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ୈ1ষ ং࿦

1.1 ܠഎڀݚ

ը૾௒ղ૾ʢImage Super-Resolution; SRʣ͸, ਤ 1.1ʹࣔ͢Α͏ʹ, ୯Ұͷ௿ղ૾౓ը

૾͔ΒରԠ͢Δߴղ૾౓ը૾1Λ෮͢ݩΔ, ίϯϐϡʔλϏδϣϯ෼໺ͷجຊతͳλεΫͰ

͋Δ. SR͸, ҩྍը૾΍๷൜Χϝϥө૾, Ӵ੕ը૾ͷղੳͳͲ, ଟ༷ͳԠ༻෼໺ʹ͓͍ͯ

ෆՄܽͳ໾ׂΛ୲͍ͬͯΔ [1–3].

ਂ૚ֶशʹͮ͘ج SRڀݚ͸, 2014೥ʹఏҊ͞Εͨ SRCNN [4]Λػܖͱͯ͠ٸ଎ʹൃ

లͨ͠. ౰ॳ, ৞ΈࠐΈχϡʔϥϧωοτϫʔΫʢConvolutional Neural Network; CNNʣ

Λ༻͍ͨख๏͕ओྲྀͰ͋Γ, ൺֱతখن໛ͳσʔληοτͰ΋ֶ͍ߴशޮՌΛಘΒΕͨͨ

Ί, .ஔ͔Ε͍ͯͨʹܭͷয఺͸ओʹϞσϧઃڀݚ ,ࡍ࣮ ଟ͘ͷڀݚ͸ 800ຕͷߴղ૾౓

ը૾͔ΒͳΔDIV2K [5]΍, ͦͷ֦ு൛Ͱ͋Δ 3,450ຕͷDF2K [5,6]Λ༻͍͓ͯΓ, ֶश

σʔληοτͷߏஙख๏΁ͷ஫໨౓͸ݶఆతͩͬͨ.

͔͠͠ͳ͕Β, ը૾ೝࣝ΍ը૾ੜ੒ͷ෼໺Ͱ͸, ͜͏ͨ͠Ϟσϧઃܭத৺ͷΞϓϩʔν

ͱ͸ରরతʹ, ֶशσʔλ͕Ϟσϧੑೳʹ༩͑ΔӨڹͷେ͖͕ۙ͞೥͘޿ೝࣝ͞Ε͍ͯΔ.

ಛʹTransformer [7]ͷొ৔ʹΑΓ, Ϟσϧͷද͕ྗݱஶ্͘͠͠޲, ֶशʹ༻͍Δσʔλ

ͷن໛͕Ұ૚ॏཁͳཁૉͱͳͬͨ. ͜ͷྲྀΕͷதͰ,େن໛σʔλͱྗڧͳϞσϧΛ૊Έ߹

Θͤͯ൚༻తͳදݱΛֶश͢Δج൫Ϟσϧ͕ొ৔͠, ଟ༷ͳλεΫͰ͍ߴదԠੑΛࣔͯ͠

1ຊ࿦จͰ͸ɼHDղ૾౓ (1280×720 ϐΫηϧ) Λج४ͱͯ͠ɼ͜ΕΑΓ΋͍ߴղ૾౓ͷը૾Λߴղ૾
ը૾ɼ௿͍ղ૾౓ͷը૾Λ௿ղ૾౓ը૾ͱఆٛ͢Δ.
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1.1. ܠഎڀݚ ୈ 1 ষ ং࿦

Network ⾼解像度画像低解像度画像

ਤ 1.1: SRͷ֓ཁ.

͍Δ. ྫ͑͹, Λ౷߹ͨ͠CLIPޠݴͱ֮ࢹ [8]͸, ໿ 4ԯରͷը૾ͱޠݴϖΞΛ༻ֶ͍ͯश

͞Ε, ෯͍޿ԼྲྀλεΫ΁ͷసҠೳྗΛ࣋ͭ. ·ͨ, ςΩετ͔Βߴ඼࣭ͳը૾Λੜ੒͢Δ

Stable Diffusion [9]͸, ໿ 4ԯຕͷը૾ͱΩϟϓγϣϯͷϖΞ͔ΒͳΔ LAION-400M [10]

Λ༻ֶ͍ͯश͞Ε, ଟ༷ͳ֮֓ࢹ೦ʹରԠͨ͠ੜ੒ೳྗΛ֫ಘ͍ͯ͠Δ.

͜ͷΑ͏ʹ, ֶशσʔλ͕ϞσϧੑೳΛࠨӈ͢Δͱ͍͏ೝ͕͕ࣝ޿Δத, ͦͷӨڹ͸Ϟ

σϧઃ͚ͩܭͰͳ͘ଛࣦؔ਺ͷઃܭʹ΋ٴͼಘΔ. ಛʹ, ஌֮඼࣭ͷ্޲Λ໨తͱͨ͠

Perceptual loss͸, SRΛؚΉଟ͘ͷը૾ੜ੒ɾม׵λεΫͰ͘޿༻͍ΒΕ͍ͯΔ͕, ͦͷ

ಛ௃நग़ثͱͯ͠͸ґવͱͯ͠ݹయతͳCNNͰ͋ΔVGGωοτϫʔΫ [11]͕ओྲྀͰ͋

Δ. VGG͸ ImageNet [12]Ͱࣄલֶश͞Εͨ෼ྨثͰ͋Γ, ॴతͳΤοδ΍ςΫενϟہ

ͷநग़ʹ͸༏ΕΔҰํͰ, ը૾શମͷจ຺తؔ܎΍ҙຯత੔߹ੑΛे෼ʹଊ͑Δ͜ͱ͕೉

͍͠ͱ͍͏՝୊͕͋Δ. ͕ͨͬͯ͠, SRʹ͓͚Δ஌֮඼࣭ΛΑΓద੾ʹධՁ͢ΔͨΊʹ

͸, ΑΓ࣍ߴͷҙຯతಛ௃Λ֫ಘͨ͠ج൫ϞσϧΛPerceptual lossͷߏ੒ཁૉͱͯ͠׆༻

͢Δ͜ͱ͕๬·͍͠.

ҰํͰ, ֶशσʔληοτͷߏஙͦͷ΋ͷʹ΋, SRಛ༗ͷ՝୊͕ଘ͢ࡏΔ. SRλεΫ

Ͱ͸, ,ղ૾౓͔ͭྼԽͷগͳ͍ը૾͕ඞཁͱ͞ΕΔͨΊߴ ඼࣭ɾଟ༷ੑɾղ૾౓ͱ͍͏

ෳ਺ͷ৚݅Λಉ࣌ʹຬͨ͢σʔληοτͷߏங͸༰қͰ͸ͳ͍. Web্ʹ͸େྔͷը૾
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1.2. ໰୊ઃఆ ୈ 1 ষ ং࿦

͕ଘ͢ࡏΔ΋ͷͷ, ଟ͘͸ JPEGѹॖͳͲͷྼԽΛؚΜͰ͓Γ, ͦͷ··ར༻͢Δ͜ͱ͸

.೉Ͱ͋Δࠔ ݁Ռͱͯ͠, େن໛͔ͭߴ඼࣭ͳֶशσʔλΛಘΔ͜ͱ͕ SRϞσϧͷੑೳ

.ͳϘτϧωοΫͱͳ͍ͬͯΔࠁΔਂ͚͓ʹ্޲ ͞Βʹ, Ӵ੕ը૾΍ࢹ؂Χϝϥը૾ͳͲ,

,Ͱऔಘ͞ΕΔը૾͸ڥ؀࣮ݱ Ұൠతͳࣗવը૾ͱ͸ҟͳΔಛੑΛ࣋ͭ͜ͱ͕ଟ͍. ͜Ε

ΒͷυϝΠϯಛ༗ͷը૾Ͱ͸, ඼࣭Λີݫʹ୲อ͠Α͏ͱ͢Δͱ࢖༻Մೳͳຕ਺͕େ෯ʹ

,Ε͞ݶ੍ े෼ͳֶशྔΛ֬อ͢Δ͜ͱ͕೉͍͠. ͦͷͨΊ, ଟগͷྼԽΛؚΉը૾΋ద

੾ʹ׆༻͠, ࣭ͱଟ༷ੑͷ྆໘Λֶྀͨ͠ߟशσʔλͷߏங͕, Ԡ༻ੑͷ͍ߴ SRϞσϧ

ͷߏஙʹ͓͍ͯॏཁͳ՝୊ͱͳ͍ͬͯΔ.

͜ͷΑ͏ͳഎ͔ܠΒ, ຊڀݚͰ͸ֶशσʔλͷ࣭ͱଟ༷ੑͷ྆໘͔Β SRੑೳ্޲Λ໨

.৽ͨͳΞϓϩʔνΛఏҊ͢Δ͢ࢦ ·ͣ, ࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ྆Λ໨తͱͯ͠, ൫ج

ϞσϧCLIPͷಛ௃ۭؒΛಋೖͨ͠Perceptual lossΛઃ͠ܭ, ΞʔνϑΝΫτΛ཈੍ͨ͠

SRΛ࣮͢ݱΔ. ࣍ʹ, ,͑·೉Ͱ͋Δ͜ͱΛ౿ࠔղ૾౓ը૾ͷେྔऩू͕ߴ ඼࣭ͱଟ༷ੑ

ͷ૒ํΛຬͨ͢௿ղ૾౓ը૾Λ׆༻͠, ޮՌతͳֶशσʔληοτΛߏங͢Δ. ͞Βʹ,

JPEGѹॖϊΠζΛؚΉը૾͕আ֎͞ΕΔ͜ͱʹΑΔֶशσʔλͷن໛ෆ଍ʹରॲ͢Δͨ

Ί, ѹॖʹΑΔը࣭ྼԽΛิਖ਼͢ΔύΠϓϥΠϯΛಋೖ͠, ͜ΕΒͷը૾Λֶशσʔλͱ

.Δ͢༺׆࠶ͯ͠ ຊڀݚ͸, ϞσϧΞʔΩςΫνϟͷվྑ͕ओྲྀͱͳ͍ͬͯΔ SRڀݚͷ

தͰ, σʔλߏ੒ͷ؍఺͔Βੑೳ্޲Λ࣮͠ݱ, ໺ʹೖΕͨ৽ͨͳΞࢹ΁ͷద༻΋ڥ؀࣮

ϓϩʔνΛఏҊ͍ͯ͠Δ.

1.2 ໰୊ઃఆ

SRͷੑೳΛ࠷େݶʹҾ͖ग़͢ʹ͸, ϞσϧΞʔΩςΫνϟͷઃ͚ͩܭͰͳ͘, ֶशʹ༻

͍Δσʔλͱଛࣦؔ਺ͷઃܭ΋ۃΊͯॏཁͱͳΔ. ಛʹ, Perceptual lossͷΑ͏ͳχϡʔ

3



1.2. ໰୊ઃఆ ୈ 1 ষ ং࿦

ϥϧωοτϫʔΫϕʔεͷଛࣦؔ਺ʹ͓͍ͯ͸, ಛ௃நग़ثͷࣄલֶशσʔλʹىҼ͢Δ

όΠΞε͕, ग़ྗը૾ͷ஌֮඼࣭΍ࣗવ͞ʹ௚઀తʹӨ͢ڹΔ. ·ͨ, ଟ༷ੑΛඋ͑ͨߴ

඼࣭ͳֶशσʔλΛ͍͔ʹߏஙɾ׆༻͢Δ͔΋Ϟσϧͷ൚Խੑೳʹେ͖ͳӨڹΛ༩͑Δ.

ຊڀݚͰ͸, ͜ΕΒଛࣦؔ਺ͱֶशσʔλͷ྆໘͔Β SRੑೳΛ͑ࢧΔσʔλઃܭΛݟ௚

͠, ੑೳ্޲Λ໨͢ࢦ.

·ͣୈ 3ষͰ͸,ج൫Ϟσϧͷ1ͭͰ͋ΔCLIPΛ༻͍ͯ,χϡʔϥϧωοτϫʔΫΛϕʔ

εͱͨ͠ଛࣦؔ਺Ͱ͋ΔPerceptual lossΛ͢ߟ࠶Δ. ैདྷͷPerceptual loss͸, ImageNet

Ͱֶश͞ΕͨVGGωοτϫʔΫͷதؒಛ௃Λ༻͍Δ͜ͱ͕ҰൠతͰ͋ͬͨ. ͔͠͠, ͜

Ε͸ը૾෼ྨʹదͨ͠ہॴతͳಛ௃ʹภ͓ͬͯΓ, SRը૾ʹෆࣗવͳΞʔνϑΝΫτΛ

Ҿ͖͢͜ىཁҼͱͳ͍ͬͯͨ. ຊڀݚͰ͸, ࣗવը૾ͱςΩετͷϖΞΛ༻͍ͯࣄલֶश

͞ΕͨCLIPͷViT [13]ΤϯίʔμΛಛ௃நग़ثͱͯ͠ར༻͠, େҬతͳจ຺ͱҙຯ৘ใ

ΛΛଛࣦؔ਺ʹಋೖ͢Δ͜ͱͰɼΞʔνϑΝΫτΛ཈੍͠, ࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ྆Λ

.͢ࢦΔ͜ͱΛ໨͢ݱ࣮

ଓ͘ୈ 4ষ͓Αͼୈ 5ষͰ͸, ֶशσʔλͷ඼࣭ͱଟ༷ੑΛ্ͤ͞޲ΔͨΊͷσʔλ

ηοτߏஙख๏ΛఏҊ͢Δ. ୈ 4ষͰ͸, େن໛ͳը૾͔܈Β SRֶशʹదͨ͠ը૾Λࣗ

ಈతʹબผ͢ΔͨΊ, JPEGѹॖϊΠζͷఆྔతධՁͱߏ଄తଟ༷ੑͷࢦඪΛ૊Έ߹Θͤ

ͨϑΟϧλϦϯάख๏Λ։ൃ͠, .ங͢Δߏʹ඼࣭Ͱଟ༷ͳֶशσʔληοτΛޮ཰తߴ

͞Βʹୈ 5ষͰ͸, ैདྷ, ѹॖϊΠζ͕ଟ͍ͨΊֶश͔Βআ֎͞Ε͍ͯͨ௿඼࣭ը૾܈ʹ

ର͠, ଟ༷ͳྼԽʹରԠͨ͠ SRϞσϧΛ༻͍ͯิਖ਼Λ͠ࢪ, ֶशՄೳͳσʔλͱͯ͠࠶

.Δํ๏ΛఏҊ͢Δ͢༺׆ ѹॖϊΠζͷਪఆͱิਖ਼ϓϩηεΛ૊Έ߹ΘͤΔ͜ͱͰ, ैདྷ

͸ࠔ༺׆೉ͱ͞Ε͍ͯͨը૾܈ΛֶशʹऔΓࠐΈ, σʔληοτͷن໛ͱଟ༷ੑΛཱ྆͢

Δ. Ҏ্ͷΑ͏ʹ, ຊڀݚͰ͸ SRͷֶशੑೳΛ͑ࢧΔσʔλઃܭʹয఺Λ౰ͯ, ଛࣦؔ਺

ͱֶशσʔλͷ྆໘͔Β, ೳͳੑߴ SRϞσϧͷֶशΛՄೳʹ͢Δ.
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1.3. ຊ࿦จͷߏ੒ ୈ 1 ষ ং࿦

1.3 ຊ࿦จͷߏ੒

ୈ 1ষͰ͸, ຊڀݚͷഎܠͱ໨తΛड़΂, ղܾ͢΂͖՝୊Λ੔ཧͨ͠. ୈ 2ষͰ͸, ը૾

௒ղ૾ʹؔ࿈͢Δૅج஌ࣝ, ධՁࢦඪ, ϞσϧΞʔΩςΫνϟ, ͓Αͼσʔληοτʹ͍ͭ

ͯ֓આ͢Δ. ୈ 3ষͰ͸, Perceptual lossʹ༻͍ΔࣄલֶशϞσϧΛ͠ߟ࠶, ৽ͨʹج൫

ϞσϧͰ͋ΔCLIPΛ׆༻͢Δ͜ͱͰ࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ྆ΛਤΔ. ຊষͷओͳ಺༰

͸, จݙ [14]Ͱൃදͨ͠΋ͷͰ͋Δ. ୈ 4ষͰ͸, ଛࣦؔ਺ʹΑΔੑೳվળͷݶքΛ౿·

͑, ֶशσʔλͷ඼࣭ͱଟ༷ੑΛ͠ߟ࠶, 2ஈ֊ͷϑΟϧλϦϯάΛద༻͢Δ͜ͱͰ, ੑߴ

ೳͳ SRσʔληοτΛߏங͢Δख๏ΛఏҊ͢Δ. ͜Εͷओͳ಺༰͸, จݙ [15]Ͱൃද͠

ͨ΋ͷͰ͋Δ. ୈ 5ষͰ͸, ͜Ε·Ͱར༻ࠔ೉ͩͬͨ JPEGѹॖϊΠζؚ͕·ΕΔ௿඼࣭

ը૾Λ, ະ஌ͷྼԽʹ΋ରԠͰ͖Δ SRϞσϧʹΑͬͯิਖ਼͠, ,Մೳͱ͢Δ͜ͱͰ༺׆࠶

ֶशσʔλͷεέʔϧΛҡ࣋ͭͭ͠඼࣭Λ্ͤ͞޲ΔΞϓϩʔνΛࣔ͢. ͜Εͷओͳ಺༰

͸, จݙ [16]Ͱൃදͨ͠΋ͷͰ͋Δ. ,ʹޙ࠷ ୈ 6ষͰ͸, ຊڀݚશମͷ૯ׅͱޙࠓͷల๬

ʹ͍ͭͯड़΂Δ.
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ୈ2ষ ༧උ஌ࣝɾؔ࿈ڀݚ

2.1 ը૾௒ղ૾ͷ֓ཁ

ը૾௒ղ૾ʢImage Super-Resolution; SRʣ͸, ୯Ұͷ௿ղ૾౓ը૾͔ΒࣦΘΕͨߴप

೾੒෼Λ෮͠ݩ, ରԠ͢Δߴղ૾౓ը૾Λੜ੒͢ΔλεΫͰ͋Δ. ͜ͷλεΫ͸, ਤ 2.1

ʹࣔ͢Α͏ʹ, ಉҰͷ௿ղ૾౓ը૾ʹରͯ͠ෳ਺ͷߴղ૾౓ը૾͕ਖ਼ղͱͳΓಘΔෆྑઃ

ఆ໰୊ʢill-posed problemʣͰ͋ΔͨΊ, Δʹ͸ֶशϕʔεͷΞϓ͢ݱΛ࣮ݩ඼࣭ͳ෮ߴ

ϩʔν͕ෆՄܽͰ͋Δ.

ਤ 2.1: ෳ਺ͷߴղ૾౓ը૾Λμ΢ϯαϯϓϦϯάͨ͠ͱ͖ʹ, ಉҰͷ௿ղ૾౓ը૾ʹͳ
Δྫ. [17]͔ΒҾ༻.
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2.1. ը૾௒ղ૾ͷ֓ཁ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

Ұൠతʹ SRͰ͸, ೖྗͱͳΔ௿ղ૾౓ը૾ ILR͸, ਖ਼ղ (Ground Truth; GT)ͱͳΔߴ

ղ૾౓ը૾ IHRʹରͯ͠, ॖখ΍ϒϥʔ, ϊΠζ෇Ճ, ѹॖͳͲͷॲཧΛྼ͢ࢪԽؔ਺ΦΛ

ద༻͢Δ͜ͱͰੜ੒͞ΕΔͱԾఆ͞ΕΔ. ͢ͳΘͪ,

ILR = Φ(IHR; θL), (2.1)

ͱද͞Ε, ͜ͷ θLʹ͸ॖখഒ཰, ϒϥʔͷڧ౓, ϊΠζྔ, JPEGѹॖ཰ͳͲͷύϥϝʔλ

ؚ͕·ΕΔ. ྼԽؔ਺Φ͸௨ৗ, ඇՄ͔ͭٯະ஌Ͱ͋ΔͨΊ, SRͷ໨త͸͜ͷྼԽॲཧʹ

ର͢Δٯม׵ Φ−1Λਪఆ͠, ILR͔ΒରԠ͢Δߴղ૾౓ը૾ (SRը૾) ISRΛ෮͢ݩΔ͜

ͱͰ͋Δ:

ISR = Φ−1(ILR; θS). (2.2)

͜͜Ͱ, θS ͸ SRॲཧʹ͓͚ΔύϥϝʔλΛද͢. ۙ೥Ͱ͸, ͜ͷٯม׵ Φ−1Λχϡʔϥ

ϧωοτϫʔΫͰ࣮͢ݱΔΞϓϩʔν͕ओྲྀͱͳ͍ͬͯΔ.

SRͰ͸, ྼԽؔ਺ Φͷઃఆʹ͖ͮج, େ͖͘ط஌ྼԽʢnon-blind SRʣͱະ஌ྼԽ

ʢblind SRʣͷ 2ͭʹ෼ྨ͞ΕΔ. ,஌ྼԽͰ͸ط ྼԽؔ਺Λ໌ࣔతʹԾఆ͢ΔͨΊ, GT

ը૾ͱͷൺֱ͕ՄೳͰ͋Γ, Ϟσϧͷ७ਮͳ෮ݩೳྗΛධՁ͢Δͷʹద͍ͯ͠Δ. Ұํ, ະ

஌ྼԽͰ͸, ྼԽաఔ͕ෆ໌ͳ৔߹Λ૝ఆ͍ͯ͠Δ͜ͱ͔ΒGTը૾͕ଘͣͤࡏ, ଟ༷ͳ

࣮ը૾ʹରͯ͠΋దԠՄೳͳ͍ߴ൚༻ੑ͕ٻΊΒΕΔ.

SRͷධՁ࣠ͱͯ͠͸, ࿪Έ඼࣭ (Distortion) ͱ ஌֮඼࣭ (Perception) ͷ 2͕ͭ

͋Δ. ࿪Έ඼࣭͸, GTը૾ͱͷըૉ୯ҐͷҰக౓Λॏ͠ࢹ, Peak Signal-to-Noise Ratio

(PSNR)΍ Structural Similarity Index (SSIM) [18]ͳͲͷࢦඪΛ༻͍ͯఆྔతʹධՁ͞Ε

Δ. Ұํ, ஌֮඼࣭͸, ग़ྗը૾͕ਓؒͷ֮ࢹʹͱͬͯͲΕ͚ͩࣗવ͔ͭߴ඼࣭ʹ͡ײΒΕ
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2.1. ը૾௒ղ૾ͷ֓ཁ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

Δ͔ΛධՁ͢Δ΋ͷͰ͋Γ, ͦͷܾఆཁૉʹ͸, ςΫενϟͷ࣭ײ΍ߏ଄ͷࣗવ͞, ϒϥʔ

ͷ༗ແͳͲ, ը૾ͷ࣭ײ΍઱໌͞ͱ͍ͬͨ஌֮తʹॏཁͳ֮ࢹಛ௃ؚ͕·ΕΔ.͜ΕΒΛ

૯߹ͨ͠஌֮඼࣭ΛఆྔతʹධՁ͢ΔͨΊʹ, Learned Perceptual Image Patch Similarity

(LPIPS) [19] ͳͲͷχϡʔϥϧωοτϫʔΫʹࢦͮ͘جඪ͕༻͍ΒΕΔ.

ਤ 2.2: ࿪Έ඼࣭ͱ஌֮඼࣭ͷؔੑ܎. [20]ΑΓҾ༻.

ਤ 2.3: ࿪Έ඼࣭ͱ஌֮඼࣭͕τϨʔυΦϑͰ͋Δఆੑతͳൺֱྫ. [21]ΑΓҾ༻.
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2.1. ը૾௒ղ૾ͷ֓ཁ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

目的損失関数評価指標評価軸劣化条件

モデルの
ポテンシャル検証

L1 loss
PSNR, SSIM

(GTあり)
歪み品質
を重視

既知
(Bicubic補間)

歪み品質との
バランス最適化

L1 loss 
+

Perceptual loss
Adversarial lossなど

LPIPS, FIDなど
(GTあり)

知覚品質
を重視

汎用性向上・実応
用

L1 loss 
+

Perceptual loss
Adversarial lossなど

NIQE, MUSIQなど
(GTなし)

知覚品質
を重視

未知
(実世界の劣化
過程を再現)

ਤ 2.4: SR໰୊ઃఆ.

·ͨ, ਤ 2.2ʹࣔ͢Α͏ʹ, ͜ΕΒ 2ͭͷ඼࣭͸τϨʔυΦϑͷؔ܎ʹ͋Δ͜ͱ͕ใࠂ

͞Ε͍ͯΔ [20]. ࿪Έ඼࣭Λॏͨ͠ࢹϞσϧͰ͸, ෳ਺ͷਖ਼ղީิΛฏۉԽͨ݁͠Ռͱ͠

ͯσΟςʔϧ͕ࣦΘΕͨग़ྗͱͳΔ͕͋޲܏Γ, ඞͣ͠΋֮ࢹతͳධՁͱҰக͢Δͱ͸ݶ

Βͳ͍. ҰํͰ, ஌֮඼࣭Λॏͨ͠ࢹϞσϧͰ͸, ςΫενϟͷڧௐ΍ہॴతͳϊΠζΛ

൐͍΍͘͢, ըૉ୯ҐͰͷ੔߹ੑ͕ଛͳΘΕ΍͍͢ʢਤ .রʣࢀ2.3 ͜ͷΑ͏ʹ, SRͰ͸

྆ऀͷόϥϯεΛྀͨ͠ߟઃٻ͕ܭΊΒΕΔ.

ྼԽ৚݅ʢط஌/ະ஌ʣͱධՁ࣠ʢ࿪Έ඼࣭/஌֮඼࣭ʣ͸, SRϞσϧͷ໨త΍ઃํܭ

਑Λେ͖͘ࠨӈ͢Δओཁͳࢹ఺Ͱ͋Γ, ͜ΕΒ 2࣠Λ૊Έ߹ΘͤΔ͜ͱͰ, SRͷ୅දతͳ

3ͭͷઃఆ2ʹ෼ྨ͢Δ͜ͱ͕Ͱ͖Δʢਤ 2.4ʣ.

ຊষͰ͸, ਤ 2.4ʹࣔͨ͠ 2࣠ͷ໰୊ઃఆʹ͖ͮج, ҎԼͷ 3ͭͷ୅දతͳઃఆʹԊͬ

ͯ, .ͱख๏ͷಛ௃Λ੔ཧ͢Δ޲ಈڀݚ֤

• ࿪Έ඼࣭Λॏͨ͠ࢹઃఆ :(஌ྼԽط) ྼԽؔ਺͕ط஌Ͱ͋Γ, GTը૾ͱͷըૉ୯

ҐͷҰக౓Λॏ͢ࢹΔઃఆͰ͋Δ. ըૉ͝ͱͷࠩ෼ΛධՁ͢Δ PSNR΍, ଄ͷྨߏ

2ະ஌ྼԽԼͰ࿪Έ඼࣭ΛධՁ͢Δͷ͸ࠔ೉Ͱ͋ΔͨΊ, ͜ͷ૊Έ߹Θͤ͸௨ৗ૝ఆ͞Εͳ͍.
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2.1. ը૾௒ղ૾ͷ֓ཁ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ΛධՁ͢Δੑࣅ SSIMͱ͍ͬͨࢦඪΛ༻͍ͨఆྔతͳධՁ͕ҰൠతͰ͋Γ, ϕϯν

ϚʔΫͰ΋࠷΋࠾͘޿༻͞Ε͖ͯͨ. ֶशʹ͸L1 lossͳͲͷըૉϕʔεͷଛࣦؔ਺

͕༻͍ΒΕ, GTը૾ͱͷըૉ୯Ґͷ੔߹ੑʹ༏ΕΔҰํ, ग़ྗը૾͸ฏۉԽ͞Ε΍

͘͢, ඞͣ͠΋֮ࢹతͳධՁͱҰக͢Δͱ͸ݶΒͳ͍. ຊઃఆʹؔ͢Δؔ࿈ڀݚ, ֶ

शख๏, ධՁࢦඪʹ͍ͭͯ͸ 2.2અͰઆ໌͢Δ.

• ஌֮඼࣭Λॏͨ͠ࢹઃఆ :(஌ྼԽط) ྼԽؔ਺͕ط஌Ͱ͋ΔҰํͰ, ࿪Έ඼࣭Λॏ

,೉͍͕͠ݱ࠶ઃఆͰ͸ͨ͠ࢹ GTͱͷ֮ࢹతͳࣗવ͞΍࣭ײͷҰக౓Λॏ͢ࢹΔઃ

ఆͰ͋Δ. Perceptual loss΍Adversarial loss [22]ͳͲ, ग़ྗը૾ͷҙຯతɾ֮ࢹత੔

߹ੑΛॏͨ͠ࢹଛࣦؔ਺͕ಋೖ͞Ε͓ͯΓ, L1 lossͷΈͷ৔߹ͱൺֱͯ͠, ϒϥʔ

ͷ௿ݮ΍Τοδͷ઱ӶԽ, ςΫενϟͷ෮ݩͱ͍ͬͨߴप೾੒෼ͷߏ࠶੒͕Մೳͱ

ͳΔ. ධՁʹ͸, GTը૾ͱͷ֮ࢹతྨࣅ౓Λਂ૚ಛ௃্ۭؒͰଌఆ͢Δ LPIPS΍,

ੜ੒ը૾ͷࣗવ͞Λ౷ܭతʹධՁ͢Δ FID [23]ͳͲ͕༻͍ΒΕΔ. ຊઃఆʹؔ͢Δ

ؔ࿈ڀݚ, ֶशख๏, ධՁࢦඪʹ͍ͭͯ͸ 2.3અͰઆ໌͢Δ.

• ஌֮඼࣭Λॏͨ͠ࢹઃఆʢະ஌ྼԽʣ: ,ͳྼԽΛલఏͱ͠ࡶΔෳ͚͓ʹڥ؀࣮ ྼԽ

΁ͷϩόετੑͱ֮ࢹతͳࣗવ͞Λॏ͢ࢹΔઃఆͰ͋Δ. ରԠ͢ΔGTը૾͕ଘࡏ

͠ͳ͍ͨΊ, GTͱͷҰக౓Λଌఆ͢Δࢦඪ͸ద༻Ͱ͖ͣ, NIQE [24]΍MUSIQ [25]

ͳͲͷը૾୯ମͰධՁՄೳͳࢦඪ΍ओ؍ධՁʹ࣮ͮ͘ج༻ੑॏࢹͷධՁ͕ߦΘΕΔ.

ຊઃఆʹؔ͢Δؔ࿈ڀݚʹ͍ͭͯ͸ 2.4અͰड़΂Δ. ͳ͓, ຊ࿦จͰ͸͜ͷઃఆʹ͓

͚Δֶशख๏͓ΑͼධՁࢦඪ͸࢖༻͍ͯ͠ͳ͍ͨΊ, .͸ׂѪ͢Δࡉৄ

·ͨ, ຊ͕ͦڀݚΕͧΕͷઃఆʹ͓͍ͯͲͷΑ͏ͳΞϓϩʔνΛఏҊ͢Δ͔ʹ͍ͭͯ͸,

֤અ຤ʹ͓͍ͯ໌֬ʹҐஔ෇͚Λࣔ͢.
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2.2. ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

2.2 ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ

஌ྼԽ৚݅Լͷط SRڀݚͰ͸, PSNR΍ SSIMͱ͍ͬͨ࿪Έࢦඪͷ্޲Λ໨తͱ͢Δ

ख๏͕ओྲྀͰ͋Δ.͜ΕΒ͸, SRը૾ͱGTͷըૉ୯ҐͰͷҰக౓ΛධՁ͠, ఆྔతͳ੔

߹ੑΛอূ͢ΔͨΊͷࢦඪͱͯ͠࠾͘޿༻͞Ε͍ͯΔ. ͜ͷ࿮૊ΈͷԼͰ, ΑΓߴਫ਼౓ͳ

,ʹΔͨΊ͢ݱ੒Λ࣮ߏ࠶ ༷ʑͳCNNϕʔεͷϞσϧ͕ఏҊ͞Ε͖ͯͨ.

SRCNN [4]͸, ਂ૚ֶशΛॳΊͯ SRʹద༻ͨ͠ઌۦతख๏Ͱ͋Γ, 3૚ͷγϯϓϧͳ

CNNʹΑͬͯߏ੒͞Ε͍ͯͨ. FSRCNN [26]Ͱ͸, ೖྗը૾ͷBicubic֦େΛলུ͠, ॲ

ཧͷେ෦෼Λ௿ղ૾౓ۭؒͰߏ͏ߦ੒ͱ͢Δ͜ͱͰ, .ͨ͠ݱ଎ԽͱϞσϧͷܰྔԽΛ࣮ߴ

ESPCN [27]͸ Pixel Shuffle૚Λಋೖ͠, .཰ͳΞοϓαϯϓϦϯάΛୡ੒ͨ͠ޮߴ

͜ΕΒͷॳظख๏͸, ௿ղ૾౓ۭؒͰͷॲཧΛޙͨͬߦʹΞοϓαϯϓϦϯάʹΑͬͯ

,ղ૾౓ग़ྗΛੜ੒͢Δߴ ୅ͷݱ SRϞσϧʹڞ௨͢Δجຊߏ੒Λཱ֬ͨ͠. ͦͷޙ͸, Α

Γ͍ߴදྗݱΛ࣮͢ݱΔͨΊʹ, ઀ଓࠩ࢒ [21,28–30], Dense Block [31,32], Ξςϯγϣϯ

ߏػ [33–35]ͳͲ, Ϟδϡʔϧߏ੒ͷվྑ΍ωοτϫʔΫͷਂ૚ԽΛ௨ͯ͡ੑೳ্͕޲ਤ

ΒΕ͖ͯͨ.

VDSR [28]͸, ਂ૚Խͱֶࠩ࢒शʹΑΓޯ഑ফࣦΛ཈੍͠, .ͨ͠ݱΛ࣮ݩਫ਼౓ͳ෮ߴ

EDSR [29]͸, όονਖ਼نԽͷআڈͱࠩ࢒εέʔϦϯάʹΑΓֶश҆ఆੑͱੑೳΛཱ྆͠

ͨ. MSRResNet [30]͸ Residual Dense BlockΛಋೖ͠, ࠷཰ͱੑೳͷόϥϯεΛޮࢉܭ

దԽͨ͠. RCAN [33]͸Residual-in-Residualߏ଄ͱνϟωϧΞςϯγϣϯΛ૊Έ߹Θͤ,

ಛ௃ͷॏཁ౓Λಈతʹௐ੔͢ΔઃܭΛಋೖͨ͠.

ͦͷޙ,Ϟσϧઃܭͷओ࣠͸CNN͔ΒTransformer΁ͱҠͨ͠ߦ. IPT [36]͸ ImageNet

Ͱࣄલֶशͨ͠TransformerΛ׆༻͢Δ͜ͱͰ, CNNϕʔεͷੑೳΛ্ճͬͨ. SwinIR [37]

͸, Swin Transformer [38]Λج൫ͱ͠, ϩʔΧϧ΢Οϯυ΢ʹΑΔηϧϑΞςϯγϣϯʹ
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2.2. ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ΑΓ, .ͨ͠ݱPSNRͱύϥϝʔλޮ཰Λ࣮͍ߴ SwinIR͸, Ҏ߱ͷTransformerϕʔεͷ

Ϟσϧʹ͓͍ͯ, ඪ४తͳϕʔεϥΠϯͱͯ͠ఆண͍ͯ͠Δ.

͞Βʹ, SwinIRΛൃలͤͨ͞ੑߴೳϞσϧͱͯ͠, EDT [39], SwinFIR [40], HAT [41]

ͳͲ͕ఏҊ͞Ε͍ͯΔ. ಛʹ HAT͸, ΫϩεΞςϯγϣϯͱ ImageNetࣄલֶशΛ૊Έ

߹Θͤ, TransformerͷදྗݱΛ࠷େԽ͢Δ͜ͱͰ, State-of-the-Art (SOTA) ੑೳΛୡ੒

ͨ͠.

ۙ೥Ͱ͸, Transformerʹ୅ΘΔ৽ͨͳΞʔΩςΫνϟͱͯ͠, ঢ়ଶۭؒϞσϧʢState

Space Model; SSMʣʹͮ͘جMamba͕஫໨͞Ε͍ͯΔ. MambaΞʔΩςΫνϟΛ࠾༻

ͨ͠MambaIR [42]͸, TransformerϕʔεͷϞσϧʹඖఢ͢Δ͍ߴ SRੑೳΛ͓ࣔͯ͠Γ,

.଴͞Ε͍ͯΔظͷ༗ྗͳख๏ͱͯ͠ޙࠓ

͜ͷΑ͏ʹ, ࿪Έ඼࣭Λॏطͨ͠ࢹ஌ྼԽ SRͷڀݚ͸, ॳظͷ CNNϞσϧ͔Β࢝·

Γ, ωοτϫʔΫߏ଄ͷվྑΛॏͶͳ͕ΒਐԽ͖ͯͨ͠. ֤ஈ֊Ͱͷઃ্ܭͷ޻෉͕, ࿪

Έ඼࣭ͷݶքΛண࣮ʹԡ͖ͨͯ͛͠޿ͱ͑ݴΔ. ҰํͰ, ΕΔֶशσʔληοτ͸͞༺࢖

DIV2K΍DF2KͳͲॳظʹཱ֬͞Εͨ΋ͷ͕௕Β͘౿ऻ͞Ε͓ͯΓ, Ϟσϧͷൃలͱ͸

ରরతʹσʔλଆͷߋ৽͸΄ͱΜͲਐΜͰ͍ͳ͍. ͜ͷΑ͏ͳঢ়گΛ౿·͑, ຊ࿦จͰ͸,

͜ͷઃఆʹ͓͚Δੑೳ্޲Λ͞Βʹଅਐ͢ΔͨΊ, ୈ 4ষ͓Αͼୈ 5ষʹ͓͍ͯ, ඼࣭ߴ

͔ͭଟ༷ͳֶशσʔλΛޮ཰తʹߏஙɾ׆࠶༻͢ΔͨΊͷΞϓϩʔνΛఏҊ͢Δ.

2.2.1 SRϞσϧͷجຊߏ଄

2025೥ࡏݱ, SRϞσϧʹ͓͚Δඪ४తͳΞʔΩςΫνϟ͸,ਤ 2.5ʹࣔ͢Α͏ʹ,Ұൠʹ

Shallow Feature Extraction, Deep Feature Extraction, Image Reconstruction

ͷ 3ஈ֊Ͱߏ੒͞ΕΔ. ͜ͷߏ੒͸RCAN [33] ʹ͓͍ͯ໌֬ʹఆࣜԽ͞ΕͯҎ߱, ଟ͘ͷ

୅දతख๏Ͱ౿ऻ͞Ε͓ͯΓ, Ͱ͸ࡏݱ SRϞσϧʹ͓͚Δجຊઃܭͱͯ͘͠޿ఆணͯ͠
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2.2. ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

͍Δ.

畳み込み層

活性化関数

アップサンプリング層

Group-1

Block

Deep Feature ExtractionShallow Feature 
Extraction

＋

Reconstruction

Group-2 Group-N

Block-1 ＋Block-2 Block-M

Group

ਤ 2.5: SRϞσϧͷجຊߏ੒ྫ.

Shallow Feature Extraction. ॳͷஈ֊Ͱ͸,ೖྗ͞ΕΔ௿ղ૾౓ը૾࠷ ILR ∈ RH×W×3

Λॳظͷಛ௃ۭؒ΁ͱม͢׵Δ. ͜͜Ͱ H ͱ W ͸ͦΕͧΕը૾ͷ͞ߴͱ෯, νϟωϧ਺

3͸RGBը૾Λҙຯ͢Δ. ௨ৗ, 1૚·ͨ͸গ਺ͷ৞ΈࠐΈ૚Λ༻͍ͯ, Τοδ΍ςΫε

νϟͳͲͷہॴతͳߏ଄Λอ࣋ͨ͠ಛ௃Ϛοϓ FSF Λநग़͢Δ. ͜ͷॲཧ͸ҎԼͷΑ͏

ʹද͞ΕΔ:

FSF = HSF(ILR). (2.3)

͜͜Ͱ, HSF ͸ઙ૚ಛ௃நग़Λ୲͏ωοτϫʔΫͷॲཧશମΛදؔ͢਺Ͱ͋Δ. ಘΒΕͨ

ಛ௃͸, .ଓͷਂ૚ಛ௃நग़ͷೖྗͱͯ͠༻͍ΒΕΔޙ

Deep Feature Extraction. ࣍ʹ, ઙ૚ಛ௃ FSF ʹରͯ͠, ϒϥʔͳͲͷྼԽʹΑͬͯ

ࣦΘΕͨςΫενϟ΍ΤοδͳͲͷߴप೾੒෼Λ෮͢ݩΔͨΊͷม׵Λ͏ߦ. ͜ͷஈ֊Ͱ

͸, ,ϒϩοΫࠩ࢒ Ξςϯγϣϯߏػ, Transformer૚ͳͲ, ϞσϧʹԠͨ͡ߏ଄͕༻͍Β

Ε, .Λֶश͢Δ܎Ҭͳۭؒతจ຺΍ಛ௃ؒͷؔ޿ ͜ͷॲཧ͸࣍ͷΑ͏ʹఆࣜԽ͞ΕΔ:
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2.2. ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

FDF = HDF(FSF). (2.4)

͜͜Ͱ, HDF ͸ਂ૚ಛ௃நग़Λ୲͏ωοτϫʔΫͷॲཧશମΛදؔ͢਺Ͱ͋Δ. ෳ਺ͷ૚

͔ΒͳΔඇઢܗม׵ʹΑΓ๛͔ͳදݱΛ֫ಘ͠, .ΛՄೳʹ͢Δݩਫ਼౓ͳ෮ߴ

Image Reconstruction. ,ʹޙ࠷ ಘΒΕͨਂ૚ಛ௃ FDF Λ΋ͱʹ, SRը૾ ISR Λग़ྗ

͢Δ. ͜͜Ͱ, ۭؒղ૾౓Λ্͛ΔͨΊͷΞοϓαϯϓϦϯάॲཧ͕ඞཁͱͳΔ. ͜ͷ࣌,

ઢؒิܗʹΑΔิؒख๏Ͱ͸ͳ͘, సஔ৞ΈࠐΈ΍Pixel Shuffle [27] ͱֶ͍ͬͨशՄೳͳ

ख๏͕࢖༻͞ΕΔ. ಛʹ Pixel Shuffle͸, νϟωϧํ޲ͷ৘ใΛۭؒతʹ࠶഑ஔ͢Δ͜ͱ

Ͱ, ཰͔ͭΞʔνϑΝΫτͷগͳ͍ޮߴ SRΛՄೳʹ͢Δख๏Ͱ͋Γ, ͷࡏݱ SRϞσϧʹ

͓͚ΔओྲྀͳΞοϓαϯϓϦϯάख๏ͱͳ͍ͬͯΔ. ͜ͷॲཧ͸࣍ͷΑ͏ʹهड़͞ΕΔ:

ISR = HREC(FDF). (2.5)

͜͜Ͱ, HREC ͸ը૾ߏ࠶੒ωοτϫʔΫΛදؔ͢਺Ͱ͋Γ, ऴతͳ࠷ SRը૾ͷग़ྗΛ

୲͏.

2.2.2 ֶशํ๏

ຊతͳֶशϑϩʔΛਤج஌ྼԽઃఆʹ͓͚Δط 2.6ʹࣔ͢. Ұൠతͳख๏Ͱ͸, ਖ਼ղͱ

ͳΔߴղ૾౓ը૾ (GTը૾) ʹରͯ͠BicubicิؒʹΑΔμ΢ϯαϯϓϦϯάΛ͍ߦ, ௿

ղ૾౓ը૾Λੜ੒͢Δ. ͦͷޙ, ྆ը૾͔ΒϥϯμϜΫϩοϓʹΑΓରԠ͢ΔύονΛந

ग़͠, ύον୯ҐͰͷࣗ͋ࢣڭݾΓֶश͕ߦΘΕΔ. ۩ମతʹ͸, ֶशύϥϝʔλ θ Λ࣋

ͭωοτϫʔΫ Nθ ʹ௿ղ૾౓ը૾ ILR Λೖྗ͠, ग़ྗͱͯ͠ SRը૾ ISR = Nθ(ILR) Λ

ಘΔ. ͦͯ͠, GTը૾ IHR ͱͷؒʹఆٛ͞ΕΔଛࣦؔ਺Λ࠷খԽ͢ΔΑ͏ʹ, ύϥϝʔ
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2.2. ࿪Έ඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

低解像度
パッチ

SR
model

Random 
crop

低解像度画像

高解像度画像

L1 loss

高解像度
パッチ

超解像
パッチ

Bicubic
補間

Random 
crop

ਤ 2.6: .ຊతͳֶशաఔج஌ྼԽઃఆʹ͓͚Δط

λ θ Λߋ৽͢Δ. ͜ͷͱ͖, ଟ͘ͷख๏Ͱ͸ըૉ୯ҐͰͷࠩޡΛ௚઀ࢉܭͰ͖, ޯ഑ͷ҆

ఆੑʹ΋༏ΕΔ L1 loss͕༻͍ΒΕΔ. ಛʹ, L2 lossͱൺֱͯ͠ա౓ͳฏ׈ԽΛ཈੍Ͱ͖,

Τοδ৘ใͷอ࣋ʹ΋༏Ε͍ͯΔ͜ͱ͔Β, ࿪Έ඼࣭ͷ࠷దԽʹ͓͍ͯ࠾͘޿༻͞Ε͍ͯ

Δ. L1 loss͸ҎԼͷΑ͏ʹఆٛ͞ΕΔ:

L1 = ∥IHR − ISR∥1 . (2.6)

2.2.3 ධՁํ๏

ըૉ͝ͱͷࠩ෼ΛධՁ͢ΔPSNR΍, ΛධՁ͢Δੑࣅ଄ͷྨߏ SSIM [18]ͱ͍ͬͨࢦඪ

Λ༻͍ͨఆྔతධՁ͕ҰൠతͰ͋Δ. ,Ε͍ͯΔͷ͸PSNRͰ͋Γ͞༺࢖͘޿΋࠷ ը૾શ

ମͷฏۉೋ৐ࠩޡʢ(Mean Squared Error; MSE)ʹ͖ͮج, ࣍ࣜͰఆٛ͞ΕΔ:

PSNR = 10 · log10

(
MAX2

I
1
N

∑N
i=1 (IHR,i − ISR,i)

2

)
. (2.7)

͜͜Ͱ MAXI ͸ըૉ஋ͷ࠷େ஋ʢ௨ৗ 8Ϗοτը૾Λѻ͏ͨΊ, 255ʣ, N ͸ըૉ਺Λද

͢. Ұํ, SSIM͸ً౓ɾίϯτϥετɾߏ଄ͷ 3ཁૉΛ౷߹ͨ͠ߏ଄తྨࣅ౓ࢦඪͰ͋Γ,
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2.3. ஌֮඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

࣍ࣜͰఆٛ͞ΕΔ:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
. (2.8)

͜͜Ͱ µx, µy ͸ฏًۉ౓, σ2
x, σ

2
y ͸෼ࢄ, σxy ͸ڞ෼ࢄ, C1, C2 ͸҆ఆԽఆ਺Ͱ͋Δ. ͜

ΕΒͷࢦඪ͸, 2.6߲Ͱޙड़͢ΔධՁσʔληοτΛ༻͍ͯ, SRϞσϧͷੑೳΛൺֱɾධ

Ձ͢Δ͘޿ʹࡍ༻͍ΒΕ͍ͯΔ.

2.3 ஌֮඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ

JohnsonΒ [43]͸, ैདྷͷ L1 lossͷΈͰ͸ҙຯత੔߹ੑ΍ߴप೾੒෼ͷݶʹݱ࠶ք͕

͋Δ͜ͱΛࢦఠ͠, VGGωοτϫʔΫͷதؒಛ௃ʹͮ͘ج Perceptual lossΛಋೖ͢Δ͜

ͱͰ, SRʹ͓͚Δ஌֮඼࣭Λେ͖͘վળͨ͠.͜ͷଛࣦʹΑΓ, Ϟσϧ͸ҙຯత੔߹ੑΛ

อͪͭͭ, ςΫενϟ΍ܗঢ়ͷੑݱ࠶ʹ༏Εͨࣗવͳ SRը૾Λੜ੒Մೳͱͳͬͨ.

͜ͷྲྀΕΛ͞Βʹൃలͤͨ͞ͷ͕ SRGAN [21] Ͱ͋Δ.SRGAN ͸, JohnsonΒ͕ಋೖ

ͨ͠ Perceptual lossʹՃ͑, ఢରతੜ੒ωοτϫʔΫʢGenerative Adversarial Network;

GANʣ [22] ͷ࿮૊ΈΛ౷߹͢Δ͜ͱͰ, SRը૾ͷϦΞϦςΟΛҰ૚ߴΊͨ.ͦͷվྑ൛

Ͱ͋Δ ESRGAN [30] ͸, ಛ௃දݱͷڧԽΛ໨తͱͯ͠, ෳ਺ͷࠩ࢒ϒϩοΫΛ֊૚తʹ

ೖΕߏࢠ଄Ͱ઀ଓͨ͠ Residual-in-Residual Dense BlockʢRRDBʣΛ࠾༻͠, όονਖ਼ن

ԽΛআ͢ڈΔ͜ͱͰදྗݱͱֶश҆ఆੑΛཱ͍྆ͯ͠Δ.

͞Βʹۙ೥Ͱ͸,ΑΓੑߴೳͳੜ੒ϞσϧΛSRʹऔΓೖΕΔྲྀΕ͕ਐΜͰ͍Δ.GLEAN [44]

͸, Έͷࡁલֶशࣄ StyleGAN [45] Λ෮ݩϞδϡʔϧͱͯ͠׆༻͠, Τϯίʔμ͔Βಘͨ

ಛ௃Λ StyleGAN ͷજۭؒࡏʹϚοϐϯά͢Δ͜ͱͰ, GANͷੜ੒ೳྗΛ࠷େݶʹҾ͖

ग़͍ͯ͠Δ. ͦͷޙ, GANΛ௒͑Δ৽ͨͳੜ੒ύϥμΠϜͱͯ͠, Ϟσϧࢄ֦ [46,47]ΛԠ
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2.3. ஌֮඼࣭Λॏͨ͠ࢹઃఆʢط஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

༻ͨ͠ SR3 [48] ͕ొ৔ͨ͠.SR3 ͸, ੜ੒աఔΛஞ࣍తͳϊΠζআڈϓϩηεͱͯ͠ఆࣜ

Խ͢Δ͜ͱͰ, વͳ͔ࣗͭࡉਫ਼ߴ SRΛ࣮͍ͯ͠ݱΔ.ࡏݱͰ͸, Ϟσϧ͸ͦͷ༏Εͨࢄ֦

஌֮඼࣭͔Β, SRʹ͓͚Δ஌֮඼࣭Λॏ͢ࢹΔΞϓϩʔνͷத৺తଘࡏͱͳΓͭͭ͋Δ.

͜ͷΑ͏ʹ, ,ͷΞϓϩʔν͸ࢹ஌ྼԽ৚݅Լʹ͓͚Δ஌֮඼࣭ॏط Perceptual lossͷ

ಋೖ͔Β࢝·Γ, GANΛ༻͍ͨख๏, ͞Βʹ͸֦ࢄϞσϧͷ׆༻΁ͱൃల͓ͯ͠Γ, ΑΓ

ࣗવͰߴ඼࣭ͳ SRΛ໨ͯ͠ࢦਐԽΛଓ͚͍ͯΔ. ຊ࿦จͰ͸, ͜ͷઃఆʹ͓͍ͯ, ൫Ϟج

σϧͰ͋ΔCLIPΛ׆༻ͨ͠Perceptual lossΛಋೖ͢Δ͜ͱͰ, ҙຯతɾ֮ࢹత੔߹ੑʹ

༏Εͨग़ྗͷ࣮ݱΛ໨͢ࢦ. ͦͷৄࡉ͸ୈ 3ষͰड़΂Δ.

2.3.1 ֶशํ๏

஌֮඼࣭ͷ্޲Λ໨తͱͨ͠ϞσϧͰ͸, ैདྷͷ L1 lossʹՃ͑ͯ, Perceptual loss΍

Adversarial lossͱ͍ͬͨଛࣦؔ਺͕ಋೖ͞ΕΔ͜ͱ͕ଟ͍. Perceptual loss͸, ImageNet

Ͱࣄલֶश͞ΕͨVGGωοτϫʔΫͷதؒಛ௃ϚοϓΛ༻͍ͯ, SRը૾ͱGTը૾ͷҙ

ຯతɾ֮ࢹతͳࠩҟΛಛ௃্ۭؒͷڑ཭ͱͯ͠ධՁ͢Δଛࣦؔ਺Ͱ͋Δ.

SRը૾ ISR ͱGTը૾ IHR ʹରͯ͠, ಛ௃நग़ωοτϫʔΫ φ ͷୈ l૚͔ΒಘΒΕΔ

ಛ௃ϚοϓΛ༻͍Δͱ, Perceptual loss Lper ͸ҎԼͷΑ͏ʹఆٛ͞ΕΔ:

Lper =
∥∥φ(l)(ISR)− φ(l)(IHR)

∥∥2
2

(2.9)

͜͜Ͱ, φ(l)(·) ͸ωοτϫʔΫ φ ͷ l૚ʹ͓͚Δग़ྗಛ௃Λද͢. ͜ͷଛࣦʹΑΓ, ߴ

प೾੒෼΍ҙຯత੔߹ੑͷอ͕࣋ଅਐ͞Ε, ΑΓ֮ࢹతʹࣗવͳग़ྗ͕ಘΒΕΔ. ͳ͓,

Adversarial lossʹ͍ͭͯ͸, ຊڀݚͰ͸࢖༻͍ͯ͠ͳ͍ͨΊ, .ͳઆ໌͸ׂѪ͢Δࡉৄ
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2.4. ஌֮඼࣭Λॏͨ͠ࢹઃఆʢະ஌ྼԽʣ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

2.3.2 ධՁํ๏

஌֮඼࣭ͷධՁʹ͸, LPIPS͕͘޿༻͍ΒΕ͍ͯΔ. LPIPS͸, ImageNetͰࣄલֶश͞

Εͨਂ૚ωοτϫʔΫʢAlexNet [49]΍VGGͳͲʣͷதؒಛ௃Ϛοϓʹ͍ͯͮج, SRը

૾ͱGTը૾ͷ֮ࢹత੔߹ੑΛఆྔతʹධՁ͢ΔࢦඪͰ͋Δ. PSNR΍ SSIMͱ͍ͬͨ࿪

Έࢦඪͱ͸ҟͳΓ, LPIPS͸ਓؒͷओ؍తͳ஌֮ͱ͍ߴ૬ؔΛࣔ͢͜ͱ͕ใ͞ࠂΕ͓ͯΓ,

஌֮඼࣭ͷධՁʹ͓͍ͯ࠾͘޿༻͞Ε͍ͯΔ. ͳ͓, ಛ௃நग़ثͱͯ͠͸ҰൠʹAlexNet

Λ༻͍ͨઃఆ͕҆ఆͯ͠ྑ޷ͳ݁ՌΛࣔ͢͜ͱ͔Β, ଟ͘ͷڀݚͰඪ४తʹ࠾༻͞Εͯ

͍Δ.

2.4 ஌֮඼࣭Λॏͨ͠ࢹઃఆʢະ஌ྼԽʣ

,Δը૾ྼԽ͸͚͓ʹڥ؀࣮ ηϯαʔಛੑ΍ࡱӨ৚݅, ѹॖॲཧͳͲଟ༷ͳཁҼ͕ෳࡶ

ʹؔ༩͓ͯ͠Γ, ͦͷྼԽաఔΛີݫʹఆࣜԽ͢Δ͜ͱ͸ۃΊͯࠔ೉Ͱ͋Δ. ͜ͷͨΊ, ཧ

࿦తʹϞσϧԽ͢ΔͷͰ͸ͳ͘, తʹରॲࣅΔ͜ͱͰۙ͢ݱ࠶ʹͷը૾ྼԽΛ໛ٖత࣮ݱ

͢Δख๏͕ओྲྀͱͳ͍ͬͯΔ.

ະ஌ྼԽԼʹ͓͍ͯ஌֮඼࣭ΛߴΊΔʹ͸, ୯ҰͷྼԽͰ͸ෆे෼Ͱ͋Γ, ʹը૾࣮ݱ

͍ۙଟ༷ͳྼԽΛ໛ٖ͢Δඞཁ͕͋Δ.ͦͷ୅දྫ͕ BSRGAN [50] Ͱ͋Γ, ϒϥʔ, ϊΠ

ζ, JPEGѹॖͳͲෳ਺ͷྼԽૢ࡞ΛϥϯμϜͳॱং͓Αͼڧ౓Ͱద༻͢Δ͜ͱͰ, ࣮ݱ

తͳྼԽ෼෍Λۙ͠ࣅ, ࣮ը૾ʹର݈ͯ͠ؤͳϞσϧͷֶशΛ࣮͍ͯ͠ݱΔ

Real-ESRGAN [51]͸͜ͷΞϓϩʔνΛ͞Βʹൃలͤ͞, ྼԽγϛϡϨʔγϣϯͷਫ਼៛

ԽʹՃ͑, DiscriminatorʹU-Netߏ଄΍εϖΫτϧਖ਼نԽΛಋೖ͢Δ͜ͱͰ, ҆ఆֶͨ͠

शͱ֮ࢹ͍ߴ඼࣭ͷཱ྆ΛՄೳʹͨ͠. ͦͷޙ, ΑΓ࣮༻ੑͷ͍ߴख๏͕਺ଟ͘ఏҊ͞Ε

͍ͯΔ [52–54].
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2.5. ֶशσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ҰํͰ, GANϕʔεͷख๏͸࣮ࣸతͳग़ྗΛՄೳͱ͢Δ൓໘, Ϟʔυ่յ΍ΞʔνϑΝ

ΫτͳͲͷෆ҆ఆੑΛ൐͏. ͜͏ͨ͠՝୊Λࠀ෰͢Δ৽ͨͳํੑ޲ͱͯ͠, SR3 [48]ͷྲྀΕ

Λܧঝ֦ͨ͠ࢄϞσϧΛϕʔεͱͨ͠ͷ SRϞσϧ͕஫໨͞Ε͍ͯΔ. ྫ͑͹, SeeSR [55]

͸, ஶ͘͠ྼԽ࣮ͨ͠ը૾ʹରͯ͠΋ҙຯత੔߹ੑΛҡ࣋͠ͳ͕Βߴ඼࣭ͳ෮ݩΛ࣮͠ݱ,

.ԼͰ࣮ূ͍ͯ͠ΔڥϞσϧͷ༗ޮੑΛະ஌ྼԽ؀ࢄ֦ ͜ͷΑ͏ʹ, ະ஌ྼԽԼͷ஌֮඼

࣭ॏࢹͷڀݚ͸, GANʹΑΔ໛ٖతྼԽੜ੒͔Β, ϞσϧʹΑΔ҆ఆతੜ੒΁ͱൃలࢄ֦

͍ͯ͠Δ.

ຊ࿦จͰ͸, ͜ͷઃఆͰֶशͨ͠ SRϞσϧΛ༻͍ͯ, ѹॖྼԽΛؚΉ௿඼࣭ը૾Λิ

ਖ਼͢Δ͜ͱͰ, ֶशՄೳͳσʔλ΁ͱߏ࠶੒͢Δ৽ͨͳσʔληοτߏஙख๏ΛఏҊ͢Δ.

ͦͷৄࡉ͸ୈ 5ষͰड़΂Δ.

2.5 ֶशσʔληοτ

ਂ૚ֶशϞσϧͷੑೳ͸, ֶशʹ༻͍Δσʔλʹେ͖͘ґଘ͢Δ. SR෼໺ʹ͓͍ͯ΋,

,඼࣭͔ͭଟ༷ͳֶशσʔληοτͷ੔උ͸ߴ Ϟσϧͷਫ਼౓΍൚Խੑೳͷ্޲ʹ௚݁͢Δ

ॏཁͳཁૉͰ͋Δ.

ॳظͷ୅දతͳσʔληοτͱͯ͠͸, T91 [56]͓ΑͼBSDS200 .ΒΕΔ͛ڍ͕[57] ͦ

ΕͧΕ 91ຕ͓Αͼ 200ຕͷࣗવը૾Ͱߏ੒͞Ε, SRCNN΍VDSRͱ͍ͬͨॳظͷ SRϞ

σϧͷֶशʹ͘޿༻͍ΒΕ͍ͯͨ. ౰࣌͸ઙ͍ωοτϫʔΫ͕ओྲྀͰ͋ͬͨͨΊ, খن໛

σʔληοτͰ͋ͬͯ΋Ұఆͷੑೳ͕ಘΒΕ͍ͯͨ.

ͦͷޙ,Ϟσϧͷେن໛ԽͱੑߴೳԽʹ൐͍,ΑΓߴղ૾౓͔ͭଟ༷ͳը૾Λඋ͑ͨσʔ

ληοτͷඞཁੑ͕ߴ·Γ, 2017೥ʹ͸DIV2K [5]͕ొ৔ͨ͠. DIV2K͸, ѹॖϊΠζͷ

গͳ͍ 2Kղ૾౓ͷը૾ 800ຕ͔ΒͳΓ, ΋ඪ४తͳֶश͓ΑͼධՁ༻σʔληοτࡏݱ
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2.5. ֶशσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ͱͯ͠࢖͘޿༻͞Ε͍ͯΔ. Ճ͑ͯ, Flickr͔Βऩू͞Εͨ 2, 650ຕͷ Flickr2K [6]ͱ౷

߹ͨ͠DF2K΋, ΑΓେن໛ͳֶशͷͨΊʹ׆༻͞Ε͍ͯΔ.

͞Βʹେن໛ͳϞσϧΛֶशͤ͞ΔͨΊʹ͸, ΑΓେن໛ͳσʔληοτ͕ٻΊΒΕΔ.

ͦͷྫͱͯ͠, 84, 991ຕͷߴղ૾౓ը૾͔ΒͳΔ LSDIR [58]΍, 50, 000ຕͰߏ੒͞ΕΔ

HQ-50K [59]͕ఏҊ͞Ε͍ͯΔ. ͜ΕΒͷσʔληοτ͸, ѹॖྼԽ͕গͳ͘඼࣭ͷ͍ߴ

ը૾ͷΈΛݫબ͓ͯ͠Γ, ਫ਼౓ͳߴ SRֶशʹద͍ͯ͠Δ. ͔͠͠ͳ͕Β, ඼࣭ը૾ͷऩߴ

ूʹ͸ଟେͳίετΛ൐͏ͨΊ, σʔλن໛͸ґવͱͯ͠਺ສຕʹͱͲ·͍ͬͯΔ

ҰํͰ, ΑΓଟ༷ͳ֮ࢹ৘ใΛऔΓࠐΉͨΊʹ, ImageNet [12]ͷΑ͏ͳେن໛൚༻ը૾

σʔληοτͷ׆༻΋ߦΘΕ͍ͯΔ [36,41,60]. ImageNet͸໿ 128ສຕͷը૾ΛؚΈ, ଟ

༷ͳΧςΰϦΛ໢ཏ͍ͯ͠ΔͨΊ, ಛʹςΫενϟ΍ߏ଄ͷଟ༷ੑΛֶशͤ͞Δ্Ͱ༗༻

Ͱ͋Δ. ͨͩ͠, JPEGѹॖ͞Εͨ௿ղ૾౓ը૾͕େ൒Λ઎Ί͍ͯΔͨΊ, ਫ਼౓ͳߴ SRͷ

ֶशʹѱӨڹΛٴ΅͢Մೳੑ΋ࢦఠ͞Ε͍ͯΔ [58].

ຊڀݚͰ͸, .Δ͢༺࢖ͷଟ༷ͳֶशσʔληοτΛ໨తʹԠͯ͡૊Έ߹Θͤͯه্ Ҏ

Լʹඪ४తͳֶशσʔληοτΛࣔ͢.

DIV2K [5]. 800ຕͷߴղ૾౓ը૾͔ΒͳΔσʔληοτͰ͋Γ, ࣗવ෩ܠ΍ݐ෺, ਓ෺

ͳͲଟ༷ͳγʔϯΛؚΉ. ओʹ SRλεΫʹ࢖༻͞ΕΔ͕, σϊΠδϯά΍ JPEGѹॖআ

.λεΫʹ΋Ԡ༻͞Ε͍ͯΔݩͳͲଞͷը࣭෮ڈ ֤ը૾͸৻ॏʹબఆɾલॲཧ͞Ε͓ͯΓ,

.੒ͱͳ͍ͬͯΔߏղ૾౓͔ͭࣗવը૾ͷଟ༷ੑΛඋ͑ͨߴ ਤ 2.7͸DIV2Kʹؚ·Ε

Δը૾ͷྫͰ͋Δ.

Flickr2K [6]. Flickr3͔Βऩू͞Εͨ 2, 650ຕͷߴղ૾౓ը૾Ͱߏ੒͞Ε͓ͯΓ, ೔ৗ෩

,؍ܠࢢΒ౎͔ܠ ࣨ಺ۭؒʹࢸΔ·Ͱൺֱతଟ༷ͳඃࣸମؚ͕·Ε͍ͯΔ. ը૾͝ͱͷ඼

࣭͸͹Β͖͕ͭ͋Δ΋ͷͷ, SRϞσϧͷεέʔϥϏϦςΟূݕͷͨΊʹ, DIV2Kͱซ༻͞

3https://www.flickr.com/
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2.5. ֶशσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ਤ 2.7: DIV2K [5]Λߏ੒͢Δը૾ͷྫ.

ਤ 2.8: Flickr2K [6]Λߏ੒͢Δը૾ͷྫ.

ΕΔ͜ͱ͕ଟ͍. ྆ऀΛ౷߹ͨ͠σʔληοτ͸, DF2Kͱݺ͹ΕΔ. ਤ 2.8͸ Flickr2K

ʹؚ·ΕΔը૾ͷྫͰ͋Δ.

LSDIR [58]. LSDIR͸, 84, 991ຕͷߴղ૾౓ը૾͔ΒͳΔେن໛ͳσʔληοτͰ͋

Δ. ຊσʔληοτ͸ Flickr͔Βࣗಈతʹը૾ΛΫϩʔϧͯ͠ऩू͞Ε͓ͯΓ, ଟ༷ੑΛ

֬อ͢ΔͨΊʹ Flickr2Kͷߏஙʹ࢖༻͞Εͨλά, Flickrͷਓؾλά, ImageNet͓Αͼ

ImageNet-21kͷϥϕϧൣ޿͍ͨͮجʹ܈ͳΩʔϫʔυ͕ࡧݕ༻͍ΒΕ͍ͯΔ. ը૾ͷબ

ఆʹ͓͍ͯ͸, ಛʹϒϨͷݕग़΍֮ࢹ৘ใʹ๡͍͠ϑϥοτྖҬͷݕग़͕ॏ͞ࢹΕ, ͦΕ

Βʹ֘౰͢Δը૾͸আ֎͞Εͨ. ͜ΕʹՃ͑, ղ૾౓, ΞεϖΫτൺ, ,Ө೔ࡱ λά, ϥΠη

ϯεͱ͍ͬͨϝλ৘ใʹࣗͮ͘جಈϑΟϧλϦϯά΋ซ༻͞Ε͍ͯΔ. ϑΟϧλϦϯάޙ
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2.5. ֶशσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ਤ 2.9: LSDIR [58]Λߏ੒͢Δը૾ͷྫ.

ਤ 2.10: ImageNet [12]Λߏ੒͢Δը૾ͷྫ.

ʹ͸, நग़͞Εͨαϯϓϧը૾Λର৅ͱͨ͠໨֬ࢹೝ΋ߦΘΕ͓ͯΓ, ը૾඼࣭ͷҰఆͷ

อূ͕ͳ͞Ε͍ͯΔ. ਤ 2.9͸ LSDIRʹؚ·ΕΔը૾ͷྫͰ͋Δ.

ImageNet [12]. ImageNet (ImageNet-21kͱ΋ݺ͹ΕΔ)͸, ໿ 21,000ΧςΰϦɾ1, 400

ສຕҎ্ͷը૾͔Βߏ੒͞ΕΔେن໛ͳը૾σʔληοτͰ͋Δ.ͦͷதͰ΋, ໿ 1, 000Χ

ςΰϦɾ128ສຕͷը૾Λൈਮͨ͠ ImageNet-1k͕࠷΋͘޿ར༻͞Ε͓ͯΓ,ଟ༷ͳ෺ମ΍

γʔϯΛؚΉͨΊ, ൚༻తͳ֮ࢹදݱͷֶशʹదͨ͠σʔληοτͰ͋Δ. ओʹVGGͳͲ

ͷը૾෼ྨϞσϧͷࣄલֶशʹ༻͍ΒΕ͖ͯͨ΄͔, SRʹ͓͍ͯ΋, Perceptual lossʹ༻

͍Δಛ௃நग़ثͷֶश͚ͩͰͳ͘, SRϞσϧຊମͷࣄલֶशʹ΋ར༻͞Ε͍ͯΔ. ਤ 2.10

͸, ImageNetʹؚ·ΕΔը૾ͷྫͰ͋Δ.
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2.6. ධՁσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

baby butterfly bird woman head

ਤ 2.11: Set5 [61]Λߏ੒͢Δશը૾.

baboon comic

flower foreman lenna man monarch

barbara bridge coastguard head

zebra

pepper ppt3

ਤ 2.12: Set14 [62]ʹؚ·ΕΔશը૾.

2.6 ධՁσʔληοτ

ຊڀݚͰ͸, SRੑೳΛఆྔతɾఆੑతʹධՁ͢ΔͨΊʹ, ҎԼͷҟͳΔղ૾౓΍ಛ௃Λ

࣋ͭධՁσʔληοτΛ࢖༻͢Δ.

Set5 [61] ը૾ॲཧ෼໺Ͱ͔͘ݹΒը࣭ධՁʹ༻͍ΒΕ͖ͯͨ 5ຕͷࣗવը૾͔Βߏ੒͞

ΕΔখن໛ͳධՁσʔληοτͰ͋Γ, ը૾ͷฏۉղ૾౓͸໿ 313×336ϐΫηϧͰ͋Δ.

ਤ 2.11ʹ Set5ʹؚ·ΕΔશը૾Λࣔ͢.

Set14 [62] Set5ͱಉ༷, ը૾ॲཧ෼໺Ͱ͔͘ݹΒը࣭ධՁʹ༻͍ΒΕ͖ͯͨ 14ຕͷը

૾͔ΒͳΔখن໛ͳධՁσʔληοτͰ͋Γ, ฏۉղ૾౓͸໿ 527×446ϐΫηϧͰ͋Δ.

ਤ 2.12ʹ Set14ͷશը૾Λࣔ͢.

BSD100 [57] Berkeley Segmentation Dataset [57]͔Βબఆ͞Εͨ 100ຕͷࣗવը૾͔Β

ͳΔධՁσʔληοτͰ͋Γ, SR෼໺ʹ͓͚Δݹయతͳࣗવը૾ϕϯνϚʔΫͱͯ͠޿
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2.6. ධՁσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ਤ 2.13: BSD100 [57]Λߏ੒͢Δը૾ͷྫ.

ਤ 2.14: Urban100 [63]Λߏ੒͢Δը૾ͷྫ.

͘༻͍ΒΕ͍ͯΔ. ฏۉղ૾౓͸໿ 445×357ϐΫηϧͰ, Set5΍ Set14ͱಉ༷ʹൺֱత௿

ղ૾౓ͳը૾Ͱߏ੒͞Ε͍ͯΔ. Ұൠతͳࣗવը૾ʹର͢ΔϞσϧͷੑೳධՁʹద͍ͯ͠

Δ. ਤ 2.13͸BSD100ʹؚ·ΕΔը૾ͷྫͰ͋Δ.

Urban100 [63] Ϗϧ΍֗ฒΈͱ͍ͬͨਓ޻෺Λओ୊ͱ͠, Կֶύλʔز଄΍ߏΓฦ͠܁

ϯΛଟؚ͘Ή 100ຕͷը૾Ͱߏ੒͞ΕΔ. ղ૾౓͸ฏۉ 984×799ϐΫηϧͱ͘ߴ, प೾ߴ

੒෼ͷ෮ݩೳྗͷධՁʹద͍ͯ͠Δ. ਤ 2.14͸Urban100ʹؚ·ΕΔը૾ͷྫͰ͋Δ.

Manga109 [64] ੒͞ߏղ૾౓ͷϖʔδը૾Ͱߴ඼͔Βநग़͞Εͨ࡞ͷ೔ຊͷອը࡭109
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2.6. ධՁσʔληοτ ୈ 2 ষ ༧උ஌ࣝɾؔ࿈ڀݚ

ਤ 2.15: Manga109 [64]Λߏ੒͢Δը૾ͷྫ.

ਤ 2.16: DIV2K Validation [5]Λߏ੒͢Δը૾ͷྫ.

Ε͓ͯΓ, ઢը΍จࣈͳͲ, ଞͷσʔληοτͱ͸ҟͳΔ֮ࢹతಛ௃Λ࣋ͭ. ฏۉղ૾౓͸

໿ 826×1, 169ϐΫηϧͱൺֱత͍ߴ. ਤ 2.15͸Manga109ʹؚ·ΕΔը૾ͷྫͰ͋Δ.

DIV2K Validation [5] ͳࡉਫ਼ߴ 2Kղ૾౓ͷը૾Ͱߏ੒͞ΕͨDIV2Kσʔληοτͷ

ηοτ༺ূݕ 100ຕ͔Βߏ੒͞ΕΔ. ฏۉղ૾౓͸ 1, 978×1, 452ϐΫηϧͰ, ຊڀݚʹ͓

.ղ૾౓Ͱ͋Δߴ΋࠷ΔධՁσʔληοτͷதͰ͸͢༺࢖͍ͯ ਤ 2.16ʹDIV2K Validation

ͷը૾ྫΛࣔ͢.
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ୈ3ষ Perceptual lossͷߟ࠶

3.1 ಋೖ

SRͰ͸ɼ֮ࢹతʹࣗવͳը૾ͷߏ࠶੒Λ໨͢ࢦख๏ͱͯ͠ɼPerceptual loss ޿͕[43]

͘༻͍ΒΕ͍ͯΔɽ͜Ε͸ɼSRը૾ͱGTը૾Λ ImageNet [12]Ͱࣄલֶश͞Εͨը૾

෼ྨثͷதؒಛ௃্ۭؒͰൺֱ͢Δ͜ͱͰɼςΫενϟ΍ߏ଄ͷ֮ࢹత੔߹ੑΛ্ͤ͞޲

ΔΞϓϩʔνͰ͋Δɽैདྷ͸CNNϕʔεͷVGGωοτϫʔΫ [11]͕ಛ௃நग़ثͱͯ͠

ओʹ༻͍ΒΕ͖͕ͯͨɼҎԼͷ 2఺ʹ՝୊͕͋Δɽ

ୈҰʹɼVGG͸ہॴతͳ৞ΈࠐΈԋͨͮ͘جʹࢉΊɼड༰໺ͷൣғ͕ݶΒΕɼେҬత

ͳґଘؔ܎Λे෼ʹଊ͑ΒΕͳ͍ɽ͜ͷͨΊɼߴप೾੒෼΍ෳࡶͳςΫενϟͷݶʹݱ࠶

ք͕͋Γɼग़ྗը૾ʹάϦουঢ়ͷΞʔνϑΝΫτ͕ੜ͡Δ͕͋޲܏ΔɽୈೋʹɼVGG

͸ը૾෼ྨΛ໨తͱֶͯ͠श͞Ε͍ͯΔͨΊɼಛ௃ද͕ݱΫϥεࣝผʹಛԽ͓ͯ͠Γɼը

૾શମͷҙຯత੔߹ੑΛे෼ʹ൓өͰ͖Δಛ௃දݱΛಘΔʹ͸ݶք͕͋ΔɽͦͷͨΊɼΑ

Γ࣍ߴͷҙຯతಛ௃Λଊ͑ΒΕΔදֶݱशΛಋೖ͢Δ͜ͱͰɼ஌֮඼࣭ͷ͞ΒͳΔ্͕޲

଴͞ΕΔɽظ

ຊষͰ͸ɼ͜ΕΒͷ՝୊Λࠀ෰͢ΔͨΊɼVision TransformerʢViTʣ [13]Λϕʔεͱ

͠ɼCLIP [8]Ͱֶश͞Εͨಛ௃ۭؒΛ༻͍ͨ৽ͨͳ Perceptual lossΛఏҊ͢ΔɽViT͸

ը૾Λύον୯Ґʹ෼ׂ͠ɼࣗݾ஫ҙߏػΛ༻͍ͯେҬతͳґଘؔ܎Λֶश͢ΔͨΊɼہ

ॴߏ଄ʹґଘͤͣɼը૾શମͷҙຯత੔߹ੑΛଊ͑Δ͜ͱ͕Ͱ͖Δɽ͜ΕʹΑΓɼΞʔν
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3.2. લ஌ࣝࣄ ୈ 3 ষ Perceptual lossͷߟ࠶

ϑΝΫτͷ཈੍ͱͱ΋ʹɼΑΓࣗવͳը૾ߏ࠶੒͕ظ଴Ͱ͖Δɽ͞ΒʹɼCLIP͸ը૾ͱ

໨ͷҰகͰ͸ͳ͘ɼը૾͕࣋ͭҙຯ΍ͨݟश͞Ε͓ͯΓɼ୯ͳΔֶ͍ͯͮجʹͷϖΞޠݴ

͍͓ʹΛ֫ಘ͍ͯ͠Δɽ͜ΕʹΑΓɼSRը૾ͱGTը૾ͷൺֱݱ଄Λ൓өͨ͠ಛ௃දߏ

ͯɼਓؒͷ௚ײʹ͍ۙଛࣦؔ਺ͷઃ͕ܭՄೳͱͳΔɽຊڀݚͰ͸ɼCLIPͷViTΤϯίʔ

μ͔Βநग़͞ΕΔಛ௃ϕΫτϧΛ༻͍ͨଛࣦΛఆٛ͢Δ͜ͱͰɼΞʔνϑΝΫτͷ཈੍ʹ

ΑΔ࿪Έ඼࣭ͷվળͱɼ஌֮తʹࣗવͳը૾ߏ࠶੒ͷཱ྆ΛਤΔ͜ͱΛ໨తͱ͢Δ.

ਤ 3.1: ը૾ͱޠݴͷϖΞֶशʹΑΓθϩγϣοτ෼ྨΛ࣮͢ݱΔCLIPͷߏ੒. [8]ΑΓ
Ҿ༻.

3.2 લ஌ࣝࣄ

3.2.1 Contrastive Language-Image Pre-training (CLIP)

CLIP [8]͸ɼޠݴͱը૾ͷରԠؔ܎ΛରরֶशʹΑͬͯ֫ಘ͢ΔϚϧνϞʔμϧֶश

ϞσϧͰ͋Γɼͦͷશମߏ੒Λਤ 3.1ʹࣔ͢ɽैདྷͷ ImageNet ը૾෼ྨϞͮ͘جʹ[12]

σϧ͕ɼݻఆ͞ΕͨΫϥεϥϕϧͱͷରԠΛֶश͢Δͷʹର͠ɼCLIP͸ը૾Τϯίʔμ

ͱςΩετΤϯίʔμΛಉ࣌ʹֶश͠ɼೖྗ͞Εͨը૾ͱςΩετͷϖΞ͕ਖ਼͍͠૊Έ߹

ΘͤͰ͋Δ͔Λࣝผ͢ΔΑ͏ֶश͞ΕΔɽ͜ͷֶशʹ͸ɼWeb্͔Βऩू͞Εͨ໿ 4ԯ
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3.3. ఏҊख๏ ୈ 3 ষ Perceptual lossͷߟ࠶

૊ͷը૾ɾςΩετϖΞ͕༻͍ΒΕ͓ͯΓɼଟ༷ͳ֓೦΍จ຺ΛԣஅతʹཧղͰ͖Δදݱ

Λ֫ಘ͍ͯ͠Δɽ

·ͨ, CLIP͔ΒಘΒΕΔಛ௃දݱ͸, ଟ༷ͳ֮ࢹత֓೦Λ֫ಘ͓ͯ͠Γ, ίϯϐϡʔλ

Ϗδϣϯͷ෯͍޿λεΫʹ͓͍ͯ༗ޮੑ͕֬ೝ͞Ε͍ͯΔ. ·ͣ, ཧղλ֮ࢹϨϕϧͳߴ

εΫͱͯ͠, ಈըೝࣝ [65]΍ҙຯతྖҬ෼ׂ [66]ͳͲʹ͓͍ͯ, CLIPͷҙຯతಛ௃Λ׆

༻ͨ͠ख๏͕ଟ਺ఏҊ͞Ε͍ͯΔ. ͜ΕΒͷڀݚͰ͸, CLIPͷද͕ݱΧςΰϦ৘ใ΍ҙ

ຯత੔߹ੑͷอ࣋ʹ༏Ε͍ͯΔ͜ͱ͕ࣔ͞Ε͍ͯΔ. ҰํͰ, ελΠϧม׵ [67], 3Dγʔ

ϯߏ࠶੒ [68], ը࣭ධՁ [69]ͳͲͷ௿Ϩϕϧͳը૾ॲཧλεΫʹ͓͍ͯ΋, CLIPͷಛ௃͸

༗ޮͰ͋Δ͜ͱ͕ใ͞ࠂΕ͍ͯΔ. ಛʹ, ৭΍࣭ײͱ͍ͬͨ௿֮࣍ࢹ৘ใΛؚΜͩಛ௃ද

,͕ݱ ֤छͷֶश΍ධՁʹ͓͍ͯ༗༻Ͱ͋Δ͜ͱ͕֬ೝ͞Ε͍ͯΔ.

͜ͷΑ͏ʹ, CLIPͷ֫ಘ͢Δ֮ࢹಛ௃͸, ·Δࢸʹॲཧ֮ࢹͷҙຯཧղ͔Β௿࣍ͷ࣍ߴ

Ͱ, ଟ༷ͳϨϕϧͷλεΫʹ͓͍ͯ൚༻తʹ׆༻ՄೳͰ͋Δ͜ͱ͕, ଟ͘ͷઌڀݚߦʹΑ

Γࣔ͞Ε͍ͯΔ. Ҏ্Λ౿·͑, ࣍અͰ͸ఏҊख๏ʹ͍ͭͯड़΂Δ.

3.3 ఏҊख๏

3.3.1 ख๏ͷྲྀΕ

ຊڀݚͰ͸, ਤ 3.2ʹࣔ͢Α͏ʹ, Perceptual lossͷಛ௃நग़ثͱͯ͠ViTΛ༻͍ͨ SR

ֶशख๏ΛఏҊ͢Δ. ·ͣ, BicubicิؒʹΑΓߴղ૾౓ը૾ IHRΛॖখͯ͠௿ղ૾౓ը

૾ ILR Λੜ੒͢Δ. ࣍ʹ, ILR Λ SRϞσϧʹೖྗͯ͠, ੒͞Εͨߏ࠶ SRը૾ ISR ΛಘΔ.

ͦͷޙ, ISR ͱ IHR ͷ L1 loss L1 Λ͢ࢉܭΔ. Ճ͑ͯ, ಛ௃நग़ثͱͯ͠ViTΛ༻͍, ISR

ͱ IHR ΛͦΕͧΕೖྗ͠, ग़ྗ͞ΕΔCLSτʔΫϯʹରԠ͢Δಛ௃ϕΫτϧΛநग़͢Δ.

͜ΕΒͷಛ௃ϕΫτϧΛͦΕͧΕ ψViT(ISR) ͓Αͼ ψViT(IHR) ͱ͠, ͦΕΒͷࠩ෼ʹͮج
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3.3. ఏҊख๏ ୈ 3 ষ Perceptual lossͷߟ࠶
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ਤ 3.2: ఏҊख๏ͷ֓ཁ. Perceptual lossͷࢉग़ʹ, VGGωοτϫʔΫͰ͸ͳ͘, ViTϕʔ
εͷCLIPϞσϧΛ༻ֶ͍ͯशΛ͏ߦ.

͍ͯ Perceptual loss LPViT Λࢉग़͢Δ.

3.3.2 ViTΛ༻͍ͨଛࣦؔ਺

ຊڀݚͰఏҊ͢ΔViTϕʔεͷ Perceptual loss͸, ҎԼͷΑ͏ʹఆٛ͞ΕΔ:

LPViT = |ψViT(IHR)− ψViT(ISR)| . (3.1)

͜͜Ͱ, LPViT ͸ ViTΛϕʔεͱͨ͠ Perceptual lossΛද͠, ψViT(·) ͸ ViT͔ΒಘΒΕ

Δಛ௃ϕΫτϧΛࣔ͢. ViTͷࣄલֶशʹ͸, ImageNet-1k, ImageNet-21k, ͓Αͼ CLIP

Λ࢖༻͢Δ. ViTͷΞʔΩςΫνϟ͸, ύοναΠζ͕ 16×16ͷ ViT-B/16ͱ 32×32ͷ

ViT-B/32Λ࠾༻͢Δ. ImageNetͰֶशͨ͠ViTͰ͸࠷ऴग़ྗ૚ͷ 1ͭखલͷ 768νϟω

ϧͷಛ௃ϕΫτϧΛ, CLIPͰֶशͨ͠ViTͰ͸ 512νϟωϧͷ࠷ऴ૚͔Βग़ྗ͞Εͨಛ

௃ϕΫτϧΛ࢖༻͢Δ.

ֶशʹ࢖༻͢Δଛࣦؔ਺ͷߏ੒ͱରԠ͢ΔϞσϧ͸ҎԼͷ௨ΓͰ͋Δ:
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

• L1 ˠ Baseline

• L1 + λLPVGG(IN1k) ˠ VGG Loss (IN1k)

• L1 + λLPViT(IN1k) ˠ ViT Loss (IN1k)

• L1 + λLPViT(IN21k) ˠ ViT Loss (IN21k)

• L1 + λLPViT(CLIP) ˠ ViT Loss (CLIP)

λ ͸Perceptual lossͷॏΈ܎਺Ͱ͋Γ, Ϟσϧͷ࿪Έ඼࣭ͱ஌֮඼࣭ͷόϥϯεΛ੍͢ޚ

ΔͨΊʹ࢖༻͞ΕΔ. ͳ͓, .લֶशͷछྨΛ͍ࣔͯ͠Δࣄͨ͠༺࢖಺͸ހׅ

3.4 ݧ࣮

3.4.1 ઃఆݧ࣮

SR Ϟσϧ. ຊڀݚͰ͸, CNN ϕʔεͷϞσϧͰ͋Δ RCAN-it [70] Λओʹ࢖༻͢Δ.

RCAN-it͸, RCAN [33]Ͱ࢖༻͞Ε͍ͯΔੑ׆Խؔ਺Λ, ReLU͔Β SiLU΁มͨ͠ߋ

ϞσϧͰ͋Γ, ΑΓ҆ఆֶͨ͠शΛՄೳʹ͢Δ. ·ͨ, 3.4.3߲Ͱ͸, ಉ͘͡ CNNϕʔε

ͷ EDSR [29]΋࢖༻͢Δ.

σʔληοτ. ֶशσʔληοτ͸ DIV2K [5]Λ༻͍Δ. ධՁσʔληοτ͸, SR෼໺

Ͱ࢖͘޿༻͞Ε͍ͯΔ Set5 [61], Set14 [62], Urban100 [63], BSD100 [57], ͓ΑͼDIV2K

Validation [5]Λ༻͍Δ.

ධՁࢦඪ. ධՁʹ͸, ࿪Έ඼࣭ΛධՁ͢Δ PSNRͱ, ஌֮඼࣭ΛධՁ͢Δ LPIPS [19]Λ

.Δ͢༺࢖ PSNR͸, YCbCr৭ۭؒʹมޙ׵ͷ Yνϟωϧʢً౓੒෼ʣʹରͯ͠ࢉग़͢

Δ. ·ͨ, PSNRͱ LPIPS͕τϨʔυΦϑͷؔ܎ʹ͋Δ͜ͱΛ౿·͑, Ұ෦ͷ࣮ݧͰ͸
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

Perceptual lossͷॏΈ܎਺ λΛมԽֶͤͯ͞शͨ͠ϞσϧΛ༻͍, PSNR-LPIPSۂઢʹΑ

ΓੑೳΛൺֱ͢Δ. ͜ͷͱ͖ɼۂઢ্ͰӈԼʹҐஔ͢ΔϞσϧ΄Ͳɼ࿪Έ඼࣭ͱ஌֮඼࣭

ͷόϥϯεʹ༏ΕͨϞσϧͰ͋ΔͱධՁ͢Δɽ

ֶशઃఆ. ௒ղ૾ഒ཰͸ 4ഒʹઃఆ͠, ௿ղ૾౓ύοναΠζ͸ 48 × 48ͱ͢Δ. σʔλ

֦ுͱͯ͠, ਫฏํ޲ɾਨ௚ํ޲ͷ൓స͓Αͼ 90౓ճసΛϥϯμϜʹద༻͢Δ. దԽख࠷

๏ LambΦϓςΟϚΠβ [71]Λ࢖༻͠, ॳֶظश཰͸ 3.2 × 10−3, όοναΠζ͸ 64, ૯

ΠςϨʔγϣϯ਺͸ 16ສͱ͢Δ. VGGϕʔεͷPerceptual lossʹؔͯ͠͸ ImageNet-1k

Ͱࣄલֶश͞ΕͨVGG19 [11]Λ࢖༻͠, ୈ Δୈ͋ʹޙେ஋ϓʔϦϯά૚ͷ࠷4 4৞Έࠐ

Έ૚ʢੑ׆Խޙʣͷಛ௃ϕΫτϧΛ༻͍Δ.

3.4.2 ैདྷͷPerceptual lossͱͷൺֱ

ຊڀݚͰ͸, ఏҊ͢ΔViTϕʔεͷPerceptual lossͷ༗ޮੑΛ͢ূݕΔͨΊ, ैདྷ༻͍

ΒΕ͖ͯͨVGGϕʔεͷPerceptual lossͱൺֱ࣮ݧΛͨͬߦ. ਤ 3.3ʹ, ֤ଛࣦؔ਺Ͱ

ֶशͨ͠ϞσϧʹΑΔ֮ࢹతͳग़ྗྫΛࣔ͢. L1 lossͷΈͰֶशͨ͠ BaselineϞσϧͰ

͸, ςΫενϟͷ෮͕ݩෆे෼Ͱ͋Γ, શମతʹ׈Β͔Ͱ৘ใྔͷগͳ͍ग़ྗͱͳ͍ͬͯ

Δ. ҰํɼVGG Loss (IN1k) Λద༻ͨ͠ϞσϧͰ͸ɼςΫενϟͷੑݱ࠶͸্͢޲ΔҰํ

Ͱɼہॴతʹ֨ࢠঢ়ͷΞʔνϑΝΫτ͕ੜ͡Δ͕͋޲܏Δɽ ͜Εʹରͯ͠, ViT LossΛ

༻͍ͨϞσϧͰ͸, ಉ౳ͷղ૾ײΛҡ࣋ͭͭ͠, ͜ͷΑ͏ͳΞʔνϑΝΫτ͸཈੍͞Εͯ

͍Δ. ಛʹ, ViT Loss (CLIP) ʹΑΔϞσϧͰ͸, ,͘ߴ΋࠷ਫ਼౓͕ݩ෦ͷ෮ࡉ ࣗવͰഁ୼

ͷগͳ͍݁Ռͱͳ͓ͬͯΓ, .΋༏Εͨ݁Ռ͕ಘΒΕ͍ͯΔ࠷఺͔Β؍త඼࣭ͷ֮ࢹ

ਤ 3.4͸, ֤ଛࣦؔ਺ʹର͢ΔϞσϧग़ྗͷ PSNRͱ LPIPSͷτϨʔυΦϑؔ܎Λࣔ

͍ͯ͠Δ. VGG Loss (IN1k) Ͱ͸ λ = {0.005, 0.02, 0.05}, ViT Loss (IN1k/IN21k) Ͱ͸

λ = {1, 5, 10}, ViT Loss (CLIP)Ͱ͸ λ = {10, 25, 50}Λઃఆ͠, ֤৚݅ԼͰͷੑೳΛൺֱ
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

Bicubic Baseline VGG Loss

Ours 
(ViT Loss (In1k))

Ours 
(ViT Loss (IN21k))

Ours 
(ViT Loss (CLIP))

Bicubic Baseline VGG Loss

Ours 
(ViT Loss (In1k))

Ours 
(ViT Loss (IN21k))

Ours 
(ViT Loss (CLIP))

ਤ 3.3: ֶशʹ࢖༻ͨ͠ଛࣦؔ਺ʹΑΔఆੑൺֱ. HR͸ਖ਼ղը૾Ͱ, ੺࿮෦෼ͷྖҬΛൺ
ֱ͢Δ.

ͨ͠. ͦͷ݁Ռ, ViT Loss (CLIP) Λద༻ͨ͠Ϟσϧ͸ਤதͰ࠷΋ӈԼʹҐஔ͠, PSNRͱ

LPIPSͷ྆໘ʹ͓͍ͯྑ࠷ͷόϥϯεΛࣔͨ͠. Ұํ, ViT Loss (IN21k) Λ༻͍ͨϞσϧ

͸, ViT Loss (IN1k)ͷ 10ഒʹ͋ͨΔֶशը૾Λ࢖༻ͨ͠ʹ΋͔͔ΘΒͣ, ੑೳͷվળ͸

,ఆతͰ͋Γݶ ֶशσʔλͷ಺༰΍ࣄલֶशํ๏ͷҧ͍͕ग़ྗ඼࣭ʹ༩͑ΔӨڹͷେ͖͞

Λ͍ࣔࠦͯ͠Δ.

·ͨ, ද 3.1ʹఆྔධՁ݁ՌΛࣔ͢. ViT Loss (CLIP) Λ༻͍ͨϞσϧ͸, ैདྷͷVGG

LossΛ༻͍ͨ৔߹ͱൺֱͯ͠, PSNR͓ΑͼLPIPSͷ྆ࢦඪʹ͓͍ͯ༏ΕͨੑೳΛࣔͨ͠.

Ҏ্ͷ݁Ռ͔Β, Perceptual lossͷಛ௃நग़ثͱͯ͠ViT͕༗ޮͰ͋Δ͜ͱ͕ࣔ͞Εͨ.
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ਤ 3.4: ֶशʹ࢖༻ͨ͠ଛࣦؔ਺ʹΑΔ஌֮-࿪Έۂઢͷൺֱ

ද 3.1: ҟͳΔଛࣦؔ਺ͷ૊Έ߹ΘͤʹΑΔఆྔධՁ
Loss function

Set5 Set14 Urban100 BSD100 DIV2K (Val)
PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ

Baseline 32.58 0.17 28.90 0.28 26.91 0.21 27.76 0.36 30.73 0.26
VGG Loss (IN1k) 31.67 0.15 28.24 0.25 25.68 0.21 27.25 0.34 29.49 0.19
ViT Loss (IN1k) 31.49 0.13 28.14 0.24 25.36 0.24 27.18 0.34 29.57 0.20
ViT Loss (IN21k) 31.42 0.14 28.11 0.25 25.28 0.25 27.18 0.35 29.59 0.21
ViT Loss (CLIP) 31.94 0.15 28.42 0.25 25.84 0.22 27.40 0.33 29.91 0.19

ಛʹ, CLIPͰࣄલֶश͞ΕͨViT͸, ଞͷࣄલֶशઃఆʢIN1k, IN21kʣΑΓ΋Ұ؏ͯ͠

,ೳΛ͓ࣔͯ͠Γੑ͍ߴ લֶशʹ͓͚Δσʔλଟ༷ੑͱϚϧνϞʔμϧֶश͕ࣄ SRੑೳ

.ΒΕΔ͑ߟͱ͍ߴΔՄೳੑ͕͍ͯ͠ݙߩʹ ͨͩ͠, CLIPͰࣄલֶश͞Εͨ ViT͸໿ 4

ԯͷը૾ͱޠݴϖΞͰֶश͞Ε͓ͯΓ, ImageNet-21k (໿ 1,419ສຕ) ͷViTͱͷൺֱʹ

͸ֶशن໛ͷ͕ࠩ͋Δ. ͜ͷͨΊ, ੑೳ্͕޲ϚϧνϞʔμϧͳࣄલֶशʹ༝དྷ͢Δͷ͔,

୯ʹը૾ຕ਺ͷ૿ՃʹΑΔ΋ͷ͔Λີݫʹ੾Γ෼͚Δ͜ͱ͸࣌ݱ఺Ͱ͸ࠔ೉Ͱ͋Δ.
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

ද 3.2: ༷ʑͳ SRϞσϧʹΑΔఆྔධՁ
SR model

Set5 Set14 Urban100 BSD100 DIV2K (Val)
PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ

RCAN-it (Baseline) 32.58 0.17 28.90 0.28 26.91 0.21 27.76 0.36 30.73 0.26
RCAN-it (VLC) 31.94 0.15 28.42 0.25 25.84 0.22 27.40 0.33 29.91 0.19
EDSR (Baseline) 32.55 0.17 28.85 0.26 26.75 0.21 27.73 0.36 30.65 0.26
EDSR (VLC) 32.10 0.13 28.58 0.24 26.25 0.20 27.50 0.31 30.11 0.17

3.4.3 SRϞσϧʹΑΔൺֱ

ఏҊ͢ΔPerceptual lossͷ൚༻ੑΛ͢ূݕΔͨΊ, RCAN-itͱ͸ҟͳΔCNNϕʔεͷ

SRϞσϧͱͯ͠ EDSRΛ༻͍࣮ͨݧΛͨͬߦ. ଛࣦؔ਺ʹ͸BaselineʢL1 lossʣ͓Αͼ

ViT Loss (CLIP)Λద༻͠, ॏΈ܎਺ λ͸ 50ʹઃఆͨ͠. ද 3.2ʹ, ֤Ϟσϧʹ͓͚Δఆ

ྔධՁ݁ՌΛࣔ͢.

ͦͷ݁Ռ, EDSRʹ͓͍ͯ΋ RCAN-itͱಉ༷ʹ, ViT Loss (CLIP) Λ༻͍ͨϞσϧͰ

͸ PSNR͕௿Լͨ͠Ұํ, LPIPS͕େ͖͘վળ͞Εͨ. ͜Ε͸, ఏҊ͢Δ ViTϕʔεͷ

Perceptual loss͕, ֶश͢Δ SRϞσϧͷΞʔΩςΫνϟʹґଘͤͣ, CNNϕʔεͷ SRϞ

σϧશൠʹରͯ͠༗ޮͰ͋Δ͜ͱΛ͍ࣔͯ͠Δ.

3.4.4 CLIPϞσϧΛ࢖༻ͨ͠ଛࣦͷॏΈ෇͚ʹΑΔൺֱ

CLIPϞσϧΛ༻͍ͨ Perceptual lossʹ͓͍ͯ, ॏΈ܎਺ λͷมԽ͕ SRੑೳʹ༩͑Δ

ӨڹΛ͢ূݕΔͨΊ, ViTϕʔε͓ΑͼResNetϕʔεͷCLIPϞσϧΛ༻͍ͯධՁΛͬߦ

ͨ. ViTϕʔεʹ͸ViT-B/32Λ, ResNetϕʔεʹ͸RN50Λ࢖༻ͨ͠.

ද 3.3͓Αͼද 3.4ʹ, ͦΕͧΕͷϞσϧʹର͢ΔఆྔతධՁ݁ՌΛࣔ͢. ViTϕʔε

ͷϞσϧͰ͸, λͷ஋্͕͕ΔʹͭΕͯPSNR͸ঃʑʹ௿Լ͠, ҰํͰLPIPS͸্ͨ͠޲.

Ұํ, ResNetϕʔεͷϞσϧͰ͸, λͷ૿ՃʹΑΓPSNR͸ಉ༷ʹ௿Լ͕ͨ͠, LPIPSͷ

มԽ͸খ͘͞, ஌֮඼࣭ͷվળ͸ݶఆతͰ͋ͬͨ.

ਤ 3.5͸ɼPerceptual loss ͷॏΈ܎਺ΛมԽͤͯ͞ಘΒΕͨϞσϧ܈ʹ͓͚Δ PSNR
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

ද 3.3: ResNetϕʔεͷCLIPϞσϧʹΑΔPerceptual lossͷॏΈ܎਺ λʹΑΔఆྔධՁ

λ
Set5 Set14 Urban100 BSD100 DIV2K (Val)

PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ

10 32.60 0.14 28.89 0.28 26.90 0.20 27.75 0.36 30.71 0.25
100 32.36 0.17 28.77 0.27 26.64 0.21 27.67 0.36 30.50 0.24
200 32.05 0.17 28.50 0.29 25.96 0.24 27.48 0.37 30.15 0.24
400 31.89 0.17 28.40 0.29 25.73 0.25 27.40 0.38 29.98 0.24

ද 3.4: ViTϕʔεͷCLIPϞσϧʹΑΔ Perceptual lossͷॏΈ܎਺ λʹΑΔఆྔධՁ

λ
Set5 Set14 Urban100 BSD100 DIV2K (Val)

PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ

5 32.53 0.14 28.88 0.25 26.88 0.20 27.73 0.35 30.63 0.24
10 32.36 0.13 28.78 0.26 26.65 0.20 27.66 0.34 30.51 0.22
25 32.11 0.14 28.55 0.24 26.14 0.21 27.51 0.33 30.18 0.20
50 31.94 0.15 28.42 0.25 25.84 0.22 27.40 0.33 29.91 0.19

DIV2K (Val)

0.25

0.24

0.23

0.22

0.21

0.20

0.19

LP
IP

S
Be

tt
er

 q
ua

lit
y

0.26

29.9
PSNR

Less distortion

30.0 30.1 30.2 30.3 30.4 30.5 30.6 30.7

ViT-B/32
RN50
Baseline

ਤ 3.5: CLIPϞσϧͷΞʔΩςΫνϟʹΑΔ஌֮-࿪Έۂઢͷൺֱ

ͱ LPIPS ͷτϨʔυΦϑؔ܎ΛՄࢹԽͨ͠΋ͷͰ͋Δ. Baseline͓Αͼ྆ CLIPϞσϧ

Λൺֱͨ݁͠Ռ, ViT-B/32ʹΑΔϞσϧ͕࠷΋ӈԼʹҐஔ͠, ࿪Έ඼࣭ͱ஌֮඼࣭ͷόϥ

ϯεʹ͓͍ͯ༏Εͨ݁ՌΛࣔͨ͠.

·ͨ, ,తͳग़ྗྫͱ֮ͯ͠ࢹ ਤ 3.6͓Αͼਤ 3.7ʹ, ֤CLIPϞσϧΛ༻͍ͨ SRϞσϧ
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3.4. ݧ࣮ ୈ 3 ষ Perceptual lossͷߟ࠶

HRHR ! = 10 ! = 100 ! = 200 ! = 400

ਤ 3.6: ResNetϕʔεͷ CLIPϞσϧʹΑΔ Perceptual lossͷॏΈ܎਺ͷ஋ʹΑΔఆੑ
ൺֱ

HRHR ! = 5 ! = 10 ! = 25 ! = 50

ਤ 3.7: ViTϕʔεͷCLIPϞσϧʹΑΔ Perceptual lossͷॏΈ܎਺ͷ஋ʹΑΔఆੑൺֱ

ͷग़ྗ݁ՌΛࣔ͢. ಛʹ, ResNetϕʔεͷCLIPϞσϧʹ͓͍ͯ͸, ॏΈ܎਺ͷ૿Ճʹ൐

͍, ग़ྗը૾ʹάϦουঢ়ͷϊΠζύλʔϯ͕ݦஶʹݱΕ, ৞ΈࠐΈԋىʹࢉҼ͢ΔΞʔ

νϑΝΫτͷՄೳੑ͕ࣔࠦ͞Εͨ.

͜ΕΒͷ݁Ռ͔Β, CLIPϞσϧΛ Perceptual lossͱͯ͠ಋೖ͢Δࡍʹ͸, ViTϕʔε

ͷΞʔΩςΫνϟΛ࠾༻͢Δ͜ͱͰ, PSNR͓ΑͼLPIPSͷ྆໘Ͱੑ͍ߴೳ͕ಘΒΕΔ͜

ͱ͕֬ೝ͞Εͨ.
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3.5. ·ͱΊ ୈ 3 ষ Perceptual lossͷߟ࠶

ද 3.5: CLIPϞσϧͷΞʔΩςΫνϟʹΑΔఆྔධՁ

CLIP model
Set5 Set14 Urban100 BSD100 DIV2K (Val)

PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ PSNRˢ LPIPSˣ

RN50 31.88 0.17 28.40 0.29 25.73 0.25 27.40 0.38 29.98 0.24
RN101 31.90 0.18 28.41 0.29 25.75 0.26 27.42 0.38 30.02 0.24
ViT-B/16 31.88 0.16 28.41 0.27 25.75 0.24 27.40 0.36 29.98 0.21
ViT-B/32 31.94 0.15 28.42 0.25 25.84 0.22 27.40 0.33 29.91 0.19

3.4.5 CLIPϞσϧͷΞʔΩςΫνϟʹΑΔൺֱ

CLIPϞσϧͷΞʔΩςΫνϟͱ SRੑೳͷؔ܎Λௐࠪ͢ΔͨΊ, ҟͳΔΞʔΩςΫνϟ

Λ࣋ͭ 4छྨͷCLIPϞσϧΛ༻͍ͯධՁΛͨͬߦ. ,Ϟσϧ͸ͨ͠༺࢖ ResNetϕʔεͷ

RN50͓ΑͼRN101, ͓ΑͼViTϕʔεͷViT-B/16, ViT-B/32Ͱ͋Δ. ଛࣦͷॏΈ܎਺

λ͸, RN50͓ΑͼRN101ʹରͯ͠͸ 400, ViT-B/16͓ΑͼViT-B/32ʹରͯ͠͸ 50ʹઃ

ఆͨ͠.

ද 3.5ʹ֤ CLIPϞσϧΛ༻͍ͨ SR݁ՌͷఆྔධՁΛࣔ͢. PSNR͕ಉఔ౓Ͱ͋Δ৔

߹, ViTϕʔεͷViT-B/16͓ΑͼViT-B/32͸, ResNetϕʔεͷRN50΍RN101ΑΓ΋

LPIPS͕Ұ؏ͯ͠௿͘, ஌֮඼࣭ʹ༏Ε͍ͯͨ. ಛʹViT-B/32Ͱ͸, ViT-B/16ΑΓ΋͞

Βʹ LPIPS͕վળ͞ΕΔ͕֬޲܏ೝ͞Εͨ.

͜ΕΒͷ݁Ռ͔Β, ViTϕʔεͷCLIPΞʔΩςΫνϟ͸, SRʹ͓͚ΔPerceptual loss

ͱͯ͠༗ޮͰ͋Δ͜ͱ͕֬ೝ͞Εͨ. ·ͨ, ೖྗύοναΠζ͕େ͖͍ViT-B/32Λ༻͍

ͨ৔߹, ViT-B/16ͱൺֱͯ͠஌֮඼࣭͕͍݁ߴՌ͕ಘΒΕͨ͜ͱ͔Β, ຊ࣮ݧͷൣғ಺Ͱ

͸ύοναΠζͷ૿Ճ͕ੑೳدʹ্޲༩͢Δ͜ͱ͕ࣔࠦ͞Εͨ.

3.5 ·ͱΊ

ຊষͰ͸ɼैདྷ͘޿༻͍ΒΕ͖ͯͨVGGʹͮ͘جPerceptual lossʹ୅͑ͯɼ֮ࢹͱݴ

༺׆Λݱ൫ϞσϧͰ͋ΔCLIPͰֶश͞ΕͨViTͷಛ௃දجͨͬߦલֶशΛࣄ໛نͷେޠ
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3.5. ·ͱΊ ୈ 3 ষ Perceptual lossͷߟ࠶

͠ɼ৽ͨͳPerceptual lossΛઃͯ͠ܭ SRλεΫ΁ͷద༻Λͨͬߦɽ࣮ݧͰ͸ɼImageNet

Ͱࣄલֶशͨ͠VGGϕʔε͓ΑͼViTϕʔεͷଛࣦؔ਺ΛͦΕͧΕ༻ֶ͍ͯशΛ͍ߦɼ

ग़ྗ݁ՌΛൺֱͨ͠ɽͦͷ݁ՌɼViTϕʔεͷଛࣦͰ͸ɼैདྷ՝୊ͱ͞Ε͍ͯͨάϦου

ঢ়ͷΞʔνϑΝΫτͷൃੜ͕཈੍͞ΕΔ͜ͱ͕֬ೝ͞Εͨɽ͞ΒʹɼCLIPͰࣄલֶश͞Ε

ͨViTΛಛ௃நग़ثͱͯ͠༻͍Δ͜ͱͰɼҙຯత੔߹ੑΛอͪͳ͕ΒɼैདྷͷPerceptual

lossͱಉ౳ͷղ૾ײΛҡ࣋ͭͭ͠ɼ࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ͕྆ՄೳͰ͋Δ͜ͱΛࣔͨ͠.
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ୈ4ষ SRֶशσʔλߏஙͷߟ࠶

4.1 ಋೖ

ୈ 3ষͰ͸ɼैདྷ͘޿༻͍ΒΕ͖ͯͨVGGωοτϫʔΫʹ୅͑ͯɼCLIPͰࣄલֶश

͞Εͨ Vision TransformerʢViTʣͷಛ௃දݱΛ༻͍ͨ৽ͨͳ Perceptual lossΛઃ͠ܭɼ

࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ྆Λ࣮ͨ͠ݱ. ຊষͰ͸, ࿪Έ඼࣭ͷվળΛ໨తͱͯ͠, SRϞσ

ϧͷੑೳΛ͑ࢧΔ΋͏Ұͭͷج൫Ͱ͋Δֶशσʔληοτͷߏஙํ๏Λݕ࠶౼͢Δ.

ୈ 1ষͰड़΂ͨΑ͏ʹ, ωοτϫʔΫΞʔΩςΫνϟͷվྑʹՃ͑, σʔληοτͷ඼

࣭ͱن໛͕Ϟσϧੑೳͷ্޲ʹ͓͍ͯ·͢·͢ॏཁʹͳ͍ͬͯΔ [58]. ୅දతͳߴղ૾

౓ը૾σʔληοτʹ͸ 800ຕͷDIV2K [5]΍ 2,650ຕͷ Flickr2K [6]͕͋Δ. ͜ΕΒͷ

σʔληοτ͸, ੒͞Ε͓ͯߏ඼࣭ͳը૾Ͱߴͳ͍·ؚྗۃղ૾౓͔ͭѹॖϊΠζΛߴ

ΓɼSRֶशΛ੒ޭͤ͞Δج൫Λங͍ͨ. ͜ΕΒΛ૊Έ߹ΘͤͨDF2K͸, ͜Ε·Ͱଟ͘

ͷ SRϞσϧͷֶशʹར༻͞Ε͖ͯͨ. 2023೥ʹ͸, DF2Kͷ 25ഒͷը૾ຕ਺͔Βߏ੒

͞ΕΔ LSDIR [58]͕ఏҊ͞Ε, େن໛ͳ SRσʔληοτʹΑΔੑೳ্͕֬޲ೝ͞Ε͍ͯ

Δ [30, 37,72–74].

͜͜Ͱ, ैདྷͷ SRσʔληοτ͸ҎԼͷ؍఺͔Βߏங͞Ε͍ͯΔ:

• ඼࣭ [58]. ը૾ͷ඼࣭ධՁ͸ਓखʹΑΔఆੑධՁͰ࣮͞ࢪΕΔ. ධՁऀ͕ JPEGѹ

ॖʹΑΔྼԽ (ྫɿΞʔνϑΝΫτ)Λ֬ೝͨ͠৔߹ɼը૾͸σʔληοτʹ௥Ճ͞

Εͳ͍.
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4.1. ಋೖ ୈ 4 ষ SRֶशσʔλߏஙͷߟ࠶

• ଟ༷ੑ [75]. ඃࣸମʢྫɿਓ෺ʣ΍র໌৚݅, ৭, ςΫενϟͳͲؚ͕·ΕΔ. ͜

ΕΒͷཁૉΛຬวͳؚ͘Ήσʔληοτ͸, ෯͍޿υϝΠϯͰ༏ΕͨੑೳΛൃ͢ش

ΔϞσϧͷֶशʹ໾ཱͭͱ͞Ε͍ͯΔ.

• ղ૾౓ [59]. ͞֎ఆ͞Εͨղ૾౓ͷᮢ஋Λຬͨ͞ͳ͍ը૾͸σʔληοτ͔Βআࢦ

ΕΔ. ௨ৗ, HD, 2K, 4Kͷը૾͕σʔλ࢖༻ͷͨΊͷᮢ஋ͱͯ͠༻͍ΒΕΔ.

ங͞Εͨߏ఺͔Β؍ͷه্ SRσʔληοτ͸, SRϞσϧͷੑೳΛେ෯ʹ্ͤ͞޲Δ͜

ͱ͕ࣔ͞Ε͍ͯΔ. ҰํͰ, Web্ͷը૾͸, ܰྔԽͷͨΊʹ JPEGѹॖը૾΍௿ղ૾౓

ը૾͕େ൒Λ઎Ί͓ͯΓ, ্ड़ͷ඼࣭ɾଟ༷ੑɾղ૾౓ͷ؍఺͔Β, SRσʔληοτͱ͠

ͯ௚઀ར༻Ͱ͖Δը૾͸͘͝Ұ෦ʹݶΒΕΔͱ͑ߟΒΕ͖ͯͨ. ͦͷͨΊ, SRσʔληο

τͷେن໛Խ͸೉͘͠, SR෼໺Ͱ࠷େڃͱ͞ΕΔ LSDIRͰ΋໿ 8.5ສຕʹཹ·͓ͬͯΓ,

ͷTransformerΛϕʔεͱ͢Δࠓࡢ SRϞσϧͷֶशʹ͸σʔλεέʔϧͷ໘Ͱ৺ڐͳ͍

ͱ͞ΕΔ.

ͦ͜Ͱຊ࿦จ͸, 1) ඼࣭, 2) ଟ༷ੑ, 3) ղ૾౓ͷ؍఺͔Β SRσʔληοτͷߏஙΛ࠶

.ͨ͠ߟ ຊ࿦จͷ࣮ݧΛ௨ͯ͠, զʑͷݙߩ͸ҎԼͷΑ͏ʹ·ͱΊΒΕΔ:

1) ඼࣭ͷߟ࠶. ඼࣭ʹ͍ͭͯ͸, ਓؒͷఆੑධՁʹΑΓѹॖϊΠζΛͨ͠࡯؍৔߹ʹͦ

ͷը૾Λআ֎͍ͯͨ͠. ͔͠͠, ຊ࿦จͰ͸Blockiness෼෍ [76]Λಋೖ͢Δ͜ͱͰɼը૾

ͷ඼࣭ΛࣗಈతʹఆྔධՁͰ͖Δ͜ͱΛ໌Β͔ʹͨ͠. ۩ମతʹ͸, Blockiness measure

(Blockiness) [76]ͷΧʔωϧີ౓ਪఆʹ͍ͯͮجը૾඼࣭Λਪఆ͢Δ. ͜ͷํ๏ʹΑΓ,

σʔληοτ಺ͷѹॖʹ൐͏ΞʔνϑΝΫτྔͷ෼෍ʢBlockiness෼෍ʣΛਪఆ͢Δ. ͦ

ͯ͠, ᮢ஋Ҏ্ͷ඼࣭Λຬ͍ͨͯ͠Ε͹, ֶशʹ࢖༻͢Δը૾͕௿ղ૾౓Ͱ͋ͬͯ΋ SRϞ

σϧͷੑೳΛ্޲Ͱ͖Δ͜ͱΛࣔͨ͠.

2) ଟ༷ੑͷߟ࠶. ଟ༷ੑ͸σʔληοτߏங࣌ͷఆੑධՁʹΑΓɼଟ͘ͷ෺ମ͕ଟ༷ͳ
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4.1. ಋೖ ୈ 4 ষ SRֶशσʔλߏஙͷߟ࠶

Original image Segmented image

DF2K, LSDIR (high-resolution images)Conventional approach

High resolution
images

Manual evaluation
Resolution
Variety and diversity

✓
✓

Original image Segmented image

DiverSeg dataset (filtered low-resolution images)Our approach

Automated evaluationLow resolution
images

Quality
estimation

Object-based 
filtering

27.6 3232.8

Set5

PS
N

R

Urban100 Manga109 Set5 Urban100 Manga109
28.54

28.1

28.6
32.96

32.5

33

32.93

33.04

33.14

32.9

33

33.1

33.2

DiverSeg-IP (Ours)LSDIRDF2K

SS
IM

.9073

0.900

0.905

0.910

.8492

0.83

0.84

0.85

0.925

0.930

0.935

28.45

32.57 .9053

.8469
.9306

27.97
32.48

.9056

.8368

.9292

ImageNet

Places365 PASS

ਤ 4.1: SRֶशσʔληοτΛߏங͢ΔఏҊύΠϓϥΠϯ. ͜ͷύΠϓϥΠϯΛ௨ͯ͠ಘ
ΒΕΔDiverSeg͸, ௿ղ૾౓͕ͩߴ඼࣭͔ͭଟ༷ੑͷ͍ߴը૾Ͱߏ੒͞ΕΔ. DiverSegͰ
ֶशͨ͠ SRϞσϧ͸, DF2K΍LSDIRͳͲͷߴղ૾౓ը૾σʔληοτͰֶशͨ͠Ϟσ
ϧΑΓ΋ੑ͍ߴೳΛࣔ͢.

എܠԼͰࡱӨ͞Ε͍ͯΔ͔ͰධՁ͞Ε͖ͯͨ. ͦ͜Ͱຊ࿦จͰ͸, ը૾தʹؚ·ΕΔηά

ϝϯτ਺͕ඃࣸମͷଟ༷ੑͱີ઀ʹؔ͢܎Δͱ͍͏Ծઆ͔Β SRϞσϧͷੑೳ͛ܨʹ্޲

ͨ. ηάϝϯτ਺͕ 100Λ௒͑Δը૾Λબఆ͢Δ͜ͱͰ, ௿ղ૾౓ը૾Ͱ΋ SRֶशΛ੒

ޭͤ͞Δ͜ͱΛࣔͨ͠.

3) ղ૾౓ͷߟ࠶. ه্ 1) ඼࣭ɾ2) ଟ༷ੑͷྀߟ, ͭ·Γ Blockiness෼෍ٴͼը૾ηά

ϝϯτ਺Λܭଌͯ͠ 2ஈ֊ϑΟϧλϦϯάΛ͜͢ࢪͱʹΑΓɼSRֶशͷͨΊʹߴղ૾౓

ը૾͸ඞͣ͠΋ඞཁͰ͸ͳ͘, େ෦෼Λ௿ղ૾౓ը૾͕઎ΊΔWebը૾Ͱ΋े෼Ͱ͋Δ

͜ͱ͕໌Β͔ʹͨ͠. ͜ͷ஌ݟʹΑΓɼImageNet [12]΍PASS [77]ͳͲɼຊདྷ͸ SRΛ໨

తͱͯ͠ߏங͞Ε͍ͯͳ͍طଘͷେن໛ը૾σʔληοτʹରͯ͠΋ɼ2ஈ֊ϑΟϧλϦ

ϯάΛ͜͢ࢪͱͰɼSRֶशʹదͨ͠σʔλͱͯ͠׆༻Ͱ͖Δ͜ͱ͕ࣔ͞Εͨɽ
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4.2. DIVERSEGσʔληοτ ୈ 4 ষ SRֶशσʔλߏஙͷߟ࠶

ਤ 4.2: DiverSegͷը૾ͱͦͷηάϝϯςʔγϣϯϚεΫΛࣔ͢. DiverSeg͸, େن໛ͳ
௿ղ૾౓ը૾܈ʹରͯࣗ͠ಈը૾ධՁύΠϓϥΠϯΛద༻͢Δ͜ͱͰಘΒΕΔ.

4) σʔληοτͷߏங. ه্ 3ͭͷ؍఺Λྀ͢ߟΔ͜ͱͰ, ௿ղ૾౓ը૾͕த৺ͷWeb

ը૾Ͱ͋Γͳ͕Β, ೳͳੑߴ SRϞσϧΛ࣮͢ݱΔDiverse Segmentation (DiverSeg)σʔ

ληοτΛఏҊ͢Δ. ਤ 4.1ʹࣔ͢Α͏ʹ, DiverSeg͸, ImageNet-1k΍ PASSͳͲ, ଟ༷

ੑΛྀͯ͠ߟઃ͞ܭΕͨσʔληοτ͔ΒಘΒΕΔେྔͷ௿ղ૾౓ը૾ʹϑΟϧλϦϯά

Λద༻ͯ͠ߏங͞ΕΔ. ,Ͱ͸ݧ࣮ DiverSegͰֶशͨ͠ SRϞσϧ͕, DF2K΍ LSDIRͳ

Ͳͷߴղ૾౓ SRσʔληοτͰֶशͨ͠ SRϞσϧΑΓ΋༏Ε͍ͯΔ͜ͱΛࣔ͢.

4.2 DiverSegσʔληοτ

ຊষͰ͸, ଟ༷ͳηάϝϯτԽ͞ΕͨΦϒδΣΫτྖҬΛ࣋ͭ௿ղ૾౓Ͱ͋Δ͕ߴ඼࣭

ͳը૾σʔληοτͰ͋Δ DiverSegΛ঺հ͢Δɽզʑ͸ ImageNet΍ PASSͷ֤ը૾ʹ

ରͯ͠ɼ1) ඼࣭ΛBlockiness, 2) ଟ༷ੑΛηάϝϯτ਺ʹͯਪఆ͠, ͦͷ݁Ռ͔Β௿ղ૾

౓Ͱ͋Δֶ͕शʹ࢖༻Մೳͳը૾Λબ୒͢ΔɽDiverSegΛߏங͢ΔͨΊͷύΠϓϥΠϯ

͸, ιʔεબ୒ͱΦϒδΣΫτϕʔεͷϑΟϧλϦϯάͱ͍͏ 2ͭͷεςοϓͰߏ੒͞Ε

͓ͯΓ, ͦΕͧΕ͕զʑͷղ૾౓ͱଟ༷ੑΛ͢ߟ࠶Δ؍఺͔Βઃ͞ܭΕ͍ͯΔ. զʑͷΞ

ϓϩʔν͸, .Δ͢ݮղ૾౓ը૾ͷऩू͓Αͼ඼࣭ධՁͷίετΛܰߴ
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4.2.1 ιʔεબఆ

X Λ௿ղ૾౓ͷը૾σʔληοτͷू߹ͱఆٛ͢Δ. ͜ͷεςοϓͰ͸, ֤σʔληο

τX ∈ X ʹରͯ͠඼࣭ q̂X ∈ [0, 1]Λਪఆ͠, q̂X < 0.9ͷ΋ͷΛআ֎͢Δ͜ͱͰ, ௿඼࣭ͳ

σʔληοτΛഉআ͢Δ. ͜Ε͸, ௿඼࣭ͷը૾Λଟؚ͘Ήσʔληοτ͕ SRϞσϧͷ

ֶशʹ༗֐Ͱ͋Δͱ͍͏ԾఆͷԼͰߦΘΕΔ. Blockiness෼෍ؒͷKullback-Leibler (KL)

divergenceʹͮ͘ج඼࣭ਪఆํ๏͸ҎԼͷ௨ΓͰ͋Δ.

ը૾σʔληοτ. Web͔Βऩू͞Εͨ௿ղ૾౓σʔληοτX = {ImageNet-1k,

Places365,PASS} Λ࢖༻͢Δ.

඼࣭ͷఆٛ. Y Λ JPEGը૾ͷσʔληοτͱ͢Δ. ඼࣭ qY Λ,ฏۉ JPEG඼࣭,ͭ·Γ,

qY ! 1

|Y |
∑

y∈Y

Q(y), (4.1)

ʹΑͬͯఆٛ͢Δ. ͜͜Ͱ, 0 ≤ Q(y) ≤ 1͸ը૾ yͷ JPEG඼࣭Ͱ͋Δ (1ͷ৔߹͸ JPEG

ඇѹॖͱ͢Δ) . ඼࣭ਪఆͷ໨త͸, σʔληοτX ͕༩͑ΒΕͨͱ͖ʹ qX Λਪఆ͢Δ

͜ͱͰ͋Δ. ͳ͓, ਪఆஈ֊Ͱ͸, σʔληοτʹ JPEGҎ֎ͷϑΥʔϚοτͷը૾ؚ͕

·ΕΔ͜ͱ͕͋Γ, ਅͷ඼࣭ qX ͸؍ଌෆՄೳͰ͋Δ.

Blockiness෼෍. ඼࣭ਪఆʹ͸, Blockiness measure [76] Λ༻͍Δ. ۩ମతʹ͸, ֤σʔ

ληοτ X ∈ X ʹରͯ͠, JPEG඼࣭ q Λࢦఆͯ͠ѹॖͨ͠ը૾ʹର͢ΔBlockiness஋

ͷ෼෍ pX,q(b) Λ, ҎԼͷΧʔωϧີ౓ਪఆͰٻΊΔ:

pX,q(b) =
1

h|X|
∑

x∈X

K

(
b− B(φq(x))

h

)
. (4.2)

͜͜Ͱ, x ͸ը૾, φq ͸ JPEGѹॖؔ਺, K ͸Ψ΢εΧʔωϧ, h ͸ Scottͷํ๏Ͱܾఆ͞
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ਤ 4.3: JPEG඼࣭ʹΑΔը૾ྼԽͷൺֱ (੨). ֤ը૾͔Βࢉग़͞Εͨ Blockiness஋Λซ
.Δ͍ͯ͠ه JPEG඼࣭͕௿Լ͠, ΞʔςΟϑΝΫτ͕૿Ճ͢ΔʹͭΕͯ, Blockiness஋΋
ͦΕʹԠ্ͯ͡ঢ͢Δݟ͕޲܏ΒΕΔ.

ΕΔόϯυ෯Ͱ͋Δ.

BlockinessࢦඪB͸, αϒόϯυDCT܎਺Λ͢ࢉܭΔ͜ͱʹΑͬͯ JPEGѹॖʹΑΔ

ϒϩοΫঢ়ΞʔνϑΝΫτͷڧ౓Λଌఆ͢Δ. B(x) ͸ҎԼͰఆٛ͞ΕΔ:

B(x) =
P∑

i=1

P∑

j=1

∣∣∣∣
V̄crop(i, j)− V̄ (i, j)

V̄ (i, j)

∣∣∣∣ , V̄ (i, j) =
1

WH

H∑

h=1

W∑

w=1

Vw,h(i, j). (4.3)

͜͜Ͱ Vw,h(i, j) ͸֤ύονͱͦͷྡ઀ύον಺ͷDCT܎਺ͷ෼ࢄ, Vcrop(i, j) ͸ઌ಄

4ྻ .Λද͢ࢄग़ͨ͠෼ࢉʹΛআ͍ͨը૾ʹ͓͍ͯಉ༷ߦ4 ຊڀݚͰ͸ P = 8 Λ࠾༻͢

Δ. ඇѹॖը૾Ͱ͸ B(x) ͕௿͘, ѹॖը૾Ͱ͸͘ߴͳΔ͕͋޲܏Δʢਤ 4.3 .রʣࢀ

඼࣭ਪఆ. pX,1.0ͱ {pZ,q}q∈SΛൺֱ͢Δ͜ͱʹΑΓ, ඼࣭Λਪఆ͢Δ. ͜͜Ͱ, pZ,q͸

,ఈ෼෍Ͱ͋Γج ఆ඼࣭ݻ qͷը૾ͷ Blockiness෼෍Ͱ͋Δ. ΑΓ۩ମతʹ͸, ਪఆ͞Ε

ͨ඼࣭͸࣍ͷΑ͏ʹ༩͑ΒΕΔɿ

q̂X =
∑

q∈S

q
exp(−DKL(pX,1.0||pZ,q))∑

q′∈S exp(−DKL(pX,1.0||pZ,q′))
. (4.4)

͜͜Ͱ, Z͸ඇѹॖը૾ͷΈΛؚΉσʔληοτͰ͋Δ. ຊ࿦จͰ͸, DF2KΛ࢖༻͢Δ.
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ਤ 4.4: (a) ImageNet-1k, Places365͓Αͼ PASSͷ Blockiness෼෍. (b) DF2Kͷجఈ
෼෍ (q = 0.5, 0.75, 0.85, 0.95, 1.0). ֤σʔληοτͷ Blockiness෼෍ͱجఈ෼෍ͷ KL

Divergence͔Βσʔληοτͷ඼࣭Λਪఆ͢Δ.

DKL͸KL divergenceͰ͋Γ, S = {1.0, 0.95, 0.85, 0.75, 0.5}͸཭ࢄతʹαϯϓϦϯά͞Ε

ͨ඼࣭஋Ͱ͋Δ. ਤ 4.4͸, 3ͭͷ௿ղ૾౓ը૾σʔληοτͷBlockiness෼෍ pX,1.0ͱج

ఈ෼෍ pZ,qΛ͍ࣔͯ͠Δ.

બ୒݁Ռ. ImageNet-1k, Places365, PASSͷਪఆ඼࣭͸, ͦΕͧΕ 95.5%, 75.0%, 99.8%

ͱͳͬͨ. ͜ͷ݁Ռ͔Β, Places365͸আ֎͞ΕΔ.

4.2.2 ΦϒδΣΫτϕʔεͷϑΟϧλϦϯά

ιʔεબ୒ޙ, SRσʔληοτͱͯ͠ͷޮՌΛ্ͤ͞޲ΔͨΊ, ϑΟϧλϦϯάΛద༻

͢Δ. ͜Ε͸, ,Ұ·ͨ͸୯ௐͳྖҬΛ࣋ͭը૾ΑΓ΋ۉ ଟ༷ͳΦϒδΣΫτྖҬΛ࣋ͭ

ը૾ͷํ͕ޮՌతͰ͋Δͱ͍͏ԾఆͷԼͰߦΘΕΔ. ϑΟϧλϦϯάద༻ޙͷσʔληο

τ X̃͸

X̃ = x ∈ X : R(x) ≥ θ, (4.5)

ʹΑͬͯ༩͑ΒΕΔ. ͜͜Ͱ, R(x)͸ΦϒδΣΫτྖҬͷ਺Ͱ͋Γ, θ͸ᮢ஋Ͱ͋Δ.

ຊڀݚͰ͸, খ͞ͳྖҬ΍ৄࡉΛؚΉཻࡉ౓ͷݕग़͔Β, ΑΓେ·͔ͳΦϒδΣΫτೝ
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ද 4.1: σʔληοτͷ౷ܭ৘ใ. HR: ,ղ૾౓ը૾ߴ LR: ௿ղ૾౓ը૾, #Images: ը૾
਺, #Pixels: ฏۉϐΫηϧ਺, Blockiness: Blockiness஋ͷதԝ஋, #Segments: ฏۉηά
ϝϯτ਺. ఏҊσʔληοτ͸DiverSeg-{I, P, IP}.
Dataset Task HR LR #Images #Pixels Blockiness #Segments

DIV2K [5] Super-resolution " 800 2.8M 0.47 104

DF2K [5,6] Super-resolution " 3,450 2.8M 0.47 103

LSDIR [58] Super-resolution " 84,991 1.1M 0.82 92

ImageNet [12] Image recognition " 1,281,167 237k 4.39 71

Places365 [80] Image recognition " 1,803,460 366k 80.71 100

PASS [77] Image recognition " 1,439,589 178k 3.03 74

DiverSeg-I (Ours) Super-resolution " 259,448 233k 2.83 146

DiverSeg-P (Ours) Super-resolution " 267,055 179k 4.39 146

DiverSeg-IP (Ours) Super-resolution " 526,503 206k 3.61 146

ࣝ·Ͱ, ҟͳΔཻ౓ͷݕग़͕ SRੑೳʹ༩͑ΔӨڹΛධՁ͢ΔͨΊ, 2छྨͷΦϒδΣΫτ

ϕʔεϑΟϧλϦϯάख๏Λಋೖ͢Δ.

ηάϝϯςʔγϣϯϕʔεͷϑΟϧλϦϯά. ViT-HΛόοΫϘʔϯͱ͢Δ SAM [78] Λ

,͠༺࢖ ηάϝϯτϚεΫ਺Λ R ͱఆٛ͢Δ. యܕతͳηάϝϯςʔγϣϯϞσϧ͕Ϋ

ϥεϥϕϧʹ͍ͯͮجҙຯతྖҬ෼ׂΛ࣮͢ߦΔͷʹର͠, SAM͸ҙຯత੍໿Λ՝͞ͳ

͍ྖҬ෼ׂ͕࣮ߦͰ͖ΔͨΊ, ଟ༷ͳΦϒδΣΫτͷΑΓྖ͍͔ࡉҬ෼ׂΛՄೳʹ͢Δ.

θ = 100 ͱͯ͠ ImageNet-1kʹద༻ͨ݁͠Ռ, ໿ 26ສຕͷը૾͕ͨͬ࢒.

.ग़ϕʔεͷϑΟϧλϦϯάݕ ViT-BΛόοΫϘʔϯͱ͢ΔDetic [79] Λ࢖༻͠, ग़͞ݕ

ΕͨΦϒδΣΫτ਺Λ R ͱఆٛ͢Δ. θ = 18 Λઃఆ͠, ໿ 26ສຕͷը૾͕ͨͬ࢒.

4.2.3 σʔληοτ౷ܭ

ද 5.1 ͸, σʔληοτͷ౷ܭΛࣔ͢. զʑ͸, ImageNet-1k, PASS, ͓ΑͼͦΕΒΛ

౷߹ͯ͠ߏஙͨ͠DiverSeg-ImageNet (DiverSeg-I), DiverSeg-PASS (DiverSeg-P), ͓Αͼ

ͦΕΒͷ౷߹Ͱ͋ΔDiverSeg-IPͱ͍͏ 3ͭͷDiverSegσʔληοτΛ࡞੒ͨ͠. DF2K
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΍ LSDIRͱ͍ͬͨ SRσʔληοτͱൺֱͯ͠, DiverSeg͸ը૾਺͕ଟ͍΋ͷͷ, શͯ௿

ղ૾౓ͱ͍͏ಛ௃͕͋Δ. ·ͨ, Blockiness஋ͷதԝ஋͸ ImageNet-1kͰ͸ݮগ͠, PASS

Ͱ͸ϑΟϧλϦϯάޙʹ૿Ճ͍ͯ͠Δ. ͜Ε͸ΦϒδΣΫτϕʔεͷϑΟϧλϦϯά͕

Blockiness஋ͱ૬͓ؔͯ͠Βͣ, SRσʔλߏஙʹ͓͍ͯ 2ͭͷεςοϓ͕ඞཁͰ͋Δ͜ͱ

Λ͍ࣔͯ͠Δ.

4.3 ݧ࣮

ຊ߲Ͱ͸, DiverSegσʔληοτΛ༻͍֤ͯछ SRϞσϧΛֶश࣮ͤͨ݁͞ݧՌΛࣔ͢.

ʹͣͤ༺࢖ղ૾౓ը૾Λߴ SRϞσϧΛֶशՄೳͰ͋Δ͜ͱΛࣔ͢ͱͱ΋ʹ, SRੑೳ্޲

ͷͨΊʹσʔληοτͷ؍఺͔ΒॏཁͱͳΔཁҼΛৄࡉʹ෼ੳ͢Δ.

4.3.1 ઃఆݧ࣮

SRϞσϧ. CNNϕʔεͷϞσϧͱͯ͠MSRResNet [30], EDSR [29], RCAN [33], Trans-

formerϕʔεͷϞσϧͱͯ͠ SwinIR [37]͓ΑͼHAT [41]Λ࢖༻͢Δ.

ֶशσʔληοτ. 2ͭͷߴղ૾౓σʔληοτ: DF2K [5,6]͓ΑͼLSDIR [58]ͱDiverSeg

σʔληοτΛൺֱ͢Δ. DF2K͸DIV2K [5]ͱ Flickr2K [6]Λ౷߹ͨ͠σʔληοτͰ

͋Δ.

ධՁσʔληοτ. Set5 [61], Set14 [62], BSD100 [57], Urban100 [63], Manga109 [64]Λ

༻͍Δ.

ධՁࢦඪ. YCbCr৭ۭؒͷYνϟϯωϧʢً౓੒෼ʣʹ͓͚Δ PSNR͓Αͼ SSIMΛ༻

͍Δ.
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ֶशઃఆ. શͯͷϞσϧʹରͯ͠ॳֶظश཰͸ 2× 10−4ʹઃఆ͠, దԽʹ͸AdamΦϓ࠷

ςΟϚΠβ [81]Λ࢖༻͢Δ. ύϥϝʔλ͸ β1 = 0.9, β2 = 0.999, ϵ = 10−8ͱ͢Δ.

ֶशεέδϡʔϧ͸ҎԼͷ௨ΓͰ͋Δ. MSRResNet͸ 100ສΠςϨʔγϣϯͰֶश͠,

CosineAnnealingRestartLRεέδϡʔϥΛ༻͍Δ. EDSR͓ΑͼRCAN͸ 30ສΠςϨʔ

γϣϯͰֶश͠, 20ສΠςϨʔγϣϯ͝ͱʹֶश཰Λ൒ͤ͞ݮΔ. SwinIR͸ 50ສΠςϨʔ

γϣϯͰֶश͠, 25ສ, 40ສ, 45ສ, 47.5ສͰֶश཰Λ൒ͤ͞ݮΔ. HAT͸ 80ສΠςϨʔ

γϣϯͰֶश͠, 30ສ, 50ສ, 65ສ, 70ສ, 75ສͰֶश཰Λ൒ͤ͞ݮΔ. EDSR, RCAN,

SwinIR, HATʹ͸MultiStepLRΛ࢖༻͢Δ.

ϛχόοναΠζ͸, MSRResNet, EDSR, RCANͰ͸ 16, SwinIR͓ΑͼHATͰ͸ 32

ͱ͢Δ. ௿ղ૾౓ύοναΠζ͸, MSRResNetͰ 32×32, EDSR͓ΑͼRCANͰ 48×48,

SwinIR͓ΑͼHATͰ 64× 64Λ࢖༻͢Δ. EDSRʹ͍ͭͯ͸, ௒ղ૾ഒ཰ 2ഒͰࣄલֶश

͞ΕͨॏΈΛ༻ֶ͍ͯशΛ͏ߦ. ಛʹٴݴͷͳ͍ݶΓ, ௒ղ૾ഒ཰͸ 4ഒʹઃఆ͢Δ. ߴ

ղ૾౓ͱ௿ղ૾౓ͷը૾ϖΞ͸BicubicิؒʹΑΔμ΢ϯαϯϓϦϯάͰ࡞੒͠, ଛࣦؔ

਺ʹ͸ L1 lossΛ༻͍Δ. σʔλ֦ுʹ͸, ϥϯμϜͳ 90, 180, 270౓ͷճస͓Αͼਫฏํ

.ͷ൓సΛ༻͍Δ޲

4.3.2 ओͳ݁Ռ

ఏҊख๏ͷ༗ޮੑΛ͢ূݕΔͨΊ, DiverSeg-I͓ΑͼDiverSeg-PΛ༻͍ͯ 5ͭͷ SRϞ

σϧΛֶशͨ͠. ݁ՌΛද 4.2ʹࣔ͢. DiverSeg-I/PͰֶशͨ͠Ϟσϧ͸, DF2K΍LSDIR

Ͱֶशͨ͠ϞσϧΑΓ΋༏ΕͨੑೳΛୡ੒ͨ͠. ͜ͷ݁Ռ͸,ఏҊ͢Δσʔληοτͷ༗ޮ

ੑΛ͓ࣔͯ͠Γ, ʹ͍ͣ༺ղ૾౓ը૾Λߴ SRϞσϧΛֶशͨ͠ॳͷ੒ޭྫͱ͑ߟΒΕΔ.
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ද 4.2: ղ૾౓ߴଘͷط SRσʔληοτʢDF2K͓Αͼ LSDIRʣͱ DiverSegͷൺֱ.

DiverSeg-I͓ΑͼDiverSeg-PͰֶश͞ΕͨϞσϧ͸, शֶʹͣͤ༺࢖ղ૾౓ը૾ΛҰ੾ߴ
͞Εͨʹ΋͔͔ΘΒͣ, ༏ΕͨੑೳΛࣔͨ͠.
Model

Dataset HR LR
Set5 Set14 BSD100 Urban100 Manga109

(Params) PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

DF2K " 32.23 0.8955 28.67 0.7831 27.62 0.7374 26.23 0.7897 30.64 0.9108
MSRResNet [30] LSDIR " 32.15 0.8948 28.66 0.7836 27.62 0.7374 26.31 0.7918 30.57 0.9105
(1.5M) DiverSeg-I " 32.27 0.8963 28.64 0.7837 27.64 0.7378 26.31 0.7918 30.53 0.9115

DiverSeg-P " 32.09 0.8943 28.61 0.7832 27.60 0.7371 26.28 0.7918 30.36 0.9101

DF2K " 32.50 0.8990 28.87 0.7885 27.75 0.7421 26.73 0.8058 31.17 0.9165
RCAN [33] LSDIR " 32.53 0.8992 28.89 0.7894 27.75 0.7425 26.91 0.8090 31.33 0.9180
(15.5M) DiverSeg-I " 32.70 0.9012 28.98 0.7908 27.81 0.7443 27.03 0.8116 31.58 0.9210

DiverSeg-P " 32.63 0.9000 28.95 0.7898 27.77 0.7435 26.99 0.8134 31.19 0.9190

DF2K " 32.61 0.8998 28.91 0.7893 27.79 0.7434 26.84 0.8089 31.38 0.9176
EDSR [29] LSDIR " 32.57 0.8992 28.97 0.7908 27.80 0.7438 27.05 0.8131 31.47 0.9192
(43.0M) DiverSeg-I " 32.71 0.9017 28.98 0.7913 27.85 0.7453 27.10 0.8142 31.72 0.9216

DiverSeg-P " 32.57 0.9002 29.06 0.7915 27.80 0.7447 27.10 0.8163 31.33 0.9191

DF2K " 32.92 0.9044 29.09 0.7950 27.92 0.7489 27.45 0.8254 32.03 0.9260
SwinIR [37] LSDIR " 32.86 0.9036 29.16 0.7963 27.92 0.7492 27.79 0.8331 31.98 0.9262
(11.9M) DiverSeg-I " 32.97 0.9053 29.23 0.7970 27.98 0.7508 27.83 0.8336 32.34 0.9283

DiverSeg-P " 32.85 0.9040 29.24 0.7961 27.96 0.7502 27.85 0.8349 32.28 0.9278

DF2K " 33.03 0.9056 29.16 0.7964 27.99 0.7514 27.93 0.8365 32.44 0.9292
HAT [41] LSDIR " 32.93 0.9053 29.29 0.7988 28.01 0.7525 28.45 0.8469 32.57 0.9306
(20.7M) DiverSeg-I " 33.15 0.9071 29.46 0.8004 28.07 0.7542 28.51 0.8477 32.90 0.9325

DiverSeg-P " 33.12 0.9068 29.50 0.8002 28.04 0.7536 28.53 0.8492 32.83 0.9320

4.3.3 SOTAख๏ͱͷൺֱ

ද 4.3͸ɼDiverSegΛ༻ֶ͍ͯशͨ͠Ϟσϧ͕ɼطଘख๏ͱൺֱͯ͠ΑΓੑ͍ߴೳΛ

ୡ੒͠ɼSOTAΛߋ৽ͨ͜͠ͱΛ͍ࣔͯ͠ΔɽಛʹɼDiverSegͰֶशͨ͠ HAT͓Αͼ

HAT-L͸ɼImageNet-1kશମͰࣄલֶश͠ɼDF2KͰϑΝΠϯνϡʔχϯάΛͨͬߦϞ

σϧΑΓ΋ɼ5ͭͷϕϯνϚʔΫͷ͏ͪ 4ͭʹ͓͍ͯPSNR͓Αͼ SSIMͰ༏Εͨ݁ՌΛ

ୡ੒͍ͯ͠Δɽ஫໨͢΂͖͸ɼDiverSeg-I͕ ImageNet-1kͷ 77.5͜ͷ݁Ռ͸ɼఏҊ͢Δ

ϑΟϧλϦϯάख๏ͷ༗ޮੑͱ࣮༻తͳޮ཰ੑΛཪ෇͚Δ΋ͷͰ͋Δɽ
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ද 4.3: 5ͭͷϕϯνϚʔΫσʔληοτʹ͓͚Δ࠷ઌ୺ख๏ͱͷੑೳൺֱ. DiverSegσʔ
ληοτ͸, Transformerϕʔεͷ 2ͭͷϞσϧʹద༻ͨ͠. HR͓ΑͼLRͷνΣοΫϚʔ
Ϋ͸, .ΛͦΕͧΕࣔ͢༺࢖ղ૾౓σʔληοτ͓Αͼ௿ղ૾౓σʔληοτͷߴ

Method Training Data HR LR
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SAN [34] DIV2K " 32.64 0.9003 28.92 0.7888 27.78 0.7436 26.79 0.8068 31.18 0.9169

IGNN [82] DIV2K " 32.57 0.8998 28.85 0.7891 27.77 0.7434 26.84 0.8090 31.28 0.9182

HAN [83] DIV2K " 32.64 0.9002 28.90 0.7890 27.80 0.7442 26.85 0.8094 31.42 0.9177

NLSN [84] DIV2K " 32.59 0.9000 28.87 0.7891 27.78 0.7444 26.96 0.8109 31.27 0.9184

RRDB [30] DF2K " 32.73 0.9011 28.99 0.7917 27.85 0.7455 27.03 0.8153 31.66 0.9196

RCAN-it [70] DF2K " 32.69 0.9007 28.99 0.7922 27.87 0.7459 27.16 0.8168 31.78 0.9217

EDT [60] DF2K " 32.82 0.9031 29.09 0.7939 27.91 0.7483 27.46 0.8246 32.05 0.9254

HAT-S [41] DF2K " 32.92 0.9047 29.15 0.7958 27.97 0.7505 27.87 0.8346 32.35 0.9283

IPT [36] ImageNet " 32.64 - 29.01 - 27.82 - 27.26 - - -

SwinIR [37] DF2K " 32.92 0.9044 29.09 0.7950 27.92 0.7489 27.45 0.8254 32.03 0.9260

SwinIR [37] DiverSeg-I (Ours) " 32.97 0.9053 29.23 0.7970 27.98 0.7508 27.83 0.8336 32.34 0.9283

HAT [41] DF2K " 33.04 0.9056 29.23 0.7973 28.00 0.7517 27.97 0.8368 32.48 0.9292

HAT [41] ImageNet→DF2K " " 33.18 0.9073 29.38 0.8001 28.05 0.7534 28.37 0.8447 32.87 0.9319

HAT [41] DiverSeg-I (Ours) " 33.15 0.9071 29.46 0.8004 28.06 0.7542 28.51 0.8477 32.90 0.9325

HAT [41] DiverSeg-IP (Ours) " 33.14 0.9073 29.51 0.8007 28.07 0.7542 28.54 0.8492 32.96 0.9327

HAT-L [41] ImageNet→DF2K " " 33.30 0.9083 29.47 0.8015 28.09 0.7551 28.60 0.8498 33.09 0.9335

HAT-L [41] DiverSeg-I (Ours) " 33.28 0.9083 29.54 0.8022 28.10 0.7556 28.75 0.8529 33.14 0.9340

HAT-L [41] DiverSeg-IP (Ours) " 33.20 0.9080 29.59 0.8019 28.11 0.7556 28.81 0.8547 33.19 0.9342

ද 4.4: BlockinessʹΑΔϑΟϧλϦϯάʢHAT model, ImageNet-1kʣ. θ′ɿBlockiness஋
ʹର͢Δᮢ஋.

θ′ #Images
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

10 800k 33.07 0.9068 29.34 0.8000 28.04 0.7538 28.41 0.8465 32.56 0.9310
30 939k 33.13 0.9072 29.39 0.8001 28.06 0.7538 28.43 0.8463 32.70 0.9316
100 1.08M 33.11 0.9071 29.42 0.8001 28.05 0.7537 28.41 0.8457 32.84 0.9321
– 1.15M 33.08 0.9071 29.40 0.7999 28.05 0.7535 28.41 0.8457 32.88 0.9323

4.3.4 ෼ੳ1: ϑΟϧλϦϯάͷޮՌ

BlockinessʹΑΔϑΟϧλϦϯά. Blockiness͕ SRੑೳʹରͯ͠ॏཁͳཁૉͰ͋Δ৔

߹, Blockiness஋ʹͮ͘ج୯७ͳᮢ஋ϑΟϧλϦϯά

X̃B = {x ∈ X : B(x) ≤ θ′}
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͸༗ޮͳΞϓϩʔνʹ͑ࢥΔ. ͔͠͠, ද 5.5ʹࣔ͢Α͏ʹ, ᮢ஋ θ′ Λ 30͔Β 10ʹԼ͛

ͯ΋ PSNR΍ SSIMͷվળ͸ݟΒΕͣ, Urban100ʹ͓͚Δ SSIMͷΈ͕ྫ֎తʹ্͠޲

ͨ. ͜ͷ݁Ռ͸, ຊख๏͕ΦϒδΣΫτྖҬͷଟ༷ੑΛྀͣͤߟ, Ұ཯ʹը૾Λআ֎ͯ͠

͍Δ͜ͱʹىҼ͍ͯ͠Δͱ͑ߟΒΕΔ.

प೾਺ϕʔεͷϑΟϧλϦϯά. ը૾ʹؚ·ΕΔߴप೾੒෼͸Τοδ΍ςΫενϟΛؚΈ,

SRֶशʹ༗ޮͱ͞Ε͖ͯͨ. ͜͏ͨ͠എ͔ܠΒ, ը૾Λ͍ͯͮجʹप೾੒෼ͷؚ༗཰ߴ

͋Β͔͡Ίબผ͢Δ͜ͱ͸, SRੑೳ͚ͨ޲ʹ্޲༗ޮͳΞϓϩʔνͱ͑ߟΒΕΔ. ͦ͜

Ͱ, ,प೾੒෼ͷؚ༗཰ΛఆྔతʹධՁ͢ΔͨΊߴ ਤ 4.5ʹࣔ͢Α͏ʹप೾਺ྖҬΛઃఆ

͠, ύϫʔεϖΫτϧʹߴͮ͘جप೾ؚ༗཰ Hα ΛҎԼͷΑ͏ʹఆٛ͢Δ:

Hα(x) =

∑
(u,v):r>r′ Px(u, v)∑

(u,v) Px(u, v)
(4.6)

r =
√

(u− u0)2 + (v − v0)2 (4.7)

r′ = αR (4.8)

͜͜Ͱ, Px(u, v) ͸ը૾ x ʹରͯ͠ಘΒΕΔύϫʔεϖΫτϧ, r ͸εϖΫτϧத৺

(u0, v0) ͔Βͷڑ཭, r′͸εέʔϦϯά܎਺ α ∈ (0, 1) ,ܘ൒ͮ͘جʹ R͸ը૾αΠζʹج

.Ͱ͋Δܘେ൒࠷ͮ͘ ͳ͓, ਤද͓ΑͼϑΟϧλϦϯάॲཧʹ͓͚Δߴप೾ؚ༗཰Hα͸,

ఆٛࣜʹͮ͘ج஋ʹ 100Λ৐ͨ͡%୯ҐͰද͍ͯ͠هΔ. తʹಘΒΕͨݧ࣮ α = 0.3 Λઃ

ఆ͠, ୯७ͳᮢ஋ϑΟϧλϦϯάͮ͘جʹप೾ؚ༗཰ߴ

X̃H = {x ∈ X : Hα(x) ≤ θ′′}

Λͨͬߦ.
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r’

R

Low-frequency area
High-frequency area

W

H

ਤ 4.5: ύϫʔεϖΫτϧը૾ʹ͓͚Δप೾਺ྖҬ. ਤதͷࠇ఺͸εϖΫτϧத৺Λࣔ͠,

த৺͔Βͷڑ཭͕ r′ Λ௒͑ΔྖҬ͕ߴप೾ྖҬ, r′ = αR ͸εέʔϦϯά܎਺ α ʹΑΓ
ఆ·Δ൒ܘͰ͋Δ. R =

√
(W/2)2 + (H/2)2 ͸ը૾αΠζ (W,H) Λܘେ൒࠷ͮ͘جʹ

ද͢.

ද 4.5: प೾਺੒෼ʹΑΔϑΟϧλϦϯάʢHAT model, ImageNet-1kʣ. θ′′ɿߴप೾ؚ༗
཰ʹର͢Δᮢ஋.

θ′′ #Images
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

0.9 495k 33.02 0.9063 29.36 0.7999 28.03 0.7538 28.39 0.8466 32.57 0.9312
0.4 795k 33.14 0.9072 29.36 0.8001 28.05 0.7539 28.42 0.8465 32.73 0.9319
0.1 1.08M 32.99 0.9066 29.41 0.7999 28.05 0.7538 28.40 0.8457 32.86 0.9323
0 1.15M 33.08 0.9071 29.40 0.7999 28.05 0.7535 28.41 0.8457 32.88 0.9323

͔͠͠, ද 4.5ʹࣔ͢Α͏ʹ, ᮢ஋ θ′′ Λஈ֊తʹมԽͤͨ͞ͱ͜Ζ, PSNR΍ SSIMͷ

.ΒΕͳ͔ͬͨݟஶͳվળ͸ݦ Urban100ʹ͓͍ͯ͸, θ′′ = 0.4ͷ৔߹ʹΘ͔ͣͳݟ্͕޲

ΒΕͨ΋ͷͷ, BlockinessʹΑΔϑΟϧλϦϯάͱಉ༷ʹଞͷσʔληοτͰ͸ੑೳ͕΄

΅ԣ͹͍Ͱ͋Γ, ޮՌ͸ݶఆతͰ͋ͬͨ.

ϑΟϧλϦϯάख๏ͷൺֱ. ද 4.6͸, प೾਺ϕʔε, Blockiness, ,ग़ϕʔεݕ ͓Αͼη

άϝϯςʔγϣϯϕʔεͷ 4ͭͷϑΟϧλϦϯάʹΑΔൺֱ݁ՌΛ͍ࣔͯ͠Δ. ͍ͣΕ΋

ImageNet-1kΛର৅σʔληοτͱ͠, ໿ 26ສຕͷը૾ʹ౷Ұֶͯ͠शΛ͍ͯͬߦΔ. ݁
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ද 4.6: ϑΟϧλϦϯάख๏ͷൺֱ. ੑೳධՁ
ʹ͸, ໿ 26ສຕͷϑΟϧλϦϯάࡁΈը૾Λ
༻͍ͨʢHAT model, ImageNet-1kʣ.

Filtering method
Urban100 Manga109

PSNR SSIM PSNR SSIM

Freq.-based 28.30 0.8461 32.41 0.9302
Blockiness 28.39 0.8467 32.47 0.9304
Detection-based 28.44 0.8462 32.87 0.9322
Seg.-based 28.51 0.8477 32.90 0.9325

ද 4.7: ҟͳΔᮢ஋ θ ʹ͓͚Δੑೳൺֱ
ʢHAT model, ImageNet-1kʣ.

θ #Images
Urban100 Manga109

PSNR SSIM PSNR SSIM

0 1.2M 28.41 0.8457 32.88 0.9323
50 663k 28.46 0.8472 32.90 0.9325
100 259k 28.51 0.8477 32.90 0.9325
150 86k 28.36 0.8452 32.83 0.9320

ද 4.8: JPEG඼࣭ͷޮՌͷ෼ੳ (HAT model).

Dataset Quality (%) Blockiness
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

DF2K 50 165.34 31.13 0.8855 27.54 0.7533 26.32 0.7103 25.04 0.7511 30.20 0.9024
75 83.20 32.63 0.9008 27.70 0.7457 27.70 0.7457 27.39 0.8238 31.88 0.9238
85 46.98 32.94 0.9043 29.07 0.7941 27.93 0.7499 27.72 0.8313 32.14 0.9266
95 10.33 32.98 0.9048 29.11 0.7951 27.99 0.7521 27.81 0.8338 32.21 0.9278
HR 0.47 33.03 0.9056 29.16 0.7964 27.99 0.7514 27.93 0.8365 32.44 0.9292

LSDIR 50 146.43 28.50 0.8487 26.66 0.7421 24.72 0.6674 24.91 0.7657 29.39 0.8956
75 57.14 31.87 0.8853 28.53 0.7805 27.49 0.7417 27.30 0.8231 31.83 0.9223
85 24.14 32.84 0.9044 29.17 0.7955 27.98 0.7513 28.22 0.8412 32.38 0.9291
95 3.71 32.97 0.9043 29.25 0.7979 28.05 0.7539 28.37 0.8452 32.42 0.9299
HR 0.82 32.93 0.9053 29.29 0.7988 28.01 0.7525 28.45 0.8469 32.57 0.9306

Ռ͔Β, ηάϝϯςʔγϣϯϕʔεͷख๏͕࠷΋༏ΕͨੑೳΛ͓ࣔͯ͠Γ, ଟ༷ͳΦϒδΣ

ΫτྖҬΛؚΉը૾͕ SRֶशʹ༗ޮͰ͋Δ͜ͱ͕෼͔Δ. ಛʹ, ΑΓཻࡉ౓ͳྖҬ෼ׂ

Λ͜͏ߦͱͰ, Ϟσϧͷੑೳدʹ্޲༩͍ͯ͠Δ͜ͱ͕ࣔࠦ͞ΕΔ.

ϑΟϧλϦϯάͷᮢ஋. ද 4.7͸, ηάϝϯτ਺ͷᮢ஋ θΛมͨ͠ߋ৔߹ͷੑೳมԽΛࣔ

͍ͯ͠Δ. ݁Ռͱͯ͠, θ = 100ͷઃఆ͕࠷΋ੑ͍ߴೳΛୡ੒ͨ͠.

4.3.5 ෼ੳ2: ը૾඼࣭ͷӨڹ

4.2અͰ͸, ௿඼࣭ͳը૾͕ SRϞσϧͷֶशʹѱӨڹΛٴ΅͢ͱ͍͏ԾఆΛஔ͍ͨ. ຊ

અͰ͸͜ͷԾఆΛ࣮ূతʹ͠ূݕ, ը૾඼࣭͕ SRੑೳʹ༩͑ΔӨڹΛ෼ੳ͢Δ.

ѹॖը૾ʹΑΔֶश. ѹॖΞʔνϑΝΫτΛؚ·ͳ͍ߴ඼࣭ͳσʔληοτͰ͋ΔDF2K

͓ΑͼLSDIRʹର͠, ͦΕͧΕʹ JPEGѹॖΛద༻ͯ͠ϞσϧΛֶशͤͨ͞. ද 4.8ʹࣔ

͢Α͏ʹ, ѹॖ඼࣭͕௿Լ͢ΔʹͭΕͯ PSNR͓Αͼ SSIM΋Ұ؏ͯ͠௿Լ͓ͯ͠Γ, ඼
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!"#$%&'(

ਤ 4.6: JPEGѹॖʹΑΔֶशϓϩηεͷൺֱ (HATΛ࢖༻).

ਤ 4.7: ImageNet-1k, PASS͓ΑͼPlaces365ʹ͓͚Δֶशϓϩηεͷൺֱ (HATΛ࢖༻).

࣭ྼԽ͕ SRੑೳʹ௚઀తͳѱӨڹΛ༩͑Δ͜ͱ͕֬ೝ͞Εͨ.

ֶशաఔͷղੳ. ௿඼࣭ը૾͕ੑೳ௿ԼΛҾ͖͢͜ىཁҼΛ෼ੳ͢ΔͨΊ, ਤ 4.6ʹֶश

.ઢΛࣔ͢ۂ JPEG඼࣭͕ 50%͓Αͼ 75%ͷσʔληοτͰ͸, ֶशޙ൒ (͓Αͦ 10ສʙ

30ສΠςϨʔγϣϯҎ߱) ʹ͓͍ͯ PSNR͕ݮগ͢Δݟ͕޲܏ΒΕͨ. ಛʹ 50%ͷ৔߹,

ऴΠςϨʔγϣϯ࠷ (80ສ࣌఺) ͷੑೳ͕ॳظ (1ສΠςϨʔγϣϯ࣌఺) ΑΓ΋௿Լͯ͠

͍ͨ. ͜ͷ݁Ռ͸, ௿඼࣭ͳը૾ͷআ֎͕ SRੑೳͷ্޲ʹ͓͍ͯॏཁͰ͋Δ͜ͱΛࣔ͠

͍ͯΔ. ͜Ε͸, ௿඼࣭ը૾ΛؚΊͨը૾਺ͷ૿Ճ͕ੑೳدʹ্޲༩͢Δ͜ͱ͕ଟ͍ը૾

ೝࣝͳͲଞͷλεΫͱ͸ରরతͰ͋Δ.

Places365Ͱͷֶश. ιʔεબఆͷஈ֊ʹ͓͍ͯ, Places365͸ Blockiness෼෍ʹ͖ͮج

ը૾඼࣭͕௿͍ͱਪఆ͞ΕͨͨΊআ֎͞Εͨ. ͜ͷ൑அͷଥ౰ੑΛ͢ূݕΔͨΊ, ਤ 4.7
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ਤ 4.8: JPEGѹॖʹΑͬͯੜͨ͡ΞʔνϑΝΫτ (੨)ͱ, ҟͳΔ JPEG඼࣭஋Ͱֶश͞
Εͨ SRϞσϧ (੺, HATϞσϧ, DF2K)ʹΑΔΞʔνϑΝΫτͷൺֱ. ਺ࣈ͸ JPEGը
૾ͷ඼࣭Λࣔ͢. 1ஈ͓Αͼ 3ஈ: Ϋϩοϓը૾. 2ஈ͓Αͼୈ 4ஈ: ࠩ෼ը૾.

ʹ 3ͭͷσʔληοτͰֶशͨ͠৔߹ͷੑೳਪҠΛࣔ͢. ݁Ռͱͯ͠, Places365Ͱֶश͠

ͨϞσϧ͸ ImageNet-1k͓ΑͼPASSΛ༻͍ͨϞσϧͱൺֱͯ͠ੑೳ͕ྼΓ, ֶशޙ൒ʹ

͓͍ͯ PSNRͷ௿Լ΋֬ೝ͞Εͨ. ͜ͷ݁Ռ͸, Blockiness෼෍ʹͮ͘جιʔεબఆ͕༗

ޮͰ͋Δ͜ͱΛ͍ࣔͯ͠Δ.

4.3.6 ෼ੳ3: తൺֱ֮ࢹ

ΞʔνϑΝΫτͷൺֱ. ਤ 4.8͸, JPEGѹॖʹΑΔΞʔνϑΝΫτͱ, ҟͳΔ඼࣭ͷը૾

Ͱֶश͞Εͨ SRϞσϧ͕ੜ੒͢ΔΞʔνϑΝΫτͷൺֱΛ͍ࣔͯ͠Δ. 50%͓Αͼ 75%

඼࣭ͷσʔλͰֶशͨ͠Ϟσϧ͸,पظతͳࣶ΍֨ࢠ໛༷ͷΑ͏ͳΞʔνϑΝΫτ͕ݦஶ

,Εݱʹ ʹը૾ݩ JPEGѹॖΛ௚઀ద༻ͨ͠৔߹ΑΓ΋֬͘ڧೝ͞Εͨ. ͜ΕΒͷΞʔν

ϑΝΫτ͸, ωοτϫʔΫͷߏ଄తؼೲόΠΞε, ಛʹ৞ΈࠐΈϑΟϧλͷܗঢ়ʹىҼ͠

͍ͯΔՄೳੑ͕͋Γ, .՝୊ͱͳΔ͕ܭωοτϫʔΫઃྀͨ͠ߟ͸௿඼࣭ը૾Λޙࠓ
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ਤ 4.9: DF2K, LSDIR, ͓Αͼ DiverSegͰֶशͨ͠ SRϞσϧͷఆੑൺֱ. ੑೳࠩΛΑΓ
໌֬ʹ൓өͤ͞ΔͨΊ, PSNR/SSIM͸Ϋϩοϓͨ͠ύον͝ͱʹݸผʹ͍ͯ͠ࢉܭΔ.
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ఆੑతͳൺֱྫ. ਤ 4.9ʹ, DF2K, LSDIR, DiverSeg-I, DiverSeg-PͰֶशͨ͠ SRϞσϧ

ͷग़ྗྫΛࣔ͢. Urban100ͷ “img 011” ʹ͓͍ͯ͸, DF2KͰֶशͨ͠Ϟσϧ͸܁Γฦ

͠ύλʔϯΛਖ਼֬ʹߏ࠶੒Ͱ͖ͳ͔ͬͨͷʹର͠, Δ࢒ 3Ϟσϧ͸ͦΕΛ໌ྎʹͯ͠ݱ࠶

͍Δ. ·ͨ, Manga109ͷ 3ͭͷը૾ʹ͓͍ͯ͸, DiverSeg-I͓ΑͼDiverSeg-PͰֶश͠

ͨϞσϧ͕, จྖࣈҬʹ͓͍ͯDF2K͓Αͼ LSDIRΑΓ΋༏Εͨ SRੑೳΛ͍ࣔͯ͠Δ.

4.4 ٞ࿦

4.4.1 ༺ղ૾౓σʔληοτ΁ͷదߴ

ຊڀݚͰ͸, ࣗಈը૾ධՁύΠϓϥΠϯΛେن໛ͳ௿ղ૾౓σʔληοτʹద༻͠, ߴ

ղ૾౓ը૾Λ༻͍ͣͱ΋ SRϞσϧͷֶश͕ՄೳͰ͋Δ͜ͱΛࣔͨ͠. ͜ͷ஌ݟ͸, ޙࠓ

ͷֶशσʔληοτߏங΍χϡʔϥϧωοτϫʔΫͷΞʔΩςΫνϟઃܭʹ৽ͨͳࢹ఺Λ

ఏ͢ڙΔ΋ͷͰ͋Δ. ͨͩ͠, ຊڀݚͷ੒Ռ͸ߴղ૾౓ը૾σʔληοτͷ༗༻ੑΛ൱ఆ

͢Δ΋ͷͰ͸ͳ͍. Ή͠Ζ, ఏҊ͢ΔϑΟϧλϦϯάख๏Λߴղ૾౓σʔληοτʹ΋ద

༻͢Δ͜ͱͰ, ը૾ͷଟ༷ੑ্͕͠޲, SRੑೳͷ͞ΒͳΔվળ͕ظ଴Ͱ͖Δ.

͜ͷ఺Λ͢ূݕΔͨΊ, ද 4.9ʹࣔ͢Α͏ʹLSDIRσʔληοτʹରͯ͠ΦϒδΣΫτ

ྖҬʹͮ͘جϑΟϧλϦϯάΛ࣮ͨ͠ࢪ. ͦͷ݁Ռ, ηάϝϯτ਺͕ 100ະຬͷը૾Λআ

֎͢Δ͜ͱͰ, HATϞσϧͷ PSNR͓Αͼ SSIM͕ͱ΋ʹ্͢޲Δ͜ͱ͕֬ೝ͞Εͨ.

,ͱͯ͠͸ڀݚͷޙࠓ ௿ղ૾౓ɾߴղ૾౓ͷ૒ํͷଟ༷ͳը૾Λ౷߹తʹ׆༻͢Δ, ϋ

ΠϒϦουܕͷσʔληοτߏங͕༗๬Ͱ͋Δͱ͑ߟΒΕΔ.
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4.4. ٞ࿦ ୈ 4 ষ SRֶशσʔλߏஙͷߟ࠶

ද 4.9: θ = 100 ʹઃఆͨ͠HATΛ༻͍ͯ, LSDIRʹରͯ͠ΦϒδΣΫτϕʔεͷϑΟϧ
λϦϯάΛద༻ͨ࣌͠ͷੑೳൺֱ.

Dataset #Images
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

LSDIR 89,991 32.93 0.9053 29.29 0.7988 28.01 0.7525 28.45 0.8469 32.57 0.9306
w/ filtering 31,561 32.95 0.9056 29.33 0.7991 28.02 0.7526 28.53 0.8487 32.60 0.9308

4.4.2 ηάϝϯτ਺ͱप೾਺੒෼ͷؔ࿈ੑ

ຊষͰଟ༷ੑͷࢦඪͱͯ͠ಋೖͨ͠ηάϝϯτ਺͸, Τοδ΍ྖҬͷมԽͱ͍֮ͬͨࢹ

తͳߏ଄Λଊ͑Δಛ௃Λ࣋ͪ, .ΒΕΔ͑ߟप೾੒෼ͱͷҰఆͷؔ࿈͕͋Δͱߴ ͜ͷؔ܎

ੑΛఆྔతʹ݁ͨ͠ূݕՌ, ηάϝϯτ਺ͱߴप೾ؚ༗཰ Hα ͷؒʹ͸૬ؔ܎਺ 0.23ͷऑ

͍ਖ਼ͷ૬͕ؔ֬ೝ͞Εͨ. ͔͠͠ͳ͕Β, ਤ 4.10ʹࣔ͢Α͏ʹ, ηάϝϯτ਺͕ଟ͍͜ͱ

͕ඞͣ͠΋ߴप೾੒෼ͷ๛෋͞Λҙຯ͢ΔΘ͚Ͱ͸ͳ͍. ·ͨ, ද 4.5ʹࣔ͞ΕΔΑ͏ʹ,

Hα ୯७ͳϑΟϧλϦϯάʹΑͬͯͮ͘جʹ SRੑೳ্͕͢޲Δͱ͸ݶΒͳ͍. ͜Ε͸, ը

૾தͷߴप೾੒෼Λྔతʹଊ͑Δ͚ͩͰ͸, ҙຯతͳߏ଄΍಺༰ͷଟ༷ੑΛे෼ʹ൓өͰ

͖ͳ͍͜ͱΛ͍ࣔࠦͯ͠Δ. ҰํͰ, ηάϝϯτ਺ʹͮ͘جϑΟϧλϦϯά͸, ଞͷϑΟ

ϧλϦϯάख๏ΑΓ΋ SRੑೳΛ্͓ͯͤ͞޲Γ (ද ,(রࢀ4.6 ΍ର৅ͷੑࡶతͳෳ֮ࢹ

ଟ༷ੑΛؒ઀తʹଊ͑Δ༗ޮͳࢦඪͰ͋Δ͜ͱ͕ࣔ͞Εͨ. ͜ΕΒͷ݁Ռ͸, ୯ͳΔप೾

਺৘ใͰ͸ଊ͖͑Εͳ͍ߏ଄తͳଟ༷ੑΛ, ηάϝϯςʔγϣϯΛ௨ͯ͡ఆྔԽ͢Δ͜ͱ

Ͱ, ֶशσʔλͷ࣭ͷ͢ݙߩʹ্޲Δ͜ͱΛ͍ࣔͯ͠Δ. ͞Βʹ, ηάϝϯτ਺ͷଟ͍ը૾

͸, ΑΓଟ༷ͳ LR-HR ؒͷରԠؔ܎ΛؚΉͱͱ΋ʹ, ௿ςΫενϟྖҬ΍৘ใྔͷগͳ

͍എ͕ܠগͳ͍ͨΊ, ϥϯμϜΫϩοϓΛલఏͱ͍ͯ͠Δ SRֶशʹ͓͍ͯ΋৘ใྔͷଟ

͍ύον͕ಘΒΕ΍͘͢, Ϟσϧͷ൚༻ੑ͓Αͼֶशޮ཰ͷدʹ্޲༩͢ΔՄೳੑ͕͋Δ.
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4.5. ·ͱΊ ୈ 4 ষ SRֶशσʔλߏஙͷߟ࠶

ਤ 4.10: ηάϝϯτ਺ͱߴप೾ؚ༗཰ͷ෼෍ (ImageNet-1k). ֤఺͸ը૾Λද͠, Χϥʔ
Ϛοϓ͸Χʔωϧີ౓ਪఆʹີͮ͘ج౓෼෍Ͱ, .Խ͍ͯ͠Δنେ஋Ͱਖ਼࠷ ηάϝϯτ਺
ͱߴप೾੒෼ͷରԠؔ܎͸ݶఆతͰ͋Δ͜ͱ͕Θ͔Δ.

4.5 ·ͱΊ

ຊষͰ͸, SRֶशσʔλͷޮՌΛௐࠪ͠, େن໛ͳ௿ղ૾౓ը૾σʔληοτʹఏҊ͠

ͨύΠϓϥΠϯΛద༻͢Δ͜ͱͰ, SRϞσϧ͕௿ղ૾౓ը૾ͷΈͰֶशՄೳͰ͋Δ͜ͱ

Λࣔͨ͠. ·ͨ, ը૾඼࣭ͱଟ༷ੑ͕ SRੑೳʹ༩͑ΔӨڹΛ෼ੳ͠, ఏҊͨ͠ύΠϓϥΠ

ϯͷ༗ޮੑΛࣔͨ͠.
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ୈ5ষ JPEGѹॖը૾ͷ༗ޮ׆༻

5.1 ಋೖ

ୈ 4ষͰ͸, ,ʹͣͤ༺࢖ղ૾౓ը૾Λߴ େن໛ͳ௿ղ૾౓ը૾͔܈Βߴ඼࣭͔ͭଟ༷

ͳը૾Λબผ͢Δࣗಈσʔληοτߏஙख๏ΛఏҊͨ͠. ຊख๏Ͱ͸, ඼࣭ͱଟ༷ੑͱ͍

͏ 2ͭͷ؍఺ʹͮ͘جϑΟϧλϦϯάॲཧΛಋೖ͓ͯ͠Γ, ಛʹ඼࣭໘ʹ͓͍ͯ͸, JPEG

ѹॖΞʔνϑΝΫτͷڧ౓෼෍ʹ͖ͮج, ΞʔνϑΝΫτͷׂ߹͕͍ߴը૾Λআ֎͢Δ͜

ͱͰ, ͦͷӨڹΛ཈͑ͨσʔληοτͷߏஙΛՄೳʹͨ͠. ͦͷ݁Ռ, ༺ղ૾౓ը૾Λߴ

͍Δ͜ͱͳ͘, SRੑೳͷ্͕޲ՄೳͰ͋Δ͜ͱΛ֬ೝͨ͠.

͔͠͠, ը૾୯ҐͰͷআ֎ॲཧʹ͸ݶք͕͋Δ. JPEGѹॖΞʔνϑΝΫτΛҰ෦ʹؚ

Έͳ͕Β΋༗༻ͳ֮ࢹ৘ใΛ࣋ͭը૾·Ͱআ֎͞ΕΔՄೳੑ͕͋Γ, ݁Ռͱͯ͠σʔλ਺

ͷݮগ΍, ଟ༷ੑͷଛࣦʹͭͳ͕Δ͓ͦΕ͕͋Δ.

ຊষͰ͸, ͜ͷ՝୊ʹରॲ͢ΔͨΊ, ΞʔνϑΝΫτͷڧ౓͕͍ߴͱ൑ఆ͞Εͨը૾ʹ

ରͯ͠ิਖ਼ॲཧΛ͠ࢪ, ֶशʹ࠶ར༻Մೳͳ඼࣭΁ͱม͢׵Δ৽ͨͳύΠϓϥΠϯΛఏҊ

͢Δ.

ਤ 5.1ʹࣔ͢Α͏ʹ, ैདྷख๏Ͱ͸ѹॖΞʔνϑΝΫτΛଟؚ͘Ήը૾Λআ֎͢Δ͜ͱ

Ͱ඼࣭Λ୲อ͍͕ͯͨ͠, ຊख๏Ͱ͸ͦΕΒΛิਖ਼ɾ׆༻͢Δ͜ͱͰ, ඼࣭ͱଟ༷ੑͷ྆

ཱΛਤΔ.

ຊڀݚͰ͸, JPEGѹॖը૾ͷ࠶ར༻ΛՄೳʹ͢ΔͨΊͷֶशલॲཧύΠϓϥΠϯ Re-
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5.1. ಋೖ ୈ 5 ষ JPEGѹॖը૾ͷ༗ޮ׆༻

JPEG
images

Discarded

Conventional approach

Filtering by 
compression noise level

Limited diversity

Preserved diversity

Low-compression 
images

High-compression 
images

JPEG
images

Our approach

Filtering by 
compression noise level

Low-compression 
images

Refine
High-compression 

images

ਤ 5.1: ैདྷͷϑΟϧλϦϯάख๏ͱ, ຊڀݚͰఏҊ͢Δσʔληοτߏஙख๏ͱͷൺֱ.

ैདྷख๏Ͱ͸, σʔληοτͷ඼࣭Λҡ࣋͢ΔͨΊʹߴѹॖͳ JPEGը૾Λআ֎͢Δ͕,

͜ΕʹΑΓֶशαϯϓϧ਺͕େ෯ʹݮগ͠, ଟ༷ͳߏ଄΍ςΫενϟύλʔϯΛؚΉը૾
͕ࣦΘΕΔ͜ͱͰ, σʔληοτͷଟ༷ੑ͕௿Լ͢Δͱ͍͏໰୊͕͋Δ. Ұํ, RECA͸
͜ΕΒͷը૾Λਫ਼੡ɾ࠶ར༻͢Δ͜ͱͰ, σʔληοτͷن໛ͱଟ༷ੑͷ྆ํΛҡ࣋ͭ͠
ͭ, SRϞσϧͷֶशޮՌΛ্ͤ͞޲Δ͜ͱ͕ՄೳͰ͋Δ.

finement of Compressed Artifacts (RECA) Λઃ͢ܭΔ. RECA͸, σʔληοτશ

ମʹରͯ͠ॲཧ͢ΔͷͰ͸ͳ͘, ѹॖΞʔνϑΝΫτͷڧ౓ʹ͍ͯͮجը૾Λબ୒ͯ͠ิ

ਖ਼Λ͏ߦ. ͜ͷิਖ਼ॲཧ͸, JPEGѹॖΞʔνϑΝΫτͷআڈΛ໨తͱ͓ͯ͠Γ, ը૾ͷݩ

,଄Λอ࣋ͭͭ͠ߏ .Δ͍ͯ͠ࢦΔ͜ͱΛ໨͢ݮͰΞʔνϑΝΫτΛܰܗతʹࣗવͳ֮ࢹ

͞Βʹ, RECAͷ༗ޮੑΛ͢ূݕΔͨΊ, ิਖ਼ॲཧΛద༻ͨ͠σʔληοτͱ, ैདྷͷ

ϑΟϧλϦϯάࡁΈσʔληοτΛ༻͍ͯ SRϞσϧΛֶश͠, ࿪Έ඼࣭ͷ؍఺͔Βൺֱ

ධՁΛ͏ߦ. ,Ͱ͸ݧ࣮ ֤छ SRϞσϧʹ͓͍ͯRECAʹΑΔิਖ਼͕ੑೳدʹ্޲༩͢Δ

͜ͱΛఆྔతʹࣔ͢. ·ͨ, ѹॖΞʔνϑΝΫτͱֶशޮՌͷؔ܎ʹ͍ͭͯ΋෼ੳΛ͏ߦ.

ຊڀݚͷओͳݙߩ͸ҎԼͷ௨ΓͰ͋Δ:
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5.2. લఏ஌ࣝ ୈ 5 ষ JPEGѹॖը૾ͷ༗ޮ׆༻

• JPEGѹॖΞʔνϑΝΫτΛܰ͠ݮ, ैདྷ͸আ֎͞Ε͍ͯͨ௿඼࣭ը૾Λ SRֶशʹ

.ར༻Մೳͱ͢Δ৽ͨͳલॲཧύΠϓϥΠϯRECAΛఏҊͨ͠࠶

• ະ஌ͷྼԽʹରԠͨ͠ SRϞσϧͱ Bicubicμ΢ϯαϯϓϦϯάΛ૊Έ߹ΘͤΔ͜

ͱͰ, ෆࣗવͳςΫενϟͷൃੜΛ཈͑, ΑΓࣗવͳը࣭Λ࣮ͨ͠ݱ.

• RECAΛద༻ͨ͠σʔληοτͰֶशͨ͠ SRϞσϧ͕, ैདྷͷϑΟϧλϦϯάख๏

Λ༻͍ͨϞσϧΑΓ΋, Ұ؏ͯ͠༏Εͨ࿪Έ඼࣭Λୡ੒͢Δ͜ͱΛ࣮ূͨ͠.

5.2 લఏ஌ࣝ

5.2.1 JPEGѹॖΞϧΰϦζϜ

JPEGѹॖ͸, ը૾ͷϑΝΠϧαΠζΛେ෯ʹݮ࡟Ͱ͖ΔඇՄٯѹॖٕज़Ͱ͋Γ, ଳҬ

෯΍ετϨʔδ༰ྔʹ੍໿ͷ͋Δڥ؀Ͱ͘޿ར༻͞Ε͍ͯΔ. ҰํͰ, ѹॖ཰Ͱ͸ϒ͍ߴ

ϩοΫঢ়ͷϊΠζ΍ߴप೾੒෼ͷଛࣦͱ͍ͬͨࢹೝՄೳͳΞʔνϑΝΫτ͕ੜ͡, ը૾඼

࣭ͷྼԽΛҾ͖͢͜ى. JPEGѹॖ͸ෳ਺ͷεςοϓ͔Βߏ੒͞Ε, ෮߸࣌ʹ͸͜ΕΒΛ

.੒͞ΕΔߏ࠶ॱʹॲཧ͢Δ͜ͱͰը૾͕ٯ

ΫϩϚαϒαϯϓϦϯά. ਓؒͷ֮ࢹ͸ً౓੒෼ (Y) ʹൺ΂ͯ৭ࠩ੒෼ (Cb, Cr) ʹର͢

Δײ౓͕௿͍ͨΊ, Δ໨తͰΫϩϚαϒαϯϓ͢ݮ࡟త඼࣭Λอͪͳ͕ΒσʔλྔΛ֮ࢹ

Ϧϯά͕ߦΘΕΔ. Ұൠతʹ͸ 4:2:0ํ͕ࣜ༻͍ΒΕ, ਫฏɾਨ௚ͷ྆ํ޲Ͱً౓ͷ൒෼ͷ

ղ૾౓Ͱ৭ࠩ੒෼͕αϯϓϦϯά͞ΕΔ.

͜ͷॲཧͷલʹ, ը૾͸RGB৭ۭ͔ؒΒYCbCr৭ۭؒ΁ͱม͞׵ΕΔ.
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5.2. લఏ஌ࣝ ୈ 5 ষ JPEGѹॖը૾ͷ༗ޮ׆༻

⎛

⎜⎜⎜⎜⎜⎜⎝

Y

Cb

Cr

⎞

⎟⎟⎟⎟⎟⎟⎠
=

⎛

⎜⎜⎜⎜⎜⎜⎝

0.299 0.587 0.114

−0.168736 −0.331264 0.5

0.5 −0.418688 −0.081312

⎞

⎟⎟⎟⎟⎟⎟⎠

⎛

⎜⎜⎜⎜⎜⎜⎝

R

G

B

⎞

⎟⎟⎟⎟⎟⎟⎠
+

⎛

⎜⎜⎜⎜⎜⎜⎝

0

128

128

⎞

⎟⎟⎟⎟⎟⎟⎠
. (5.1)

཭ࢄίαΠϯม׵ (DCT) . ը૾Λ 8×8ͷϒϩοΫʹ෼ׂ͠, ֤ϒϩοΫʹରͯ͠DCT

(Discrete Cosine Transform) Λద༻͢Δ͜ͱͰ, ۭؒྖҬͷըૉ஋Λप೾਺ྖҬʹม͢׵

Δ. ௿प೾੒෼͸؇΍͔ͳ໌҉มԽΛද͠ݱ, .Δ͢ݱ෦Λදࡉप೾੒෼͸Τοδ΍ߴ

प೾਺࠲ඪ (u, v) ʹ͓͚ΔDCT܎਺ C(u, v) ͸ҎԼͰఆٛ͞ΕΔ:

C(u, v) =
1

4
α(u)α(v)

7∑

x=0

7∑

y=0

B(x, y)β(u, x)γ(v, y). (5.2)

͜͜Ͱ B(x, y)͸ۭؒ࠲ඪ (x, y)ʹ͓͚Δըૉ஋Λද͢. DCTͷجఈؔ਺ β(u, x), γ(v, y)

͸ҎԼͷࣜͰఆٛ͞ΕΔ:

β(u, x) = cos

(
(2x+ 1)uπ

16

)
, (5.3)

γ(v, y) = cos

(
(2y + 1)vπ

16

)
. (5.4)

εέʔϦϯά܎਺ α(k) ࣍ͷΑ͏ʹ༩͑ΒΕΔ:

α(k) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

1√
2

if k = 0

1 if k ̸= 0.

(5.5)

.Խࢠྔ DCTͰಘΒΕͨप೾਺੒෼͸, σʔλྔΛ͞Βʹ͢ݮ࡟ΔͨΊʹྔࢠԽ͞ΕΔ.

ਓؒͷ֮ࢹ͸ߴप೾੒෼ʹରͯ͠ײ౓͕௿͍ͨΊ, ,Խ͕ద༻͞Εࢠप೾ྖҬʹ͸ૈ͍ྔߴ

ޮ཰తͳѹॖ͕ՄೳͱͳΔ.
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5.2. લఏ஌ࣝ ୈ 5 ষ JPEGѹॖը૾ͷ༗ޮ׆༻

਺܎ͷޙԽࢠྔ Qquantized(u, v) ͸, ҎԼͷࣜʹΑͬͯಘΒΕΔ:

Qquantized(u, v) = round

(
C(u, v)

Qtable(u, v)

)
. (5.6)

͜͜Ͱ Qtable(u, v) ͸ਓؒͷ֮ࢹಛੑʹ͍ͯͮجઃ͞ܭΕͨྔࢠԽςʔϒϧͷରԠཁૉ

Λࣔ͢. ௿प೾੒෼ʹ͸খ͞ͳ஋ׂ͕Γ౰ͯΒΕ, ॏཁͳ֮ࢹ৘ใ͕อ࣋͞ΕΔҰํ, ߴ

प೾੒෼͸ΑΓେ͖ͳ஋ʹΑΓѹॖ͕͔͔͘ڧΔ.

͜ͷྔࢠԽςʔϒϧ͸Ϣʔβࢦఆͷ඼࣭܎਺ QF ʹԠͯ͡εέʔϦϯά͞Ε, ѹॖ཰ͱ

ը࣭ͷτϨʔυΦϑΛௐ੔Մೳͱ͢Δ:

Q′
table(u, v) =

Qtable(u, v)× S

50
, (5.7)

S =

⎧
⎪⎪⎨

⎪⎪⎩

QF if QF > 50

5000
QF if QF ≤ 50.

(5.8)

͔͘ࡉԽ͕ࢠ਺Ͱ͸ྔ܎඼࣭͍ߴ (͢ͳΘͪ Q′
table(u, v) ͕খ͘͞ͳΓ) , ը࣭͕ྑ޷ʹ

อͨΕΔ. Ұํ, ௿͍඼࣭܎਺Ͱ͸ྔࢠԽ͕ૈ͘ͳΓ, ѹॖޮ཰͕ߴ·Δ. ͕ͨͬͯ͠, ྔ

,਺͸܎Խςʔϒϧͱ඼࣭ࢠ ӈ͢ΔॏཁͳཁૉͰࠨత஧࣮౓ͱѹॖޮ཰ͷόϥϯεΛ֮ࢹ

͋Δ.

ΤϯίʔσΟϯά. ,਺ʹରͯ͠ϋϑϚϯූ߸Խ͕ద༻͞Ε܎Խ͞ΕͨDCTࢠྔ සग़͢

Δ஋ʹ͸୹͍ූ߸ׂ͕ޠΓ౰ͯΒΕΔ͜ͱͰ, σʔλαΠζͷ͞ݱ࣮͕ݮ࡟ΕΔ.

σίʔσΟϯά. ෮߸ॲཧͰ͸, ϋϑϚϯ෮߸, ,Խࢠྔٯ ,DCTٯ ৭ۭؒม͕׵ॱʹߦΘ

Ε, .੒͞ΕΔߏ࠶ऴతʹը૾͕࠷ ͨͩ͠, ͜ͷաఔͰੜͨ͡৘ใͷଛࣦʹΑΓ, ѹॖΞʔ

νϑΝΫτ͸ෆՄආతʹը૾಺ʹ࢒ଘ͢Δ.
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Ҏ্ͷ JPEGѹॖͷߏ଄ͱಛੑΛ౿·͑, ࣍અͰ͸ຊڀݚͰఏҊ͢Δख๏ʹ͍ͭͯड़

΂Δ.

5.3 ఏҊख๏

JPEGѹॖΞʔνϑΝΫτʹޮՌతʹରॲͭͭ͠, ༗༻ͳֶशσʔλΛ࠷େ׆ʹݶ༻͢

ΔͨΊ, ຊڀݚͰ͸৽ͨͳલॲཧύΠϓϥΠϯ REfinement of Compressed Artifacts

(RECA) ΛఏҊ͢Δ. JPEGѹॖ͸Ұൠʹߴप೾੒෼ͷଛࣦΛҾ͖͜͠ى, ϒϩοΫϊΠ

ζ΍ϦϯΪϯάͱ͍ͬͨࢹೝՄೳͳΞʔνϑΝΫτΛੜͤ͡͞Δ. ͜ΕʹΑΓ, SRֶशʹ

ෆՄܽͳςΫενϟ৘ใ͕ஶ͘͠ྼԽ͠, ੑೳͷ௿ԼΛট͘.

ਤ 5.2ʹࣔ͢Α͏ʹ, ఏҊ͢ΔRECAύΠϓϥΠϯ͸ҎԼͷ 3ͭͷϞδϡʔϧ͔Βߏ੒

͞Ε, ֤ஈ֊ͰѹॖΞʔνϑΝΫτʹରॲ͢Δ:

• Compression Noise Estimation (CNE) Ϟδϡʔϧɿ Blockiness measure [76]

Λ༻͍ͯ, ͍ڧ JPEGΞʔνϑΝΫτΛ༗͢Δը૾Λݕग़͠, ֶशʹෆదͳ௿඼࣭ը

૾Λಛఆ͢Δ.

• Quality Enhancement (QE) Ϟδϡʔϧ

CNEͰݕग़͞Εͨ௿඼࣭ը૾ʹର͠, ະ஌ྼԽʹରԠͨ͠ SRϞσϧΛద༻͢Δ͜

ͱͰ, JPEGΞʔνϑΝΫτͷআڈͱ֮ࢹ඼࣭ͷճ෮Λ͏ߦ.

• Artifact Suppression (AS) Ϟδϡʔϧ

QEϞδϡʔϧͰ෮͞ݩΕͨը૾ʹ࢒ଘ͢ΔඍࡉͳΞʔνϑΝΫτΛ, Bicubicμ΢

ϯαϯϓϦϯάʹΑΓ཈੍͠, ஌֮తʹࣗવͳը૾Λग़ྗ͢Δ.

͜ΕΒͷϞδϡʔϧΛ౷߹͢Δ͜ͱͰ, ैདྷ͸ѹॖΞʔνϑΝΫτͷͨΊʹআ֎͞Εͯ
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CNE Module

QE Module

AS Module

θ ≤ #$%&'()*++

High-quality imagesLow-quality images

Add

#$%&'()*++ < θ

×4	SR

×4	Downsampling	(bicubic)

(a) Overview of the RECA pipeline  (b) Effectiveness of RECA

RECA input RECA output

creme_brulee/198150, Food-101

01553_0000011, iCartoonFace

(using real-world SR model)

RECA input RECA output

ਤ 5.2: ఏҊख๏RECAύΠϓϥΠϯͷ֓ཁͱͦͷ༗ޮੑΛਤࣔ͢Δ. (a) RECA͸ 3ͭ
ͷϞδϡʔϧ͔Βߏ੒͞ΕΔ. CNEϞδϡʔϧ͸ Blockinessࢦඪʹ͍ͯͮج௿඼࣭ͳը
૾Λબผ͠, QEϞδϡʔϧ͕͜ΕΒΛະ஌ྼԽʹରԠͨ͠ SRϞσϧʹΑΓߴ඼࣭Խ͢
Δ. ͨͩ͠, ͜ͷॲཧʹΑΓ৽ͨͳߴप೾ΞʔνϑΝΫτ͕ੜ͡ΔՄೳੑ͕͋ΔͨΊ, AS

ϞδϡʔϧͰ Bicubicμ΢ϯαϯϓϦϯάΛ༻͍ͯͦΕΒΛ཈੍͢Δ. ,ʹऴత࠷ ิਖ਼ޙ
ͷը૾͸΋ͱ΋ͱߴ඼࣭ͱ൑ఆ͞Εͨը૾ͱ౷߹͞Ε, ֶश༻σʔληοτ͕ߏங͞ΕΔ.

(b) RECAͷద༻ʹΑΓ, ೖྗը૾ͱൺֱͯ͠ϊΠζ͕ܰ͞ݮΕ, ΑΓࣗવͳςΫενϟ
΍ࡉ෦͕෮͞ݩΕ͍ͯΔ͜ͱ͕֮ࢹతʹ֬ೝͰ͖Δ.

͍ͨը૾Λ, .Մೳʹ͢Δ༺׆࠶඼࣭ͳֶशσʔλͱͯ͠ߴ ͜ͷύΠϓϥΠϯʹΑΓ, σʔ

ληοτͷن໛ॖখͷ՝୊Λࠀ෰͠, SRϞσϧͷੑೳͱϩόετੑΛେ෯ʹ্ͤ͞޲Δ
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͜ͱ͕ՄೳͱͳΔ.

5.3.1 Compression Noise Estimation (CNE) Ϟδϡʔϧ

CNEϞδϡʔϧͰ͸,σʔληοτ X ʹؚ·ΕΔ֤ JPEGѹॖը૾ xʹରͯ͠, Block-

iness஋ B(x) Λ༻͍ͯѹॖΞʔνϑΝΫτͷڧ౓Λଌఆ͢Δ. ॴఆͷᮢ஋ θ ,͖ͮجʹ ֶ

शʹѱӨڹΛٴ΅͢ͱ൑அ͞ΕΔը૾Λ௿඼࣭ը૾ͱͯ͠෼ྨ͠, ࣍ͷΑ͏ʹσʔληο

τΛ 2ͭʹ෼ׂ͢Δ:

XLQ = {x ∈ X : B(x) ≥ θ}, (5.9)

XHQ = {x ∈ X : B(x) < θ}. (5.10)

ѹॖͷӨڹΛఆྔతʹධՁ͢Δࢦඪͱͯ͠͸, bits per pixel (bpp) ΋͘޿༻͍ΒΕ͍ͯ

Δ [59,85]. ͔͠͠ͳ͕Β, bpp͸ը૾શମͷฏۉϏοτ਺ʹ͍ͯͮج৘ใྔͷଛࣦΛਪఆ

͢Δ͕, JPEGΞʔνϑΝΫτΛ௚઀తʹଊ͑Δ΋ͷͰ͸ͳ͍. ಛʹ, JPEGը૾Λඇѹॖ

ࣜܗ (PNG΍BMPͳͲ) Ͱอଘ͠௚ͨ͠৔߹, ϒϩοΫϊΠζ͸֮ࢹతʹ࢒ଘ͢ΔҰํ

ͰϑΝΠϧαΠζ͕େ͖͘ͳΔͨΊ, bpp͸ݩͷѹॖͷӨڹΛਖ਼͘͠൓өͰ͖ͳ͍ͱ͍͏

໰୊͕͋Δ. ͜Εʹରͯ͠, CNEϞδϡʔϧͰ༻͍ΔBlockiness஋͸, JPEGʹಛ༗ͳߏ

଄తΞʔνϑΝΫτʹண໨͓ͯ͠Γ, อଘࣜܗʹ͔͔ΘΒͣѹॖྼԽͷӨڹΛ҆ఆతʹଊ

͑Δ͜ͱ͕Ͱ͖Δ. 5.4.4 અͷ࣮ݧత͖ͮجʹ࡯؍, ຊڀݚͰ͸࠷దͳόϥϯεΛ࣮͢ݱ

Δᮢ஋ͱͯ͠ θ = 50 Λ࠾༻͢Δ.
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5.3.2 Quality Enhancement (QE) Ϟδϡʔϧ

QEϞδϡʔϧͰ͸, CNEϞδϡʔϧʹΑͬͯ௿඼࣭ͱ൑ఆ͞Εͨը૾ xLQ ∈ XLQ ʹ

ର͠, ະ஌ྼԽʹରԠͨ͠ SRϞσϧΛద༻͢Δ͜ͱͰิਖ਼Λ͏ߦ:

XQE = {RSθSR(xLQ) : xLQ ∈ XLQ}. (5.11)

͜͜Ͱ, RSθSR͸Ϟσϧͷύϥϝʔλ θSRͰ͋Δ.

ຊڀݚͰ͸, Diffusionϕʔεͷ SRϞσϧͰ͋Δ SeeSR [55]Λ࢖༻͠, ௒ղ૾ഒ཰Λ 4

ഒʹઃఆͯ͠, ΞʔνϑΝΫτআڈͱߴղ૾౓ԽΛಉ࣌ʹ͍ͯͬߦΔ. SeeSRΛબ୒ͨ͠

ཧ༝ͷৄࡉ͸ 5.4.6߲Ͱड़΂Δ.

DiffusionϕʔεͷσϊΠδϯάϞσϧͷ࢖༻΋ݕ౼͞Ε͕ͨ, ͜ΕΒͷख๏͸ϊΠζআ

,͸༏ΕΔҰํͰʹڈ ෆࣗવͳςΫενϟ΍৽ͨͳΞʔνϑΝΫτΛੜ੒͢Δ͕͋޲܏Δ.

͞Βʹ, ग़ྗղ૾౓͕ೖྗͱಉҰͰ͋ΔͨΊ, ஈͷASϞδϡʔϧʹ͓͚ΔॖখॲཧΛదޙ

༻Ͱ͖ͳ͍ͱ͍͏੍໿΋͋Δ. Ҏ্ͷཧ༝͔Β, ΞʔνϑΝΫτআڈͱղ૾౓֦ுΛಉ࣌

Մೳͳݱ࣮ʹ SeeSRΛຊڀݚͰ͸࠾༻ͨ͠.

5.3.3 Artifact SuppressionʢASʣϞδϡʔϧ

QEϞδϡʔϧͰੜ੒͞Εͨը૾͸, ͷղ૾౓ͷݩ 4ഒʹ֦େ͞Ε͍ͯΔ. ASϞδϡʔ

ϧͰ͸, ͜ΕΒͷը૾ΛBicubicμ΢ϯαϯϓϦϯάʹΑͬͯݩͷղ૾౓ʹॖখ͢Δ͜ͱ

Ͱ, ෆࣗવͳߴप೾੒෼Λ཈੍͠, SRֶशʹ͓͚Δ൚Խੑೳͷ্޲ΛਤΔ.

۩ମతʹ͸, ֤ը૾ xQE ∈ XQE ʹରͯ͠, ഒ཰ s ɿ͏ߦҎԼͷॲཧΛ͖ͮجʹ

xAS = (xQE) ↓s . (5.12)
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͜͜Ͱ, xAS ͸ΞʔνϑΝΫτ͕཈੍͞Εͨը૾Λද͢. ຊڀݚͰ͸ s = 4 ʹઃఆͯ͠

͍Δ.

͜ͷॲཧʹΑΓಘΒΕΔαϒηοτ XAS ͸࣍ͷΑ͏ʹఆٛ͞ΕΔɿ

XAS = {xAS : xQE ∈ XQE}. (5.13)

ऴతͳֶश༻σʔληοτ࠷ X̃ ͸, ASϞδϡʔϧʹΑΔग़ྗͱ, CNEϞδϡʔϧʹΑ

Γબผ͞Εͨߴ඼࣭αϒηοτ XHQ Λ౷߹͢Δ͜ͱͰߏ੒͞ΕΔɿ

X̃ = XAS +XHQ. (5.14)

5.3.4 σʔληοτ౷ܭ

ද 5.1ʹ, ຊڀݚͰ࢖༻֤ͨ͠σʔληοτͷ౷ܭΛࣔ͢. ຊڀݚͰ͸, JPEGѹॖΞʔ

νϑΝΫτΛଟؚ͘ΉطଘͷσʔληοτʢiCartoonFace [86], Food-101 [87]ʣʹରͯ͠

RECAΛద༻͠, ը૾਺Λҡ࣋ͨ͠··඼࣭ͷվળΛਤͬͨ.

RECAద༻ޙ, iCartoonFaceͷBlockiness஋͸ 69.44͔Β 1.84ʹ, Food-101Ͱ͸ 96.69

͔Β 3.22΁ͱେ෯ʹ௿Լͨ͠. ͜ͷ݁Ռ͸, RECA͕ JPEGΞʔνϑΝΫτΛޮՌతʹ཈

੍ͭͭ͠, σʔληοτͷن໛Λଛͳ͏͜ͱͳ֮͘ࢹ඼࣭Λେ্͖ͤ͘͞޲Δ͜ͱΛࣔ͠

͍ͯΔ.
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ද 5.1: σʔληοτͷ౷ܭ৘ใ. #Images: ը૾਺, #Pixels: ฏۉϐΫηϧ਺, Blockiness:

Blockiness஋ͷதԝ஋. νΣοΫϚʔΫ͸, RECA͕Blockinessᮢ஋ θ = 50Ͱద༻͞Εͨ
͜ͱΛࣔ͢.

Dataset RECA #Images #Pixels Blockiness

DIV2K [6] - 800 2.8M 0.47

iCartoonFace [86] - 352,9835 139k 96.69

Food-101 [87] - 101,000 235k 69.44

iCartoonFace (RECA) [86] " 352,983 139k 3.22

Food-101 (RECA) [87] " 101,000 235k 1.84

5.4 ݧ࣮

5.4.1 ઃఆݧ࣮

SRϞσϧ. 3छྨͷΞʔΩςΫνϟʹͮ͘ج 7ͭͷ SRϞσϧΛֶशɾධՁ͢Δɽ۩ମ

తʹ͸ɼCNNϕʔεͷMSRResNet [30], EDSR [29], RCAN [33]ɼTransformerϕʔεͷ

FreqFormer [88], HAT [41]ɼ͓ΑͼMambaϕʔεͷMambaIR-light, MambaIR [42]Λ࢖

༻͢ΔɽMSRResNet, EDSR, RCAN͸BasicSRϥΠϒϥϦ [89]Λ༻͍࣮ͯ૷͠ɼͦͷଞ

ͷϞσϧ͸ͦΕͧΕͷެࣜGitHub࣮૷Λ༻͍Δɽ

͞ΒʹɼRECAͷQEϞδϡʔϧͱͯ͠ɼࣄલֶशࡁΈͷ֦ࢄϞσϧ SeeSR [55]΋ซ

༻͢ΔɽSeeSRͷਪ࿦͸ެ࣮ࣜ૷ͱσϑΥϧτઃఆΛ༻͍ɼ௥ՃͷϑΝΠϯνϡʔχϯά

͸͍ͯͬߦͳ͍ɽ

ֶशσʔληοτ. ѹॖը૾Λଟؚ͘Ήߴ iCartoonFace [86]͓Αͼ Food-101 [87]Λ࢖༻

͢Δ.

5ຊষͰ͸ݯࢿࢉܭͷ੍໿ʹΑΓ, ॎ·ͨ͸ԣͷ͍ͣΕ͔ͷղ૾౓͕ 800ϐΫηϧҎ্ͷը૾Λআ֎͠,
389,678ຕத 352,983ຕͷը૾Λ࢖༻ͨ͠.
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ධՁσʔληοτ. Set5 [61], Set14 [62], BSD100 [57], Urban100 [63], Manga109 [64]Λ

.Δ͢༺࢖

ධՁࢦඪ. ධՁʹ͸, YCbCr৭ۭؒͷYνϟϯωϧʢً౓੒෼ʣʹ͓͚Δ PSNR͓Αͼ

SSIMΛ༻͍Δ.

ֶशઃఆ. ॳֶظश཰͸ɼMSRResNetɼFreqFormerɼHATɼMambaIR-lightʹରͯ͠͸

2 × 10−4ɼEDSRɼRCANɼMambaIRʹରͯ͠͸ 1 × 10−4 ʹઃఆ͢ΔɽશͯͷϞσϧ

͸ AdamΦϓςΟϚΠβ [81]Ͱ࠷దԽ͞Εɼͦͷύϥϝʔλ͸ β1 = 0.9, β2 = 0.999,

ϵ = 10−8 ʹઃఆ͢Δɽ

ֶशεέδϡʔϧ͸ҎԼͷ௨ΓͰ͋ΔɽMSRResNet͸ 100ສΠςϨʔγϣϯͰֶश͠ɼ

CosineAnnealingRestartLRΛ༻͍ΔɽEDSR͓ΑͼRCAN͸ 30ສΠςϨʔγϣϯͰֶश

͠ɼ20ສΠςϨʔγϣϯ͝ͱʹֶश཰Λ൒ͤ͞ݮΔɽFreqFormerɼHATɼMambaIR-lightɼ

MambaIR͸ 50ສΠςϨʔγϣϯͰֶश͠ɼ25ສɼ40ສɼ45ສɼ47.5ສΠςϨʔγϣϯ

Ͱֶश཰Λ൒ͤ͞ݮΔɽ͜ΕΒͷϞσϧʹ͸MultiStepLRεέδϡʔϥΛ༻͍Δɽ

ϛχόοναΠζ͸ɼMSRResNetɼEDSRɼRCANͰ͸16ɼFreqFormerɼHATɼMambaIR-

lightɼMambaIRͰ͸ 32ʹઃఆ͢Δɽ௿ղ૾౓ύοναΠζ͸ɼMSRResNetͰ͸ 32×32ɼ

EDSRɼRCANɼMambaIR-lightɼMambaIRͰ͸ 48× 48ɼFreqFormer͓ΑͼHATͰ͸

64× 64 Λ༻͍Δɽ௒ղ૾ഒ཰͸ 2ഒ͓Αͼ 4ഒʹઃఆ͢Δ. EDSRɼHATɼMambaIRͷ

4ഒ௒ղ૾Ϟσϧͷֶशʹ͸ɼରԠ͢Δ 2ഒ௒ղ૾ϞσϧͰࣄલֶश͞ΕͨॏΈΛॳظԽ

ʹ༻͍Δɽߴղ૾౓ͱ௿ղ૾౓ͷը૾ϖΞ͸ Bicubicμ΢ϯαϯϓϦϯάʹΑΓੜ੒͠ɼ

ଛࣦؔ਺ʹ͸ L1 ଛࣦΛ༻͍Δɽσʔλ֦ுʹ͸ɼ90౓ɼ180౓ɼ270౓ͷϥϯμϜճస

͓Αͼਫฏํ޲ͷ൓సΛ༻͍Δɽ
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ද 5.2: ϕʔεϥΠϯ, BlockinessϑΟϧλϦϯά, ఏҊख๏ RECAͷੑೳൺֱ (RCAN

model, iCartoonFace, ×4 SR).
Method #Images Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Baseline 352,983 32.41 0.8977 28.70 0.7836 27.63 0.7364 26.36 0.7924 31.55 0.9181
B. filtering 107,249 32.42 0.8977 28.75 0.7844 27.64 0.7377 26.49 0.7961 31.61 0.9196
RECA (Ours) 352,983 32.49 0.8989 28.82 0.7862 27.70 0.7390 26.55 0.7971 31.73 0.9209

5.4.2 ϑΟϧλϦϯάख๏ͱͷൺֱ

ఏҊख๏RECAͷ༗ޮੑΛ͢ূݕΔͨΊ, iCartoonFaceσʔληοτΛ༻͍ͯRCAN

ϞσϧʹΑΔ࣮ݧΛͨͬߦ. ൺֱख๏ͱͯ͠, Blockiness஋͕ᮢ஋ θ = 50 Λ௒͑Δը૾Λ

আ֎͢Δ୯७ͳϑΟϧλϦϯάख๏Λ࠾༻͢Δ.

ද 5.2ʹࣔ͢௨Γ, BlockinessϑΟϧλϦϯάͰ͸ը૾਺͕ 352,983ຕ͔Β 107,249ຕ΁

ͱେ෯ʹ͞ݮ࡟Εͨ. ͦͷ݁Ռ, ଟ͘ͷϕϯνϚʔΫʹ͓͍ͯ PSNR͓Αͼ SSIMͷ্޲

͕֬ೝ͞Ε͕ͨ, ͜Ε͸ֶशσʔλͷେ෯ͳݮ࡟Λ൐͍ͬͯΔ. Ұํ, RECA͸શͯͷը

૾Λอ࣋ͨ͠··ѹॖΞʔνϑΝΫτΛޮՌతʹআ͠ڈ, શϕϯνϚʔΫʹ͓͍ͯੑߴ࠷

ೳΛୡ੒ͨ͠.

ਤ 5.3͸, ϕʔεϥΠϯ, BlockinessϑΟϧλϦϯά, RECAͷग़ྗ݁ՌΛ֮ࢹతʹൺֱ

ͨ͠΋ͷͰ͋Δ. RECA͸ଞͷख๏ͱൺ΂ͯΤοδͷ઱໌͞ΛޮՌతʹվળ͓ͯ͠Γ, ಛ

,͍͓ͯʹΓฦ͠ύλʔϯ΍Πϥετͷઢը܁ங෺ͷݐʹ ΑΓࣗવͰߴਫ਼ࡉͳ෮ݩΛ࣮ݱ

͍ͯ͠Δ. ͜ΕΒͷ֮ࢹతվળ͸, PSNR͓Αͼ SSIMʹ͓͚Δఆྔతͳ্޲ͱ΋Ұக͠

͓ͯΓ, RECA͕ߏ଄৘ใΛଛͳ͏͜ͱͳ͘ JPEGѹॖΞʔνϑΝΫτΛআڈͰ͖Δ͜ͱ

Λ͍ࣔͯ͠Δ.

૯ͯ͡, BlockinessϑΟϧλϦϯά͸ը࣭دʹ্޲༩͢Δ΋ͷͷ, σʔλྔͷେ෯ͳ࡟

.໛ֶशͷར఺Λଛͳ͏نΑΓେʹݮ ҰํͰRECA͸, σʔλͷ඼࣭ͱଟ༷ੑͷཱ྆Λਤ

Γͭͭ, Ϟσϧͷ൚Խੑೳ͓Αͼग़ྗ඼࣭ͷدʹ্޲༩͢Δ༗๬ͳख๏Ͱ͋Δ͜ͱ͕ࣔࠦ
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ਤ 5.3: ϕʔεϥΠϯ, BlockinessϑΟϧλϦϯά, ͓ΑͼఏҊख๏ RECAͷ֮ࢹతൺֱ
ʢRCANmodel, iCartoonFace, ×4 SRʣ. ੑೳࠩΛΑΓ໌֬ʹ൓өͤ͞ΔͨΊ, PSNR/SSIM

͸Ϋϩοϓͨ͠ύον͝ͱʹݸผʹ͍ͯ͠ࢉܭΔ.

͞Εͨ.

5.4.3 RECAͷ༗ޮੑ

ఏҊख๏RECAͷ༗ޮੑΛ͢ূݕΔͨΊ, JPEGѹॖΞʔνϑΝΫτΛଟؚ͘Ή iCar-

toonFace͓Αͼ Food-101σʔληοτΛ༻͍ͯ, ҟͳΔΞʔΩςΫνϟͷ SRϞσϧΛ
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ֶशͤͨ͞. ͦͷ݁ՌΛ, ද 5.3͓Αͼද 5.4ʹࣔ͢.

ද 5.3: ҟͳΔΞʔΩςΫνϟΛ࣋ͭ SRϞσϧͷఆྔతൺֱʢiCartoonFaceʣ. νΣοΫ
ϚʔΫ͸RECAΛ࢖༻ͨ͜͠ͱΛࣔ͢.
SR model

Scale RECA
Set5 Set14 BSD100 Urban100 Manga109

(Params) PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

MSRResNet [30] ×2 " 37.73 0.9593 33.52 0.9148 31.98 0.8968 31.62 0.9221 38.65 0.9770
(1.4M) ×2 - 37.57 0.9591 33.28 0.9131 31.90 -0.8959 31.35 0.9195 38.54 0.9772

EDSR [29] ×2 " 38.10 0.9610 33.83 0.9174 32.21 0.9000 32.32 0.9286 39.33 0.9789
(40.7M) ×2 - 37.94 0.9609 33.67 0.9165 32.14 0.8991 32.05 0.9260 39.25 0.9788

RCAN [33] ×2 " 38.10 0.9610 33.86 0.9174 32.22 0.8999 32.37 0.9287 39.59 0.9793
(15.4M) ×2 - 37.98 0.9610 33.66 0.9161 32.14 0.8989 32.07 0.9261 39.44 0.9789

FreqFormer [88] ×2 " 38.12 0.9610 33.82 0.9172 32.21 0.8997 32.27 0.9275 39.54 0.9789
(870k) ×2 - 37.96 0.9606 33.60 0.9157 32.13 0.8986 31.95 0.9246 39.35 0.9788

HAT [41] ×2 " 38.45 0.9624 34.31 0.9217 32.49 0.9035 33.36 0.9371 40.38 0.9811
(20.6M) ×2 - 38.28 0.9624 34.11 0.9192 32.39 0.9023 32.88 0.9331 40.27 0.9811

MambaIR-light [42] ×2 " 37.94 0.9603 33.68 0.9164 32.10 0.8979 31.97 0.9250 39.24 0.9781
(905k) ×2 - 37.77 0.9599 33.48 0.9145 32.02 0.8971 31.60 0.9215 39.05 0.9780

MambaIR [42] ×2 " 38.34 0.9618 34.07 0.9190 32.44 0.9027 32.97 0.9334 40.33 0.9809
(20.4M) ×2 - 38.22 0.9619 33.89 0.9182 32.34 0.9013 32.58 0.9304 40.16 0.9807

MSRResNet [30] ×4 " 32.08 0.8939 28.53 0.7800 27.51 0.7332 25.98 0.7808 30.88 0.9121
(1.5M) ×4 - 31.92 0.8922 28.48 0.7783 27.47 0.7316 25.89 0.7796 30.62 0.9096

EDSR [29] ×4 " 32.46 0.8982 28.87 0.7881 27.71 0.7399 26.54 0.7981 31.80 0.9213
(43.0M) ×4 - 32.32 0.8969 28.71 0.7841 27.63 0.7368 26.39 0.7935 31.51 0.9181

RCAN [33] ×4 " 32.49 0.8989 28.82 0.7862 27.70 0.7390 26.55 0.7971 31.73 0.9209
(15.6M) ×4 - 32.41 0.8977 28.70 0.7836 27.63 0.7364 26.36 0.7924 31.55 0.9181

FreqFormer [88] ×4 " 32.45 0.8979 28.78 0.7843 27.66 0.7384 26.33 0.7924 31.52 0.9185
(890k) ×4 - 32.37 0.8972 28.67 0.7819 27.61 0.7360 26.29 0.7902 31.41 0.9174

HAT [41] ×4 " 32.87 0.9037 29.11 0.7937 27.89 0.7468 27.32 0.8178 32.56 0.9294
(20.8M) ×4 - 32.66 0.9012 28.95 0.7891 27.77 0.7423 26.91 0.8080 32.23 0.9258

MambaIR-light [42] ×4 " 32.32 0.8964 28.62 0.7812 27.53 0.7341 26.06 0.7830 31.02 0.9140
(924k) ×4 - 32.23 0.8955 28.55 0.7791 27.53 0.7327 26.01 0.7810 31.05 0.9130

MambaIR [42] ×4 " 32.75 0.9017 29.03 0.7906 27.85 0.7440 26.93 0.8077 32.34 0.9266
(20.6M) ×4 - 32.47 0.8988 28.83 0.7857 27.71 0.7388 26.65 0.7992 31.83 0.9217

RECAΛద༻ͨ͠Ϟσϧ͸, େ൒ͷߏ੒ʹ͓͍ͯඇద༻࣌ΑΓ΋ੑ͍ߴೳΛࣔͨ͠. ಛ

ʹ iCartoonFaceσʔληοτʹ͓͍ͯ͸, PSNR͓Αͼ SSIMͷվળ෯͕େ͖͘, RECA

ͷޮՌ͕ΑΓݦஶʹݱΕͨ. ͜ͷվળ͸, MSRResNet, EDSR, RCANͱ͍ͬͨCNNϕʔ

εͷϞσϧʹՃ͑, TransformerϕʔεͷFreqFormer΍MambaΞʔΩςΫνϟʹͮ͘ج

MambaIR-lightͱ͍ͬͨ, ҟͳΔߏ଄ͷϞσϧʹ͓͍ͯ΋Ұ؏ͯ֬͠ೝ͞Εͨ. ͜ΕΒͷ

݁Ռ͸, RECA͕ΞʔΩςΫνϟʹґଘͤͣ, ෯͍޿ SRϞσϧʹରͯ͠༗ޮʹػೳ͢Δ

͜ͱΛ͓ࣔͯ͠Γ, ஙख๏ʹͳΓಘΔߏѹॖσʔληοτʹର͢Δ൚༻తͳֶशσʔλߴ

͜ͱΛ͍ࣔࠦͯ͠Δ.
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ද 5.4: ҟͳΔΞʔΩςΫνϟΛ࣋ͭ SRϞσϧͷఆྔతൺֱʢFood-101ʣ. νΣοΫϚʔ
Ϋ͸RECAΛ࢖༻ͨ͜͠ͱΛࣔ͢.
SR model

Scale RECA
Set5 Set14 BSD100 Urban100 Manga109

(Params) PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

MSRResNet [30] ×2 " 37.91 0.9603 33.52 0.9165 32.11 0.8986 31.62 0.9225 38.63 0.9778
(1.4M) ×2 - 37.77 0.9597 33.39 0.9151 32.05 0.8976 31.46 0.9207 38.76 0.9782

EDSR [29] ×2 " 38.09 0.9611 33.95 0.9188 32.28 0.9010 32.38 0.9303 39.37 0.9795
(40.7M) ×2 - 37.92 0.9602 33.69 0.9170 32.17 0.8986 32.19 0.9278 39.48 0.9797

RCAN [33] ×2 " 38.07 0.9608 33.94 0.9183 32.27 0.9005 32.48 0.9308 39.56 0.9799
(15.4M) ×2 - 38.05 0.9606 33.71 0.9169 32.16 0.8982 32.22 0.9284 39.42 0.9793

FreqFormer [88] ×2 " 38.20 0.9612 33.92 0.9192 32.32 0.9013 32.51 0.9308 39.55 0.9796
(870k) ×2 - 38.11 0.9609 33.64 0.9177 32.24 0.8999 32.28 0.9286 39.54 0.9797

HAT [41] ×2 " 38.41 0.9622 34.37 0.9227 32.47 0.9031 33.65 0.9410 40.32 0.9812
(20.6M) ×2 - 38.23 0.9612 34.03 0.9202 32.42 0.9026 33.03 0.9359 39.86 0.9803

MambaIR-light [42] ×2 " 38.09 0.9611 33.78 0.9187 32.26 0.9006 32.20 0.9284 39.18 0.9788
(905k) ×2 - 37.98 0.9602 33.50 0.9157 32.12 0.8982 31.82 0.9239 39.15 0.9787

MambaIR [42] ×2 " 38.27 0.9618 34.36 0.9234 32.37 0.9012 33.27 0.9381 40.05 0.9807
(20.4M) ×2 - 38.14 0.9610 33.94 0.9193 32.38 0.9019 32.73 0.9333 39.39 0.9790

MSRResNet [30] ×4 " 32.23 0.8959 28.61 0.7829 27.59 0.7358 25.91 0.7787 30.56 0.9097
(1.5M) ×4 - 32.29 0.8969 28.58 0.7819 27.58 0.7357 25.94 0.7795 30.54 0.9094

EDSR [29] ×4 " 32.66 0.9007 28.90 0.7898 27.77 0.7425 26.59 0.7999 31.42 0.9197
(43.0M) ×4 - 32.62 0.9003 28.87 0.7879 27.74 0.7414 26.51 0.7975 31.37 0.9182

RCAN [33] ×4 " 32.72 0.9014 28.90 0.7893 27.77 0.7422 26.57 0.7988 31.34 0.9192
(15.6M) ×4 - 32.67 0.9009 28.87 0.7879 27.74 0.7415 26.55 0.7982 31.35 0.9184

FreqFormer [88] ×4 " 32.60 0.8998 28.81 0.7869 27.73 0.7421 26.39 0.7954 31.20 0.9165
(890k) ×4 - 32.61 0.8997 28.84 0.7867 27.74 0.7419 26.48 0.7976 31.25 0.9172

HAT [41] ×4 " 32.96 0.9050 29.17 0.7958 27.95 0.7497 27.60 0.8262 32.22 0.9280
(20.8M) ×4 - 32.91 0.9044 29.08 0.7934 27.90 0.7477 27.33 0.8199 32.07 0.9261

MambaIR-light [42] ×4 " 32.43 0.8983 28.72 0.7842 27.66 0.7387 26.16 0.7855 30.87 0.9132
(924k) ×4 - 32.48 0.8983 28.71 0.7837 27.67 0.7387 26.14 0.7857 30.84 0.9130

MambaIR [42] ×4 " 32.98 0.9035 29.15 0.7943 27.92 0.7476 27.22 0.8158 31.99 0.9253
(20.6M) ×4 - 32.79 0.9023 29.02 0.7909 27.84 0.7451 26.92 0.8081 31.80 0.9225

·ͨ, ैདྷͷϑΟϧλϦϯάख๏͸, ѹॖΞʔνϑΝΫτΛճආ͢Δ໨తͰը૾Λআڈ

͍ͯͨ͠ͷʹର͠, RECA͸ը૾ΛҰ੾࡟আ͢Δ͜ͱͳ͘, ΞʔνϑΝΫτΛܰ͢ݮΔ఺

ʹಛ௃͕͋Δ. զʑͷ஌ΔݶΓ, ѹॖಛੑʹͮ͘جϑΟϧλϦϯάʹΑͬͯ, σʔλྔΛ

ҡ࣋͠ͳ͕Β SRϞσϧͷੑೳ্޲Λ࣮ྫͨ͠ݱ͸, ຊ͕ڀݚॳΊͯͰ͋Δ.

5.4.4 CNEϞδϡʔϧͷᮢ஋

ද 5.5ʹ, CNEϞδϡʔϧʹ͓͚ΔҟͳΔBlockinessᮢ஋ θ ʹର͢ΔੑೳൺֱΛࣔ͢.

θ = 50 ͷઃఆ͕࠷΋ྑ޷ͳੑೳΛࣔ͠, ҰํͰ θ = 0 ͷ৔߹͸, ෆඞཁͳߴ඼࣭ը૾΁ͷ

ॲཧʹΑΓੑೳ͕௿Լͨ͠.
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ද 5.5: ҟͳΔᮢ஋ θ ʹ͓͚ΔੑೳൺֱʢRCAN model, iCartoonFace, ×4 SRʣ.

θ
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

0 32.28 0.8949 28.77 0.7852 26.43 0.7924 27.59 0.7352 31.26 0.9155
50 32.49 0.8989 28.82 0.7862 26.55 0.7971 27.70 0.7390 31.73 0.9209
100 32.48 0.8986 28.82 0.7861 26.56 0.7972 27.68 0.7385 31.77 0.9207

ද 5.6: ASϞδϡʔϧͷޮՌ. (RCAN model, Food-101, ×4 SR).

AS module
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

w/ 32.72 0.9014 28.90 0.7893 27.77 0.7422 26.57 0.7988 31.34 0.9192
w/o 32.33 0.8972 28.60 0.7812 27.57 0.7358 26.05 0.7830 30.61 0.9106

ASϞδϡʔϧͰ͸, ը૾Λॖখ͢Δ͜ͱͰѹॖΞʔνϑΝΫτΛ཈੍͢Δ͕, ಉ࣌ʹࡉ

෦ͷ৘ใ΋ࣦΘΕΔ. θ = 0 ͷઃఆͰ͸, Θ͔ͣͳΞʔνϑΝΫτؚ͔͠·ͳ͍ը૾·Ͱ

ॲཧର৅ͱͳΔͨΊ, ,प೾੒෼͕ա৒ʹ཈੍͞Εߴ ݁Ռͱͯ͠ॏཁͳσΟςʔϧ͕ଛͳ

ΘΕΔ. Ұํ, θ = 50 Ͱ͸, ,ѹॖΛड͚ͨը૾ͷΈΛબ୒తʹิਖ਼ର৅ͱ͢Δ͜ͱͰ͍ڧ

.Δ͍ͯ͠ݱదͳτϨʔυΦϑΛ࣮࠷෦Λอ࣋ͭͭ͠ࡉ඼࣭ը૾ͷߴ

donut/1342.jpg, Food-101 w/ AS Module wo/ AS Module

RECA input RECA output

ਤ 5.4: ASϞδϡʔϧͷޮՌΛ֮ࣔ͢ࢹతͳྫ. ASϞδϡʔϧΛద༻͍ͯ͠ͳ͍ը૾Ͱ
͸, .प೾ΞʔςΟϑΝΫτʹΑΓա౓ʹγϟʔϓͰෆࣗવͳςΫενϟ͕ੜ͍ͯ͡Δߴ Ұ
ํ, ASϞδϡʔϧΛద༻͢Δ͜ͱͰ͜ΕΒͷΞʔςΟϑΝΫτ͕཈੍͞Ε, ΑΓ׈Β͔Ͱ
ࣗવͳ֎͕؍ಘΒΕΔ.

76



5.4. ݧ࣮ ୈ 5 ষ JPEGѹॖը૾ͷ༗ޮ׆༻

ද 5.7: QEϞδϡʔϧʹ͓͚Δ࣮ੈք SRϞσϧͷੑೳൺֱ (RCAN model, Food-101, ×4

SR).

Real-world SR model
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SeeSR [55] 32.72 0.9014 28.90 0.7893 27.77 0.7422 26.57 0.7988 31.34 0.9192
Real-ESRGAN [51] 32.63 0.9005 28.87 0.7881 27.74 0.7411 26.57 0.7985 31.30 0.9188

5.4.5 ASϞδϡʔϧͷ༗ޮੑ

QEϞδϡʔϧʹΑΔ JPEGΞʔνϑΝΫτআޙڈʹ, ASϞδϡʔϧ͕ඞཁ͔Ͳ͏͔Λ

,ΔͨΊ͢ূݕ ASϞδϡʔϧͷ༗ແʹΑΔֶश݁ՌΛൺֱͨ͠. ද 5.6ʹࣔ͢Α͏ʹ, AS

ϞδϡʔϧΛ௥Ճ͢Δ͜ͱͰ, શͯͷධՁσʔληοτʹ͓͍ͯPSNR͓Αͼ SSIM͕޲

্͠, .੒඼࣭ͷվળʹ༗ޮͰ͋Δ͜ͱ͕֬ೝ͞Εͨߏ࠶

ਤ 5.4͸, ASϞδϡʔϧͷ༗ແʹΑΔग़ྗը૾ͷ֮ࢹతൺֱΛ͍ࣔͯ͠Δ. ASϞδϡʔ

ϧΛ༻͍ͳ͍৔߹, ը૾͸ա౓ʹγϟʔϓͰਓ޻తʹ͑ݟ, ෆࣗવͳςΫενϟ΍Τοδ͕

ੜ͍ͯ͡Δ. ͜Ε͸, QEϞδϡʔϧʹ࢖༻͞ΕͨDiffusionϕʔεͷ SRϞσϧ͕, JPEG

ϊΠζΛআ͢ڈΔաఔͰߴप೾ͷΞʔνϑΝΫτΛ৽ͨʹੜ੒ͯ͠͠·͏͜ͱʹىҼ͢Δ.

ҰํͰ, ASϞδϡʔϧΛద༻͢Δ͜ͱͰ, ͜ΕΒͷΞʔνϑΝΫτ͕ޮՌతʹ཈੍͞Ε,

ΑΓࣗવͳΤοδ΍ςΫενϟ͕͞ݱ࠶Ε͍ͯΔ. ͨͱ͑͹, υʔφπͷ૷০γϡΨʔ෦

෼Ͱ͸, ASͳ͠Ͱ͸Τοδ෦෼͕ա৒ʹڧௐ͞Ε, ਓ޻తʹ͑ݟΔͷʹର͠, AS͋ΓͰ͸

.อͨΕ͍ͯΔ͕؍֎తͳ࣮ݱ ͜ΕΒͷ݁࡯؍Ռ͸, ASϞδϡʔϧ͕֮ࢹతࣗવ͞Λҡ࣋

ͭͭ͠, DiffusionϞσϧ༝དྷͷΞʔνϑΝΫτΛআ͢ڈΔ͏͑Ͱ༗ޮͰ͋Δ͜ͱΛࣔͯ͠

͍Δ.

Ҏ্ΑΓ, ASϞδϡʔϧ͸RECAͷॏཁͳߏ੒ཁૉͰ͋Γ, ࣗવͳΤοδɾςΫενϟ

ͷߏ࠶੒ͱϞσϧੑೳͷ্޲Λཱ྆ͤ͞Δ͏͑ͰෆՄܽͳ໾ׂΛՌ͍ͨͯ͠Δ.
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ද 5.8: QEϞδϡʔϧͱASϞδϡʔϧͷ૊Έ߹ΘͤͱDenoisingϞσϧͷੑೳൺֱ (RCAN

model, iCartoonFace, ×4 SR).

Module type
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

QE+AS module 32.49 0.8989 28.82 0.7862 27.70 0.7390 26.55 0.7971 31.73 0.9209

QGCN [90] 32.52 0.8988 28.79 0.7854 27.67 0.7383 26.49 0.7961 31.64 0.9192
FBCNN [91] 32.45 0.8981 28.77 0.7848 27.65 0.7380 26.47 0.7955 31.63 0.9196
DiffBIR [92] 32.40 0.8976 28.81 0.7877 27.67 0.7393 26.61 0.8000 31.74 0.9208

5.4.6 QEϞδϡʔϧ಺ʹ͓͚Δະ஌ྼԽSRϞσϧͷൺֱ

QEϞδϡʔϧʹ͓͍ͯ࢖༻͢ΔSRϞσϧ͕ੑೳʹ༩͑ΔӨڹΛ͢ূݕΔͨΊ, Diffusion

ϕʔεͷ SeeSRͱ, GANϕʔεͷReal-ESRGAN [51]Λൺֱͨ͠. ද 5.7ʹࣔ͢Α͏ʹ,

SeeSR͸શͯͷσʔληοτʹ͓͍ͯ, Θ͔ͣͳ͕ΒҰ؏ͯ͠Real-ESRGANΛ্ճΔੑ

ೳΛࣔͨ͠. ͜ͷࠩ͸, DiffusionϞσϧʹ͓͚ΔϊΠζআ͓ڈΑͼߴप೾੒෼ͷߏ࠶੒ʹ

͓͚Δ҆ఆੑͷىʹ͞ߴҼ͢Δͱ͑ߟΒΕΔ.

5.4.7 σϊΠδϯάϞσϧͱͷൺֱ

QEϞδϡʔϧͱASϞδϡʔϧΛ౷߹ͨ͠ߏ੒ʢQE+ASߏ੒ʣͱ, JPEGѹॖΞʔν

ϑΝΫτআڈΛ໨తͱͨ͠طଘͷσϊΠδϯάϞσϧͱͷੑೳΛൺֱ͠, ఏҊख๏ʹ͓͚

Δ͜ͷߏ੒ͷ༗༻ੑΛͨ͠ূݕ. QEϞδϡʔϧ͸ϊΠζআڈͱಉ࣌ʹղ૾౓ͷ্޲Λߦ

͍, ASϞδϡʔϧ͸QEग़ྗΛݩͷղ૾౓ʹॖখ͢Δ͜ͱͰ, ա৒ͳߴप೾੒෼΍Ξʔν

ϑΝΫτΛ཈੍͢Δ. Ұํ, σϊΠδϯάϞσϧ͸ϊΠζআڈͷΈΛ͍ߦ, ग़ྗղ૾౓͕

ೖྗը૾ͱಉҰͰ͋Δ఺͸QE+ASߏ੒ͱڞ௨Ͱ͋Δ.

ද 5.8͓Αͼ 5.9ʹࣔ͞Ε͍ͯΔ݁Ռ͔Β, QE+ASߏ੒͸, Food-101͓Αͼ iCartoon-

Faceͱ͍ͬͨҟͳΔಛੑΛ΋ͭσʔληοτʹ͓͍ͯ, Ұ෦ͷࢦඪͰ͸ଞख๏্͕ճΔ

৔߹΋͋Δ΋ͷͷ, ૯ͯ͡ੑ͍ߴೳΛୡ੒͍ͯ͠Δ. ಛʹ, CNNϕʔεͷ JPEGআڈϞ
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ද 5.9: QEϞδϡʔϧͱASϞδϡʔϧͷ૊Έ߹ΘͤͱDenoisingϞσϧͷੑೳൺֱ (RCAN

model, Food-101, ×4 SR).

Module type
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

QE+AS module 32.72 0.9014 28.90 0.7893 27.77 0.7422 26.57 0.7988 31.34 0.9192

QGCN [90] 32.69 0.9009 28.87 0.7882 27.76 0.7420 26.56 0.7985 31.41 0.9188
FBCNN [91] 32.67 0.9007 28.89 0.7888 27.75 0.7420 26.59 0.7991 31.37 0.9189
DiffBIR [92] 32.62 0.9004 28.87 0.7880 27.71 0.7408 26.50 0.7975 31.25 0.9181

ද 5.10: DIV2Kͱ iCartoonFaceͰֶश͞Εͨ SRϞσϧͷੑೳൺֱ (RCAN model, ×4

SR).

Training dataset
Set5 Set14 BSD100 Urban100 Manga109

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

DIV2K [6] 32.63 0.9002 28.87 0.7889 27.77 0.7436 26.82 0.8087 31.22 0.9173
iCartoonFace [86] 32.41 0.8977 28.70 0.7836 27.63 0.7364 26.36 0.7924 31.55 0.9181

σϧʢFBCNN, QGCNʣ͸ iCartoonFaceʹ͓͍ͯશମతʹੑೳ͕௿͘, Diffusionϕʔε

ͷDiffBIR͸ Food-101ʹ͓͍ͯੑೳ͕ྼ͍ͬͯͨ. ͜Εʹର͠, QE+ASߏ੒͸͍ͣΕͷ

σʔληοτʹ͓͍ͯ΋҆ఆͨ͠ੑೳΛ͓ࣔͯ͠Γ, σʔλಛੑʹґଘ͠ͳ͍൚༻ੑͷߴ

͕ࣔ͞͞Εͨ.

Ҏ্ͷ݁Ռ͸, QE͓ΑͼASϞδϡʔϧͷ౷߹͕, ͍͓ʹஙߏ඼࣭ͳσʔληοτͷߴ

ͯॏཁͳߏ੒ཁૉͰ͋Γ, σϊΠδϯάϞσϧ୯ମΑΓ΋༏ΕͨੑೳΛൃ͢شΔ͜ͱΛࣔ

͍ͯ͠Δ.

5.5 ٞ࿦

5.5.1 ֶशσʔλͱධՁσʔλͷಛੑ

ຊڀݚͰ͸, ֶशσʔλͱͯ͠ iCartoonFaceΛ࢖༻ͨ͠. ඪ४తͳ SRֶशσʔληο

τͰ͋ΔDIV2KΛ༻ֶ͍ͨश݁Ռͱൺֱͨ͠ͱ͜Ζ, ධՁσʔληοτͰ͋ΔManga109

ʹରͯ͠͸, iCartoonFaceΛ༻͍ͨํ͕ΑΓੑ͍ߴೳ͕ಘΒΕͨ (ද 5.10). ͜ͷཧ༝ͱ͠
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ͯ,Ξχϝʔγϣϯը૾͔Βߏ੒͞ΕΔ iCartoonFaceͱ,Πϥετը૾͕த৺ͷManga109

ͱͷ֮ࢹతಛੑͷྨ͛ڍ͕ੑࣅΒΕΔ.

۩ମతʹ͸, ྆σʔληοτ͸ͱ΋ʹ໌ྎͳΤοδ, ,Ұͳ৭ྖҬۉ ίϯτϥετͱ͍ߴ

͍ͬͨಛ௃Λ࣋ͪ, ࣗવը૾ͱ͸ҟͳΔ֮ࢹతߏ଄Λ༗͍ͯ͠Δ. ࣗવը૾͸׈Β͔ͳޯ

഑΍ෳࡶͳςΫενϟΛؚΉ͕͋޲܏Δͷʹର͠, Ξχϝ΍Πϥετը૾͸৭ͷભҠ͕ٸ

फ़Ͱ, ృΓ΋࣭ۉͰ͋Δ͜ͱ͕ଟ͍. ͜ͷΑ͏ͳ֮ࢹతಛੑͷҰக͕, Manga109ʹ͓͚Δ

SRੑೳͷدʹ্޲༩ͨ͠ͱ͑ߟΒΕΔ.

͜ΕΒͷ݁Ռ͸, ֶशσʔλͱධՁσʔλͷಛੑΛద੾ʹҰகͤ͞Δ͜ͱͰ, λεΫݻ

༗ͷ SRੑೳΛ্ͤ͞޲ΔՄೳੑΛ͍ࣔࠦͯ͠Δ. ҰํͰ, ֶशσʔλͱධՁσʔλͷಛੑ

͕ա౓ʹ͍ۙ৔߹, ධՁ݁Ռ͕աେʹੵݟ΋ΒΕΔϦεΫ΋ଘ͢ࡏΔ. ͜ͷ໰୊͸, Set5,

Set14, BSD100, Urban100, Manga109ͱ͍ͬͨ͘޿༻͍ΒΕ͍ͯΔϕϯνϚʔΫʹ͓͍

ͯಛʹݦஶͰ͋Γ, ҙਤ͠ͳ͍աֶशΛҾ͖͢͜ىՄೳੑ͕͋Δ.

͜ͷϦεΫΛճආ͢ΔͨΊʹ͸, ධՁσʔλͱͷಛੑͷόϥϯεΛֶྀͨ͠ߟशσʔλ

ͷઃٻ͕ܭΊΒΕΔͱͱ΋ʹ, ֶश͓ΑͼධՁσʔλؒͷؔੑ܎ʹ͍ͭͯͷৄࡉͳ෼ੳ͕

ඞཁͰ͋Δ.

5.5.2 ը૾෮ݩλεΫ΁ͷԠ༻

ຊڀݚͰ͸, JPEGѹॖϊΠζΛޮՌతʹܰ͠ݮ, SRϞσϧͷੑೳΛ্ͤ͞޲ΔͨΊͷ

RECAύΠϓϥΠϯΛఏҊͨ͠. JPEGѹॖϊΠζ͸, ௒ղ૾ͷΈͳΒͣ, σϊΠδϯά΍

ӍআڈͳͲ, ଞͷը૾෮ݩλεΫʹ΋ѱӨڹΛٴ΅͢͜ͱ͕஌ΒΕ͍ͯΔ. ͜ͷ͜ͱ͔Β,

ఏҊ͢ΔRECAΛଞͷ෮ݩλεΫ΁ద༻͢Δ͜ͱͰ, JPEGѹॖΞʔνϑΝΫτ΁ͷ൚༻

తͳରॲ๏ͱͯ͠ͷ༗ޮੑΛ, ΑΓ͍޿ը૾෮ݩ෼໺ʹ͓͍ͯূݕͰ͖ΔՄೳੑ͕͋Δ.
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5.5.3 ະ஌ྼԽ΁ͷ֦ு

ຊڀݚͰ͸ओʹ, ྼԽ৚͕݅ط஌Ͱ͋Δઃఆʹ͓͚Δੑೳൺֱʹয఺Λ౰ͯͨ. ͔͠͠,

ΑΓ࣮༻తͳઃఆͰ͋Δະ஌ྼԽԼʹ͓͍ͯRECAͷ༗ޮੑΛ͢ূݕΔ͜ͱ΋, ͷॏޙࠓ

ཁͳ՝୊Ͱ͋Δ. ಛʹ, ෳ͔ͭࡶඇఆৗͳ࣮ੈքͷྼԽ৚݅ԼͰͷҰൠԽੑೳΛධՁ͢Δ

͜ͱͰ, RECAͷ࣮༻ੑΛ͞Βʹ໌֬ʹ͢Δ͜ͱ͕ظ଴͞ΕΔ.

5.5.4 ֶशՄೳͳઃܭͷܽ೗

RECA͸طଘͷϞδϡʔϧΛ౷߹͢Δ͜ͱͰ࣮༻తͳޮՌΛ͍ࣔͯ͠Δ͕, ఺Ͱ͸࣌ݱ

ֶशՄೳͳߏ੒ཁૉΛ͍͍ܽͯΔ. ͦͷͨΊ, దԠతͳΞʔνϑΝΫτ཈੍΍ܰྔͳը૾

෮ݩωοτϫʔΫͷಋೖ, ͋Δ͍͸શମΛඍ෼ՄೳͳύΠϓϥΠϯͱͯ͠ઃ͢ܭΔ͜ͱ͕,

༗๬ͳվળͷํੑ޲ͱͯ͛͠ڍΒΕΔ.

5.5.5 ίετͷ՝୊ࢉܭ

RECAͰ͸,ੑߴೳͳDiffusionϕʔεͷSRϞσϧͰ͋ΔSeeSRΛ༻͍Δ͜ͱͰ, JPEG

ѹॖΞʔνϑΝΫτͷআڈΛ࣮͍ͯ͠ݱΔ. ͔͠͠, SeeSR͸ࢉܭෛՙ͕͘ߴ, ࣮ӡ༻ʹ

͓͚Δେ͖ͳ՝୊ͱͳΔ. ,ͷల։ʹ͓͍ͯ͸ޙࠓ ϞσϧͷܰྔԽ΍ߴ଎ԽͳͲ, ޮࢉܭ

཰ͷվળʹ࠷͚ͨ޲దԽ͕ෆՄܽͰ͋Δ.

5.5.6 ౓෼ੳͷ੍໿ײ

CNEϞδϡʔϧ಺Ͱͷ JPEGѹॖը૾൑ผʹ༻͍ΔBlockinessͷᮢ஋ θ = 50͸, iCar-

toonFaceσʔληοτͱRCANϞσϧΛ༻͍ͨ୅දతͳઃఆʹݧ࣮͖ͮجతʹܾఆ͞Ε

͕ͨ, ,ͷ੍໿ͷͨΊݯࢿࢉܭ ଞͷσʔληοτ΍ SRϞσϧΛؚΉแׅతͳײ౓෼ੳ͸࣮
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.ͳ͍͍ͯ͠ࢪ ,͸ޙࠓ ͜ͷᮢ஋͕ଟ༷ͳ৚݅Լʹ͓͍ͯ SRੑೳʹ༩͑ΔӨڹΛৄࡉʹ

෼ੳ͢Δ͜ͱ͕՝୊Ͱ͋Δ.

5.6 ·ͱΊ

ຊষͰ͸, JPEGѹॖΞʔνϑΝΫτͷӨڹΛड͚ͨը૾Λֶशσʔλͱͯ͠׆࠶༻͢

ΔͨΊͷ৽ͨͳύΠϓϥΠϯ, RECA ΛఏҊͨ͠.

RECA͸, ѹॖΞʔνϑΝΫτΛؚΉը૾Λߴ඼࣭ͳֶशσʔλͱͯ͠׆༻͢Δ͜ͱΛ

໨తͱͨ͠ 3ஈߏ੒ͷॲཧύΠϓϥΠϯͰ͋Δ. ·ͣCNEϞδϡʔϧ͕֤ը૾ʹ͓͚Δ

ΞʔνϑΝΫτͷڧ౓ΛఆྔతʹධՁ͠, ଓ͍ͯQEϞδϡʔϧ͕඼࣭ͷ௿͍ը૾ʹର͠

ͯղ૾౓ͷ্޲Λ൐͏ิਖ਼Λ͏ߦ. ,ASϞδϡʔϧ͕ʹޙ࠷ ॲཧաఔͰ৽ͨʹੜͨ͡ߴ

प೾ΞʔνϑΝΫτΛ཈੍͠, ग़ྗը૾Λࣗવͳ࣭ײʹ੔͑Δ. ͳ͓, ͜ͷաఔʹ͓͍ͯ

ղ૾౓͸ೖྗը૾ͱಉ͡εέʔϧʹௐ੔͞ΕΔ.

,Ռ͔Β͸݁ݧ࣮ JPEGѹॖͷ͍ڧը૾Λ୯७ʹআ֎͢ΔैདྷͷϑΟϧλϦϯάख๏ͱ

ൺֱͯ͠, RECA͕ΑΓੑ͍ߴೳΛୡ੒͢Δ͜ͱ͕ࣔ͞Εͨ. ຊख๏͸, ͜Ε·Ͱֶशʹ

ར༻͞Εͯ͜ͳ͔ͬͨѹॖը૾Λ༗ޮʹ׆࠶༻͢Δ͜ͱͰ, σʔλͷྔͱ࣭ͷ྆໘͔Β SR

Ϟσϧͷੑೳدʹ্޲༩͢Δ༗ޮͳΞϓϩʔνͰ͋Δ.
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ຊڀݚͰ͸, SRֶशʹ͓͚Δଛࣦؔ਺ͱֶशσʔληοτͷߏஙΛσʔλͱ͍͏؍఺

͔Βݕ࠶౼͠, SRϞσϧͷੑೳͱ࣮༻ੑͷཱ྆Λ໨͢ࢦ৽ͨͳΞϓϩʔνΛఏҊͨ͠. ۩

ମతʹ͸, (1) Perceptual lossͷߟ࠶, (2) SRֶशσʔληοτߏஙͷߟ࠶, (3) JPEGѹ

ॖը૾ͷ༗ޮ׆༻ͱ͍͏, .ͨͬߦ఺͔ΒऔΓ૊ΈΛ؍ͷͭࡾ ҎԼʹ, ֤औΓ૊Έͷ֓ཁ

ͱಘΒΕͨ੒ՌΛࣔ͢.

Perceptual lossͷߟ࠶. ैདྷҰൠతʹ࢖༻͞Ε͖ͯͨVGGϕʔεͷPerceptual lossʹ

୅͑ͯ, ثલֶशϞσϧCLIPͷViTΤϯίʔμΛಛ௃நग़ࣄ໛نΛ༻͍ͨେޠݴͱ֮ࢹ

ͱ͢Δଛࣦؔ਺Λઃ͠ܭ, ͦͷ SR΁ͷద༻Λͨ͠ূݕɽ࣮ݧͷ݁Ռ, VGGϕʔεͷଛࣦ

ͰසൟʹݟΒΕͨάϦουঢ়ͷΞʔνϑΝΫτ͕, ViTϕʔεͷCLIPଛࣦΛ༻͍Δ͜ͱ

Ͱେ෯ʹ཈੍͞Ε, ࿪Έ඼࣭ͷ௿ԼΛ࠷খݶʹ཈͑ͭͭ, ஌֮඼࣭ͷ্޲Λ࣮ͨ͠ݱɽ͜

ΕʹΑΓ, Perceptual lossͷಛ௃நग़ثΛ࠶ઃ͢ܭΔ͜ͱͰ, ࿪Έ඼࣭ͱ஌֮඼࣭ͷཱ྆

͕ՄೳͰ͋Δ͜ͱΛࣔͨ͠ɽ

SRֶशσʔληοτߏஙͷߟ࠶. ຊڀݚͰ͸, SRੑೳʹେ͖͘Ө͢ڹΔֶशσʔλͷ࣭

ͱଟ༷ੑʹண໨͠, ,͍ͣ༺ղ૾౓ը૾Λߴ େن໛ͳ௿ղ૾౓ը૾͔܈Β༗ޮͳը૾Λࣗ

ಈతʹબผ͢Δख๏ΛఏҊͨ͠. JPEGѹॖΞʔνϑΝΫτͷڧ౓෼෍΍ը૾಺ͷηάϝ

ϯτߏ଄ʹͮ͘جఆྔతධՁΛ༻͍ͯ, ඼࣭͔ͭ৑௕ੑͷ௿͍σʔληοτDiverSegΛߴ

.ஙͨ͠ߏ ,ΑΓʹݧ࣮ ఏҊख๏Ͱߏஙͨ͠௿ղ૾౓σʔληοτͷΈΛ༻͍ͯ΋, ଘط

ͷߴղ૾౓ը૾σʔληοτΛ࢖༻ͨ͠ϞσϧΛ্ճΔ SRੑೳΛୡ੒Ͱ͖Δ͜ͱΛ໌Β

83



ୈ 6 ষ ݁࿦

͔ʹͨ͠.

JPEGѹॖը૾ͷ༗ޮ׆༻. JPEGѹॖΞʔνϑΝΫτʹΑΓྼԽͨ͠ը૾Λ SRֶश

σʔλͱͯ͠׆࠶༻͢ΔͨΊͷલॲཧύΠϓϥΠϯ RECAΛఏҊͨ͠. RECA͸, ѹॖ

ΞʔνϑΝΫτͷఆྔධՁ (CNEϞδϡʔϧ) , ը૾඼্࣭޲ (QEϞδϡʔϧ) , प೾ߴ

ΞʔνϑΝΫτ཈੍ (ASϞδϡʔϧ) ͱ͍͏ͭࡾͷஈ֊Ͱߏ੒͞ΕΔ. ,Ͱ͸ݧ࣮ RECA

ʹΑͬͯิਖ਼ͨ͠ը૾ΛؚΉσʔληοτΛ༻ֶ͍ͯशͨ͠ SRϞσϧ͕, ैདྷͷϑΟϧ

λϦϯάख๏ΛҰ؏্ͯ͠ճΔੑೳΛࣔͨ͠. ͜ͷ݁Ռ͔Β, ͜Ε·Ͱར༻ࠔ೉ͩͬͨѹ

ॖը૾΋, ద੾ͳલॲཧΛ͜͢ࢪͱͰ SRֶशʹ༗ޮʹ׆༻Ͱ͖Δ͜ͱΛࣔͨ͠.

.ͷల๬ޙࠓ ຊڀݚͰఏҊͨ͠ख๏܈͸, ଘͷط SRϞσϧʹ൚༻తʹద༻ՄೳͰ͋Γ, ಛ

.೉ͳυϝΠϯʹ͓͍ͯ༗ޮͰ͋Δࠔղ૾౓ը૾ͷऔಘ͕ߴʹ ,͸ޙࠓ ը૾ྼԽͷର৅Λ

JPEGѹॖʹݶఆͤͣ, ϒϥʔ΍Χϝϥ༝དྷͷϊΠζͱ͍ͬͨଟ༷ͳྼԽʹ֦ு͢Δ͜ͱ

Ͱ, ࣮ੈքʹ͓͚Δ SRϞσϧͷ൚ԽੑೳΛ͞Βʹ্ͤ͞޲Δඞཁ͕͋Δ. ·ͨ, ຊΞϓ

ϩʔνΛσϊΠδϯά΍ӍআڈͳͲଞͷը૾෮ݩλεΫ΍ը૾ೝࣝλεΫͱ౷߹ͨ͠Ϛ

ϧνλεΫֶश΁ͷల։΋༗๬ͳ޲ํڀݚͰ͋Δ.
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ຊڀݚ͸, ΋ͷͰ͢ɽͨ͠ࢪ࣮ʹதֶࡏത࢜՝ఔظޙՊڀݚֶ޻ጯٛक़େֶେֶӃཧܚ

ຊڀݚͷࣥචʹ͋ͨΓ, ଟ͘ͷํʑʹ͓ੈ࿩ʹͳΓ·ͨ͠. ͜ͷ৔Λ͓आΓͯ͠, ৺ΑΓ

ਃ্͛͠·͢ɽँײ

·ͣॳΊʹ, ຊڀݚͷओࠪͰ͋Γ, ,ʹतڭһͰ͋Δ੨໦ٛຬڭಋࢦ ৺ΑΓਂ͘ँײਃ͠

্͛·͢ɽֶ෦ 4೥ੜͷڀݚ഑ଐ͔Βത࢜՝ఔʹࢸΔ·Ͱ, ੨໦ڭतʹ͸Ұ؏ͯ͠ଟ͘ͷ

,ͨ·Γ·ͨ͠ɽࣀಋΛࢦ͝ ,औΓ૊Ή࢟੎΍ʹڀݚ Γํʹ͍ͭͯ΋ଟࡏͱͯ͠ͷऀڀݚ

͘Λֶ͹͍͖ͤͯͨͩ·ͨ͠. ซͤͯ, ੨໦ࣨڀݚͰ׆ڀݚʹڞಈΛ͖ͨͯͬߦϝϯόʔ

ͷօ༷ʹ΋ँײਃ্͛͠·͢ɽ೔ʑͷٞ࿦Λ௨ͯ͡, ଟ͘ͷܹࢗͱ͑ࢧΛ͍͖ͨͩ·ͨ͠.

·ͨ, ຊ࿦จͷ෭ࠪΛ͓Ҿ͖ड͚͍͍ͨͩͨ஑ݪխষڭत, ,तڭӳ༤౻ࡈ ࢠ઒ຑཧेޒ

।ڭतʹް͘ྱޚਃ্͛͠·͢ɽֶҐ৹ࠪΛ௨ͯ͡, ΊΔͨΊͷࣔߴʹͷਂ౓Λ͞Βڀݚ

ࠦΛଟ਺͍͖ͨͩ·ͨ͜͠ͱ, ਃ্͛͠·͢ɽँײ͘ਂ

͞Βʹ, ຊڀݚʹؔ࿈͢ΔڞಉڀݚͷػձΛఏͩͯ͘͞͠ڙΓ, ଟେͳ͝ॿྗΛࣀΓ·

,ʹॴͷօ༷ڀݚ߹ज़૯ٕۀ࢈ͨ͠ ৺ΑΓँײਃ্͛͠·͢ɽಛʹ, ത࢜՝ఔͷؒظΛ௨

,ಋͩͬͨ͘͞ยԬ༟༤ത࢜ʹ͸ࢦͯ͝͡ ਺ଟ͘ͷݐઃతͳٞ࿦΍͝ॿݴΛ௨ͯ͠ڀݚͷ

,ΛఆΊΔखॿ͚Λ͍͖ͨͩ·ͨ͠ɽ͜ͷ৔ΛआΓͯੑ޲ํ ਃ্͛͠·͢ɽྱޚ͘ਂ

,ʹޙ࠷ ৗʹԹ͔͘ݟकΓ, ɽ͢·͍ͨ͠ँײΕͨՈ଒ʹ΋ͯ͑͘ࢧ
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Detecting twenty-thousand classes using image-level supervision. In Proceedings of

the European Conference on Computer Vision (ECCV), pp. 350–368, 2022.

[80] Bolei Zhou, Agata Lapedriza, Jianxiong Xiao, Antonio Torralba, and Aude Oliva.

Learning deep features for scene recognition using places database. In Proceedings

of the Neural Information Processing Systems (NeurIPS), Vol. 27, 2014.

[81] Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization.

arXiv preprint arXiv:1412.6980, 2014.

[82] Shangchen Zhou, Jiawei Zhang, Wangmeng Zuo, and Chen Change Loy. Cross-scale

internal graph neural network for image super-resolution. In Proceedings of the

Neural Information Processing Systems (NeurIPS), pp. 3499–3509, 2020.

[83] Ben Niu, Weilei Wen, Wenqi Ren, Xiangde Zhang, Lianping Yang, Shuzhen Wang,

Kaihao Zhang, Xiaochun Cao, and Haifeng Shen. Single image super-resolution via a

holistic attention network. In Proceedings of the European Conference on Computer

Vision (ECCV), pp. 191–207, 2020.

99



ݙจߟࢀ

[84] Yiqun Mei, Yuchen Fan, and Yuqian Zhou. Image super-resolution with non-local

sparse attention. In Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition (CVPR), pp. 3517–3526, 2021.

[85] Zheng Chen, Zongwei Wu, Eduard Zamfir, Kai Zhang, Yulun Zhang, Radu Tim-

ofte, Xiaokang Yang, Hongyuan Yu, Cheng Wan, Yuxin Hong, et al. Ntire 2024

challenge on image super-resolution (x4): Methods and results. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops

(CVPRW), pp. 6108–6132, 2024.

[86] Yi Zheng, Yifan Zhao, Mengyuan Ren, He Yan, Xiangju Lu, Junhui Liu, and Jia

Li. Cartoon face recognition: A benchmark dataset. In Proceedings of the ACM

International Conference on Multimedia, pp. 2264–2272, 2020.

[87] Lukas Bossard, Matthieu Guillaumin, and Luc Van Gool. Food-101–mining discrim-

inative components with random forests. In Proceedings of the European Conference

on Computer Vision (ECCV), pp. 446–461, 2014.

[88] Tao Dai, Jianping Wang, Hang Guo, Jinmin Li, Jinbao Wang, and Zexuan Zhu.

Freqformer: Frequency-aware transformer for lightweight image super-resolution. In

Proceedings of the International Joint Conference on Artificial Intelligence (IJCAI),

pp. 731–739, 2024.

[89] Xintao Wang, Liangbin Xie, Ke Yu, Kelvin C.K. Chan, Chen Change Loy, and

Chao Dong. BasicSR: Open source image and video restoration toolbox. https:

//github.com/XPixelGroup/BasicSR, 2022.

100



ݙจߟࢀ

[90] Jianwei Li, Yongtao Wang, Haihua Xie, and Kai-Kuang Ma. Learning a single

model with a wide range of quality factors for jpeg image artifacts removal. IEEE

Transactions on Image Processing, Vol. 29, pp. 8842–8854, 2020.

[91] Jiaxi Jiang, Kai Zhang, and Radu Timofte. Towards flexible blind jpeg artifacts

removal. In Proceedings of the IEEE/CVF International Conference on Computer

Vision (ICCV), pp. 4997–5006, 2021.

[92] Xinqi Lin, Jingwen He, Ziyan Chen, Zhaoyang Lyu, Bo Dai, Fanghua Yu, Yu Qiao,

Wanli Ouyang, and Chao Dong. Diffbir: Toward blind image restoration with gener-

ative diffusion prior. In Proceedings of the European Conference on Computer Vision

(ECCV), pp. 430–448, 2024.

101


