪߸ 1ʙ10 11ʙ20 11ʙ20

ຕ਺ [ຕ] 9,261 1,000 1,000

σϯεͳΦϓςΟΧϧϑϩʔͷࢉग़ʹ͸ɼDeepFlow 6)

Λ༻͍Δɽ͜ͷख๏Ͱ͸ɼҠಈલޙͷըૉͷً౓஋͸ෆม

Ͱ͋ΓɼશମతͳΦϓςΟΧϧϑϩʔ͸׈Β͔Ͱ͋Δ͜ͱ

ΛԾఆ͠ɼಛ௃఺ͷϚονϯάΛ͜͏ߦͱͰΦϓςΟΧϧ

ϑϩʔΛਪఆ͍ͯ͠Δɽ

ɼ2.2અͰड़΂ͨΦϓςΟΧϧϑϩʔͷύλʔϯʹޙ࠷

Λۉ౳ԽΛͨ͏ߦΊʹɼϩʔϧͱϐονํ޲ʹ֤ʑ90◦ ճ

సͤ͞ɼ2ϑϨʔϜؒͷΦϓςΟΧϧϑϩʔΛੜ੒ͨ͠ɽ

Ҏ্Ͱੜ੒ͨ͠ 3ͭͷΦϓςΟΧϧϑϩʔΛਨ௚੒෼ͱਫ

ฏ੒෼ʹ෼͚ͯ 6νϟϯωϧͷ഑ྻͱͯ͠อଘͨ͠ɽ

3.2 ਪఆ࣮ݧ

2.3અͰఏҊͨ͠ E-CNNωοτϫʔΫΛ༻͍ͯճసਪ

ఆͷ࣮ݧΛͨͬߦɽੑ׆Խؔ਺ʹ͸ ReLU 8) Λ༻͍ɼύ

ϥϝʔλͷߋ৽ํ๏ʹ͸ AdamΦϓςΟϚΠβʔ 9) Λ࠾

༻ͨ͠ɽ·ͨɼόοναΠζ͸ 128ɼֶश཰͸ 0.001ɼΤ

0

10

20

30

40

50

60

70

80

90

100

110

120

0.
02

5
0.

05
0.

07
5

0.
1

0.
12

5
0.

15
0.

17
5

0.
2

0.
22

5
0.

25
0.

27
5

0.
3

0.
32

5
0.

35
0.

37
5

0.
4

0.
42

5
0.

45
0.

47
5

0.
5

0.
52

5
0.

55
0.

57
5

0.
6

0.
62

5
0.

65
0.

67
5

0.
7

0.
72

5
0.

75
0.

77
5

0.
8

Nu
m

be
r o

f T
es

t D
at

a 
Sa

m
pl

e

Estimation Error [deg]

After Uniformization
Before Uniformization

Fig. 7: Estimation Error Histogram

ϙοΫ͸ 100ͰֶशΛͨͬߦɽֶशɾূݕɾςετʹ͓͍

ͯɼGPU͸ NVIDIA੡ͷ GeForce GTX 1080Ti×3Λɼ

CPU͸ Intel੡ͷ Xeon E5-1650 v4Λ࢖༻ͨ͠ɽ

ਪఆ࣮ݧͰ͸ɼఏҊख๏Ͱ͋ΔΦϓςΟΧϧϑϩʔύ

λʔϯͷۉ౳ԽʹΑΔਫ਼౓্޲Λ֬ೝ͢ΔͨΊʹɼۉ౳Խ

લޙͷ 2छྨΛσʔληοτΛ༻͍ͯͨͬߦɽͳ͓ɼσʔ

ληοτ΍ੑ׆Խؔ਺ɼύϥϝʔλͷߋ৽ํ๏ɼϋΠύʔ

ύϥϝʔλͳͲ͸ಉ৚݅Ͱͨͬߦɽ

ਪఆ݁ՌΛ Table 3ʹࣔ͢ɽ͜ͷදͰ͸ɼ1,000ຕͷς

ετσʔλʹ͓͚ΔਪఆࠩޡΛ֯౓ͱͯ͠දͨ͠ͱ͖ͷத

ԝࠩޡͱฏࠩޡۉΛ͍ࣔͯ͠Δɽ

Table 3: Estimation Results

ࠩޡ❲❲❲❲❲❲❲❲
छྨ

౳Խલۉ ʢఏҊख๏ʣޙ౳Խۉ

தԝࠩޡ [◦] 0.270 0.198

ฏࠩޡۉ [◦] 0.278 ±0.106 0.211 ±0.100

·ͨɼ1,000ຕͷςετσʔλʹର͢Δۉ౳Խલޙͷਪ

ఆࠩޡͷώετάϥϜΛ Fig. 7ʹࣔ͢ɽॎ࣠͸ςετσʔ

λͷαϯϓϧ਺ɼԣ࣠͸ਪఆࠩޡΛ͍ࣔͯ͠Δɽ
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4. ݁࿦

ຊڀݚͰ͸ɼશఱٿΧϝϥ͔Βऔಘͨ͠ਖ਼ڑԁ౵ը૾ͷ

࿪ΈʹΑͬͯੜ͡Δෆۉ౳ͳΦϓςΟΧϧϑϩʔύλʔϯ

Λۉ౳Խ͢Δ E-CNN Λߏஙͯ͠શఱٿΧϝϥͷ 3 ࣗ༝

౓ͷճసਪఆΛͨͬߦɽਪఆ࣮ݧͰ͸ɼఏҊख๏ʹΑΔਫ਼

౓্޲Λ֬ೝͨ͠ɽޙࠓͷ՝୊ͱͯ͠͸ɼ࣮ࡍͷΧϝϥʹ

Αͬͯऔಘͨ͠σʔλʹର͢ΔূݕͱશఱٿΧϝϥͷ 6ࣗ

༝౓ͷӡಈʢճసɾฒਐʣਪఆ͕͛ڍΒΕΔɽ
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