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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

Δɽྫ͢ڹԁը૾ͷΈΦϓςΟΧϧϑϩʔʹӨڑ

͑ɼશఱٿΧϝϥͷج४͕࣠ Fig. 3ͷΑ͏Ͱ͋Δͱ͖ɼ

ϤʔํपΓͷճసʹΑΔΦϓςΟΧϧϑϩʔઢͷύ

λʔϯΛࣔ͢ʢFig. 3ʣɽҰํɼϩʔϧͱϐονํपΓ

ͷճసʹΑΔΦϓςΟΧϧϑϩʔۂઢͷύλʔϯΛࣔ͢

ʢFig. 3ʣɽͭ·ΓɼϩʔϧɾϐονɾϤʔͷͯ͢ͷํʹ

ରͯ͠ճస͢Δ߹ɼΦϓςΟΧϧϑϩʔઢͷύλʔ

ϯ͕ 1ͭɼۂઢͷύλʔϯ͕ 2͍ͭࠞͬͯ͟Δ͜ͱʹͳΔɽ

ྫ͑ɼϩʔϧํΛج४࣠ͱ͢Δ߹ɼϩʔϧํपΓ

ͷճసʹΑΔΦϓςΟΧϧϑϩʔઢͷύλʔϯͰ͋Γɼ

ϐονͱϤʔํपΓͷճసʹΑΔΦϓςΟΧϧϑϩʔ

४࣠جΛઢͷύλʔϯͰ͋Δɽ·ͨɼϐονͱϤʔํۂ

ͱ͢Δ߹ʹಉ༷ͳ͜ͱ͕͑ݴΔɽ

1ষͰड़ͨΑ͏ʹɼશఱٿΧϝϥͷਖ਼ڑԁը૾ʹ

Έͷ͕͋Γɼͦͷ··༻͍ͯߴਫ਼ͳਪఆ݁Ռ͕

ಘΒΕͳ͍ɽຊڀݚͰɼ͜ͷΛղܾ͢ΔͨΊʹɼ֤

Δɽ͑ߟԽ͢Δ͜ͱΛۉ४࣠ʹର͢ΔճసͷύλʔϯΛج

۩ମతʹɼTable 1ͷঢ়ଶͷΑ͏ʹɼ֤ج४࣠ʹର͢Δ

ճస࣠ͷઢɾۂઢͷΦϓςΟΧϧϑϩʔύλʔϯΛۉ

ʹ͢Δɽ

ͦͷͨΊʹɼFig. 3ͷج४࣠ʹ͓͍ͯɼϩʔϧͱϐον



Frame1

Frame2

Roll (90�)

Pitch (90�)

Optical Flow1
(100×200×2)

Input	Data
(100×200×6)

∆1

Equirectangular Uniformization Network 

2x2 Max Pool2

3x3 Conv1, 128
2x2 Max Pool1
3x3 Conv2, 128

fc, 4
fc, 256
Flatten

2x2 Max Pool3
3x3 Conv3, 256

CNN Regression Network

Optical Flow2
(100×200×2)

Optical Flow3
(100×200×2)

Fig. 5: E-CNN

Table 1: Optical Flow Patterns Uniformization
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ύϥϝʔλͳͲಉ݅Ͱͨͬߦɽ

ਪఆ݁ՌΛ Table 3ʹࣔ͢ɽ͜ͷදͰɼ1,000ຕͷς

ετσʔλʹ͓͚ΔਪఆࠩޡΛ֯ͱͯ͠දͨ͠ͱ͖ͷத

ԝࠩޡͱฏࠩޡۉΛ͍ࣔͯ͠Δɽ

Table 3: Estimation Results

ࠩޡ❲❲❲❲❲❲❲❲
छྨ

Խલۉ ʢఏҊख๏ʣޙԽۉ

தԝࠩޡ [◦] 0.270 0.198

ฏࠩޡۉ [◦] 0.278 ±0.106 0.211 ±0.100

·ͨɼ1,000ຕͷςετσʔλʹର͢ΔۉԽલޙͷਪ

ఆࠩޡͷώετάϥϜΛ Fig. 7ʹࣔ͢ɽॎ࣠ςετσʔ

λͷαϯϓϧɼԣ࣠ਪఆࠩޡΛ͍ࣔͯ͠Δɽ

ਫ਼ͳճసਪఆͷ݁Ռ͕ಘΒΕ͓ͯΓɼ͞ߴͰɼݧ࣮

ΒʹɼఏҊख๏ʹΑΔ 24.1%ͷਫ਼্͕֬ೝͰ͖ͨɽ

·ͨɼֶशσʔλͱҟͳΔγʔϯʹର͢ΔςετσʔλΛ

༻͍Δ͜ͱͰɼֶशͷ൚ԽྗΛ֬ೝͨ͠ɽ

4. ݁

ຊڀݚͰɼશఱٿΧϝϥ͔Βऔಘͨ͠ਖ਼ڑԁը૾ͷ

ΈʹΑͬͯੜ͡ΔෆۉͳΦϓςΟΧϧϑϩʔύλʔϯ

ΛۉԽ͢Δ E-CNN Λߏஙͯ͠શఱٿΧϝϥͷ 3 ࣗ༝

ͷճసਪఆΛͨͬߦɽਪఆ࣮ݧͰɼఏҊख๏ʹΑΔਫ਼

্Λ֬ೝͨ͠ɽޙࠓͷ՝ͱͯ͠ɼ࣮ࡍͷΧϝϥʹ

Αͬͯऔಘͨ͠σʔλʹର͢ΔূݕͱશఱٿΧϝϥͷ 6ࣗ

༝ͷӡಈʢճసɾฒਐʣਪఆ͕͛ڍΒΕΔɽ



ँࣙ

ຊڀݚͷҰ෦ɼֳ૯߹Պֶٕज़ɾΠϊϕʔγϣϯ

ձٞͷઓུతΠϊϕʔγϣϯϓϩάϥϜʢSIPʣʮΠϯ

ϑϥҡ࣋ཧɾߋ৽ɾϚωδϝϯτٕज़ʯʢཧ๏ਓɿࠃ

ʣߏػज़૯߹։ൃٕۀ࢈։ൃ๏ਓ৽ΤωϧΪʔɾڀݚཱ ʹ
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