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概要 

アリストテレスの時代から、「言語」はヒトと動物を隔てる決定的な性質であると考えら

れてきました。私たち人間は、単語を用いて物 事を示したり、それらを組み合わせて文章

をつくり会話しますが、動物の鳴き声は単なる感情の表れにすぎないと捉えられてきたの

です。 しかし、この二分は本当に正しいのでしょうか？ たしかに、感情を伝える音声だ

けでもうまく意思疎通がとれる動物もいるでしょうが、 研究者たちは動物たちのコミュニ

ケーションをどれほど詳細に解明できているのでしょうか？ 私は、この疑問を胸に、シ

ジュウカラの鳴き声について研究を続けてきました。 

シジュウカラは都市部から山地まで広く見られる私たちに身近な野鳥です。15年以上に

わたる野外研究の成果として、シジュウカラは 捕食者の種類を示したり仲間を集めたりす

るための様々な鳴き声をもつことがわかってきました。さらに、彼らはこれらの鳴き声を

組み合わせ、より複雑なメッセージ作ることまでできるのです。 

さらに、野外において認知実験をおこなうことで、聞き手のシジュウカラは、鳴き声の

示す対象をイメージしたり、音列に文法のルール を当てはめることで情報を読み解いてい

ることもわかってきました。これらの発見は、私たちが普段会話のなかで使っている認知

能力を動物において初めて実証した成果であり、言語の進化に迫る上でも大きな糸口を与

えるはずです。 

本講演では、上記の研究内容を紹介しながら、野外観察や行動実験から動物たちの豊か

な会話の世界にどのように迫れるのか、その新たな学問の枠組み（動物言語学）について

もご紹介したいと思います。 
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ղ૾ը૾͔ΒͷখྖҬମͷݕग़ख๏ͷݕ౼
Investigation of a method for detecting small objects from

low-resolution images
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Abstract: ग़͢Δख๏ΛఏҊͨ͠ɽશఱը૾ͰͷௗݕಈΛߦϨϯζʹΑΔશఱը૾͔Βௗͷ؟ڕ
ͷը૾খ͘͞ɼม͠ܗͳ͕ΒҠಈ͢ΔͨΊɼମख๏ͷద༻ࠔͰ͋Δɽ·ͨɼͷࢬʹΑ
ΔΦΫϧʔδϣϯௗΛݕग़͢Δ͜ͱΛ͍ͯ͘͠͠ΔɽຊߘͰɼௗࣗମͷݕग़Ͱͳ͘ɼௗͷߦ
ಈʹͮ͘جը૾্ͷಈ͖ʢௗࣗମͷಈ͖ͱͱʹɼௗͷߦಈʹΑͬͯੜͨ͡ͷࢬͷ༳ΕʣͷΦϓ
ςΟΧϧϑϩʔΛݕग़͠ɼௗͷߦಈΛݕ͢Δ͜ͱΛ͍ͯ͠ࢦΔɽௗɼӋ͖ͨʹΑΔมܗΛ
͍ը૾ΛҠಈ͢ΔͨΊɼௗͷҠಈํͱҟͳΔΦϓςΟΧϧϑϩʔΛൃੜ͍ͤͯ͞Δɽͦͷͨ
Ίɼ୯७ʹΦϓςΟΧϧϑϩʔΛݕग़͢Δ͚ͩͰௗͷߦಈΛݕͰ͖ͳ͍ɽ·ͨɼ෩ʹΑΔͷࢬ
ͷ༳ΕͱௗͷߦಈʹΑΔͷࢬͷ༳ΕΛผ͢Δඞཁ͕͋ΔɽఏҊख๏ͰɼΦϓςΟΧϧϑϩʔͷ
ൃੜ͢ΔྖҬͷҠಈΛݕ͢Δ͜ͱʹΑΓɼ෩ʹΑΔͷ༳ΕʹΑͬͯੜ͡ΔΦϓςΟΧϧϑϩʔΛ
ഉআ͠ɼௗͷߦಈݕग़Λ͍ͯͬߦΔɽ

1 ͡Ίʹ

ௗͷੜଶ؍ଌɼௗྨֶͰͷ՝͚ͩͰͳ͘ɼڥ
อޢɼػۭߤͷ҆શ֬อͳͲɼ༷ʑͳͰඞཁͱ͞
Ε͍ͯΔɽͦͷͨΊɼௗͷ໐͖ө૾Λه͠ɼͦ
ͷௗͷڥݩ࣍ࡾதͰͷҐஔछྨΛಛఆ͢Δ༷ʑͳ
ख๏͕։ൃ͞Ε͖ͯͨ [1, 2]ɽ
ը૾ใ͔ΒͷௗͷҐஔਪఆɼ෩ܠը૾Ͱͷௗ

͕খ͘͞ͳͬͯ͠·͏ͨΊɼݕग़͓Αͼछྨࣝผ؆୯
ͳͷͰͳ͔͕ͬͨɼ͔ͭزͷఏҊ͕ͳ͞Ε͍ͯΔɽ
ΒɼCNNڮ٢ (Convolutional Neural Network)ʹج
ͮ͘෩ྗൃిॴͰͷௗͷݕग़ํ๏ΛఏҊ͓ͯ͠Γ [4]ɼ
·ͨɼෳͷCNNߏ͔ΒಘΒΕΔਂମಛΛ
Έ߹ΘͤΔ͜ͱͰ෩ܠγʔϯதͰখ͑͘͞ݟΔௗͷݕ
ग़ʹಛԽͨ͠ख๏ఏҊ͍ͯ͠Δ [5]ɽ໐͖ʹΑΔҐ
ஔਪఆఏҊ͞Ε͖͓ͯͯΓɼGaykΒɼ8ݸͷϚΠ
Ϋ͔ΒΔϚΠΫϩϗϯΞϨΠʹΑͬͯɼඈᠳ͢Δ
Δ͍ͯͬߦͷ໐͖ͷҐஔਪఆΛࢢ [3]ɽVemeyckenΒ
ɼ64ݸͷϚΠΫ͔ΒΔɼΑΓີߴͷϚΠΫϩϗ
ϯΞϨΠΛ༻͍ͯɼܘ 75̼ͷൣғͰͷௗͷ໐͖ͷ
ҐஔΛఆҐ͢Δ͜ͱʹޭͨ͠ [6]ɽ·ͨɼॅ୩Βɼ8

∗࿈བྷઌɿ ౦ۀژେֶ
152-8552 ౦ژ۠ࠇେԬࢁ 2–12–1 W8-30
E-mail: nishida@sc.e.titech.ac.jp

ͷϚΠΫ͔ΒΔϚΠΫϩϗϯΞϨΠTAMAGO-03ݸ

Λ༻͍ɼ̙̏ڥͰͷԻͱө૾ͷ྆ऀΛऩ͠ɼ໐
͖ղੳͷͨΊͷιϑτΣΞHARKBird։ൃͯ͠
͍Δ [7]ɽ͔͠͠ɼ࣮ڥͰऩ͞ΕͨԻσʔλʹɼ
௨ৗɼϊΠζ͕ଟؚ͘·ΕΔͨΊɼݕग़ਫ਼ͷӨڹ
೦͞ΕΔɽΒɼԻใʹΑΓେ·͔ͳҐݒ͕
ஔਪఆΛ͍ߦɼͦͷۙͷը૾ใʹΑΓௗݕग़Λߦ
͏ɼ2ͭͷϞμϦςΟΛΈ߹Θͤͨख๏Λ։ൃ͠ɼਫ਼
্Λ͍ͯ͠ࢦΔ [8]ɽ͜ͷख๏ͰɼέʔδͰ
ͷύϊϥϚը૾͔ΒΞϊςʔγϣϯ͞Εͨௗͷֶश
σʔληοτΛߏங͓ͯ͠Γɼௗͷ͑ݟ͕࢟ΔڥͰ
ͷ༗ޮੑ͕ࣔ͞Ε͍ͯΔɽ
ຊߘͰରͱ͢Δը૾ɼઍ༿ࠤݝࢢʹઃ͚ͨ
খ͍͕ͩ࢟͞ը૾Ͱ͋ΓɼௗͷٿϨϯζʹΑΔ؟ڕ
͚Ͱͳ͘ɼथʹΑΔӅΕ͕ੜ͓ͯ͡Γɼඞͣ͠ௗ
ͷ࢟Λଊ͑Δ͜ͱ͕ՄͰͳ͍ɽͦ͜Ͱɼը૾ʹ
ௗʹΑͬͯੜͨ͡ಈ͖ʢௗࣗମͷಈ͖ɼ͋Δ͍ɼௗ
ʹΑΔͷࢬͷಈ͖ʣΛଊ͑Δ͜ͱʹΑΓɼௗͷݕग़
ʹ͑Δख๏ΛఏҊ͢ΔɽຊఏҊख๏ͰɼௗʹΑΔ
ͷࢬͷಈ͖ͱɼ෩ʹΑΔͷࢬͷಈ͖Λหผ͠ɼௗ
ʹΑΔಈ͖ͷΈΛநग़͢Δ͜ͱ͕ཁͱͳΔɽୈ 2અ
ʹͯຊߘͷରͱ͢Δը૾σʔλʹ͍ͭͯͷɼୈ 3

અͰఏҊख๏ͷৄࡉΛड़Δɽୈ 4અʹ࣮ͯ݁ݧՌ
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ਤ 1: શఱը૾ͷྫ

ਤ 2: ͷಈ͖ʹΑΔΦϓςΟΧϧϑϩʔࢬ

ͷ֓ཁΛࣔ͠ɼୈ 5અͰ݁ͱޙࠓͷ՝ʹ͍ͭͯड़
Δɽ

2 ը૾σʔλͷ֓ཁ

ຊߘͰ༻ͨ͠ը૾σʔλɼ؟ڕϨϯζʹΑΔશఱ
ʢٿʣը૾Ͱ͋Γɼग़ͷલޙ ɼͦͷଞؒ࣌1 1

ʹͱؒ࣌͝ 10ͮͭըͨ͠ͷͰɼಉ࣌ʹDACHO

ϚΠΫϩϗϯΞϨΠͰͷଟνϟϯωϧԻ͍ͯͬߦ
ΔɽΧϝϥ 4͔ॴʹઃஔ͞Ε͓ͯΓɼͷଟ͍ͷɼ
ۭͷΊΔ໘ੵͷେ͖͍ͷͳͲɼͦΕͧΕҟͳΔ
ͷը૾͕ऩ͞Ε͍ͯΔʢਤ 1ʣɽ
ը૾ʹݱΕΔௗͷߦಈɼௗͷ࢟͋·Γͣ͑ݟ

ͷࢬΛΔͷɼதۭΛඈͿͷʹେผ͢Δ͜ͱ͕Ͱ
͖ΔɽͷࢬΛΔͷௗͷ͕࢟΄ͱΜͲ͑ݟͳ͍
͕ɼௗͷಈ͖ʹ͍ͷ͕ࢬಈ͍͍ͯΔɽʢਤ 2ʣɽҰ
ํɼதۭΛඈͿௗɼը૾ͱͯ͠খ͘͞ɼม͠ܗͳ͕
ΒҠಈ͢ΔͨΊʢਤ 3ʣɼମݕग़ΞϧΰϦζϜΛద༻
͢Δ͜ͱ؆୯Ͱͳ͍ɽͦ͜Ͱɼը૾্ͷಈ͖ʢΦ
ϓςΟΧϧϑϩʔʣΛखֻ͔Γʹɼௗͷݕग़Λ͏ߦख
๏Λݕ౼ͨ͠ɽ

ਤ 3: தۭΛඈͿௗʹΑΔΦϓςΟΧϧϑϩʔ

ਤ 4: ΦϓςΟΧϧϑϩʔઈରͷώʔτϚοϓ
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3 ΦϓςΟΧϧϑϩʔʹΑΔௗݕग़
ख๏

ຊߘͰରͱͨ͠ը૾ɼݕग़ରͱͳΔର͕খ
͘͞ɼ·ͨɼഎܠը૾ͷ෦ʹٸफ़ͳًޯͱ͔ࡉ
͍ςΫενϟ͕͋ΔͨΊɼΦϓςΟΧϧϑϩʔͷయܕ
తͳख๏Ͱ͋Δ Lucas-Kanade๏ʢ[9]ʣͰɼॆͳ
ΦϓςΟΧϧϑϩʔΛݕग़͢Δ͜ͱ͕Ͱ͖ͳ͔ͬͨɽҰ
ํɼFarneback๏ʢ[10]ʣ๏ͰΦϓςΟΧϧϑϩʔΛٻ
Ί͕ͨɼ͍͔ࡉಈ͖มܗΛͱΒ͑ΔͨΊɼඈΜͰ͍
Δௗʹରͯ͠ௗશମͷಈ͖Ͱͳ͘ɼӋ͖ͨͳͲͷ
ը૾্ͰͷมܗʹΑΔΦϓςΟΧϧϑϩʔΛଊ͑ͯ͠
·͍ͬͯΔʢਤ 3ʣɽඈͿௗʹΑΔΦϓςΟΧϧϑϩʔ
ௗͷඈํߦΛ͍ࣔͯ͠ͳ͍͕ɼௗͷҠಈʹ͍
ΦϓςΟΧϧϑϩʔΛྖͭ࣋Ҭ͕Ҡಈ͍ͯ͠Δɽͦ͜
ͰɼΦϓςΟΧϧϑϩʔΛྖͭ࣋ҬͷҠಈΛݕग़͢Δ
͜ͱʹΑͬͯɼௗͷݕग़Λ͏ߦʢਤ 4ʣɽ
ΦϓςΟΧϧϑϩʔʹΑΔௗݕग़Λࡍ͏ߦʹ՝ͱ

ͳΔͷɼ෩ͳͲʹΑΔͷಈ͖ʹΑͬͯੜ͡Δϑϩʔ
ͱௗʹΑͬͯੜ͡ΔϑϩʔͷหผΛࣄ͏ߦͰ͋Δɽௗ
ͷߦಈʹͮ͘جΦϓςΟΧϧϑϩʔͱ෩ʹΑΔͷࢬ
ͷ༳ΕͷΦϓςΟΧϧϑϩʔͷҧ͍ҎԼͷΑ͏ʹߟ
͑ΒΕΔɽ

• ௗͷ׆ಈʹͮ͘جΦϓςΟΧϧϑϩʔͷൃੜ͢Δ
ྖҬɼௗͷҠಈʹ͍Ҡಈ͢Δ

• ෩ʹΑΔͷࢬͷ༳Εʹͮ͘جΦϓςΟΧϧϑ
ϩʔɼ΄΅ಉ͡ҐஔͰੜ͡ɼҠಈൣғ͍ڱ

͜ΕʹΑΓɼ෩ʹΑͬͯੜ͡ΔΦϓςΟΧϧϑϩʔɼ
ͦͷൃੜ͢ΔྖҬ͕େ͖͘Ҡಈͤͣɼ͍ؒ࣌ଳͰ
ൣ͍ڱғΛҠಈ͍ͯ͠Δͱ͑ߟΒΕΔɽͦ͜Ͱɼۭ
ؒతʢը૾ʣͰͷεϜʔδϯάͱํؒ࣌ͰͷεϜʔ
δϯάΛΈ߹ΘͤΔ͜ͱʹΑͬͯɼϑϩʔΛൃੜ͢
ΔྖҬͷҠಈ෯খ͘͞อͭ͜ͱ͕Ͱ͖Δɽ͜ΕʹΑ
ΓɼΦϓςΟΧϧϑϩʔΛൃੜ͢ΔྖҬ͕Ҡಈ͢Δ
ͷΛɼௗͷߦಈͱͯ͠ݕͰ͖Δɽ
ఏҊख๏ͷखॱΛҎԼʹࣔ͢ (ਤ [5ʣɽͨͩ͠ɼ࣌

ࠁ t ͷϰΟσΦϑϨʔϜΛ vt ͱ͠ɼF ΦϓςΟΧ
ϧϑϩʔΛٻΊΔؔʢຊߘͰ Farneback๏Λ༻͍
ͨʣɼG(x, σs) σsΛࢄͱͨ͠ೋݩ࣍ͷฏԽؔɼ
G(s, σt)ภࠩ sʹରͯ͠ σtΛࢄͱͨ͠Ψεؔɼ
B(x, δ) δΛᮢͱͨ͠ೋԽؔɼD(x,y)ϕΫ
τϧ xͱϕΫτϧ yͷཁૉؒͷڑΛ૯ͨΓͰग़ྗ
͢Δؔͱ͢Δɽ

1. ࠁ࣌ tͰͷΦϓςΟΧϧϑϩʔ f t = F(vt)Λٻ
ΊΔ

2. ΦϓςΟΧϧϑϩʔͷઈରΛࢄ σsͷΨε
ؔͰฏԽ͢Δɿ gt = G(||f t||, σs)

3. ۭؒతʹฏԽ͞ΕͨΦϓςΟΧϧϑϩʔ gt ʹ
ରͯ͠ɼࢄ σtͷΨεॏΈͰҠಈฏۉΛͱΔɿ

ht =

t+s

i=t−s

G(s, σt)gi

4. Խ͞ΕͨΦϓςΟΧϧϑϩʔΛೋతʹฏۭؒ࣌
Խ͢Δ: bt = B(ht, δ)

5. ೋը૾தͷΦϓςΟΧϧϑϩʔͷଘ͢ࡏΔʢෳ
ͷʣྖҬͷॏ৺ΛٻΊΔɿ ct = C(bt)

6. 5ͰٻΊͨྖҬॏ৺ͱҰͭલͷϑϨʔϜͷྖҬॏ
৺ͱͷ૬ڑޓΛଌΔ: Dt = D(ct, ct−1)

7. ࠁ࣌ tͰͷྖҬॏ৺ cit͔Βͯݟɼࠁ࣌ t−1ͷ࠷
͍ۙྖҬॏ৺ͱͷڑΛ di

t ͱͯ͠ θl < di
t < θh

ͷ࣌ɼcit ΛɼௗʹΑͬͯੜͨ͡ΦϓςΟΧϧϑ
ϩʔྖҬͷॏ৺ͱ͢Δ

खॱ 4ͷೋԽʹΑΓɼΦϓςΟΧϧϑϩʔͷଘࡏ
͢ΔྖҬͱଘ͠ࡏͳ͍ྖҬͷɼը૾্Ͱͷׂ͕ߦΘ
ΕΔɽखॱ 5͔Β 7ɼखॱ 4ͰٻΊͨΦϓςΟΧϧϑ
ϩʔྖҬͷॏ৺ͷΛ͍ͯͬߦΔɽଈͪɼࠁ࣌ t− 1

ͱࠁ࣌ tؒͰ࠷͍ۙϑϩʔྖҬಉ࢜ͷڑΛྖҬॏ৺
ͷҠಈྔͱ͑ߟɼҠಈྔ͕ θlΑΓখ͞ͳྖҬࢬͷ༳
ΕʹΑΔϑϩʔͰ͋Δͱ͠ɼθhΑΓҠಈྔ͕େ͖ͳ
ͷରԠ͢ΔϑϩʔྖҬ͕ͳ͔ͬͨͷͱ͍ͯ͠Δɽ

4 Ռ݁ݧ࣮

෩͕͘ڧथͷಈ͖͕େ͖͍߹ͷݕग़݁ՌΛਤ 6

ʹࣔ͢ɽΦϓςΟΧϧϑϩʔݕग़Ͱɼ෩ʹΑΔͷ
ಈ͖ʹΑΔϑϩʔ͕ଟݕग़͞Ε͍ͯΔ͕ɼఏҊख๏
ͰௗͷҠಈʹΑΔϑϩʔͷ෦ͷΈ͕ݕग़Ͱ͖͍ͯ
Δɽ͔͠͠ɼํؒ࣌ͷฏԽΛ͘औΓա͗ͨͨΊɼ
ௗͷҠಈʹରԠ͖͠Ε͍ͯͳ͍γʔέϯε͕ଘࡏ
ͨ͠ɽ
ਤ 7ʹɼௗͷ࢟ࢬʹӅΕ͍ͯΔ߹ͷɼௗʹΑΔ
ग़݁ՌΛࣔ͢ɽ͜ͷྫͰɼ෩ʹΑΔͷݕͷಈ͖ͷࢬ
ಈ͖΄ͱΜͲͳ͍ͨΊɼࢬͷಈ͖ʹΑΔϑϩʔΛݕ
ग़͢Δ͜ͱͰௗͷಈ͖ݕग़Λ͏ߦɽ͕ࢬ୯७ʹ༳Εͯ
͍Δ߹ͷϑϩʔௗͷಈ͖ͱͯ͠ݕग़͞Εͣɼࢬ
ͷ༳ΕΔྖҬʢϑϩʔͷੜ͡ΔྖҬʣ͕Ҡಈ͢Δ߹
ʹɼௗͷಈ͖ͱͯ͠ݕग़Ͱ͖͍ͯΔɽ

5 ݁ͱޙࠓͷ՝

ຊߘͰɼղ૾ͰӅΕ͕සൃ͢Δը૾͔ΒɼΦ
ϓςΟΧϧϑϩʔΛखֻ͔ΓʹௗͷߦಈΛݕग़͢Δख
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ਤ 5: ௗͷಈ͖ݕग़ͷखॱ

ਤ 6: ෩ͷ͍ڧ߹ͷݕग़

ਤ 7: ௗʹΑΔࢬͷಈ͖Λݕग़
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๏ΛఏҊͨ͠ɽఏҊख๏Ͱͷ՝ɼഎܠͱͳΔͷ
෩ʹΑΔΦϓςΟΧϧϑϩʔͱɼௗͷߦಈʹΑͬͯੜ
ͨ͡ΦϓςΟΧϧϑϩʔΛหผ͢ΔࣄͰ͋ͬͨɽௗͷ
ಈʹΑͬͯੜ͡ΔΦϓςΟΧϧϑϩʔɼϑϩʔ͕ߦ
ੜ͡ΔྖҬ͕ௗͱͱʹҠಈ͢Δͷʹର͠ɼ෩ʹΑΔ
ΦϓςΟΧϧϑϩʔɼ΄΅ಉ͡ҐஔͰԟ෮͢Δɽ͜
ΕΛར༻͠ɼಘΒΕͨΦϓςΟΧϧϑϩʔը૾ʹۭ࣌
ؒతͳฏԽΛ͔͚Δ͜ͱͰɼ෩ʹΑΔΦϓςΟΧϧ
ϑϩʔΛഉআ͠ɼௗͷߦಈʹΑΔΦϓςΟΧϧϑϩʔ
ΛࣝผͰ͖ΔΑ͏ʹͳͬͨɽ
Խͷύϥϝʔλঢ়ɼۭؒతฏݱ σsɼํؒ࣌ͷฏ

Խύϥϝʔλ σtɼೋԽᮢ δɼྖҬॏ৺ͷҠಈڑ
ʹର͢Δᮢ θlɼθhɼओʹ෩ʹΑΔը૾എܠͷಈ
͖ʹରͯ͠ௐ͕ඞཁͰ͋Δɽޙࠓͷ՝ɼ෩ͳ
ͲͷڥʹదԠͨ͠ύϥϝʔλͷࣗಈௐɼॲཧͷޮ
Խ͕͑ߟΒΕΔɽ
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PyHARK: HARK

Python
PyHARK: HARK Python package supporting online and offline processing

1∗ 2 1,2
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Abstract: HARK 3.4

PyHARK HARK PyHARK HARK Python

Python HARK

HARK

1

2008

HARK [1, 2, 3, 4, 5, 6, 7, 8, 9]1

[10, 11, 12, 13, 14, 15]

2022 11 23 HARK

3.4 PyHARK
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1https://hark.jp/
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4https://azure.microsoft.com/ja-jp/products/visual-studio-code/
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2 HARK Python

HARK PyHARK

PyHARK
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1a) HARK HARK 3.4

HARK

OS (Ubuntu OS) HARK

harkmw [16]

harkmw

HARK

HARK

HARK

HARK

XML “n” n

XML

HARKDesigner

GUI n
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c) PyHARK online
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d) PyHARK offline

1: HARK

n harkmw

harkmw n

XML Parsing n

HARK

1 harkmw

pybind115 C/C++

2

• C/C++

10ms

•
harkmw

6

n GUI

2.2 PyHARK

HARK

HARK

Python

5https://github.com/pybind/pybind11
6Perl ”-n”

Jupiter notebook Visual Studio Code Python

HARK Python

HARK Python

PyHARK PyHARK

1b) HARK

pybind11 Python

Python ”import hark”

Python HARK

harkmw

•
•

harkmw

Python

10 50ms

1b)

AudioStreamFromMic, MultiFFT, Localize-

MUSIC, GHDSS

MultiFFT

LocalizeMUSIC

1b)

AudioStreamFromMic GHDSS
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HARK

1b)

HARK harkmw

HARK

3 PyHARK

PyHARK

HARK Python

HARK C++

Eigen

OSS

3.1 PyHARK

1c) PyHARK

HARK

Python

harkmw n

Parsing

harkmw

PyHARK

Publisher, Subscriber

n python

1c)

HARK C/C++

Python

probe

pybind11

3.2 PyHARK

1d) PyHARK

n

Python

HARKDesigner

XML

Python

Keras

fit()

fit generator()
7

PyHark

fit generator()

PyHARK

Python

HARK Python 2

pybind11

4 PyHARK

PyHARK

Listing 1 2

MUSIC

HARK MultiFFT, LocalizeMUSIC,

SourceTracker

Listing 1: pyhark-online-sample.py

1 #! /usr/bin/env python
2 # -*- coding : utf -8 -*-

7 fit generator() fit()
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3

4 import sys
5 import threading
6 import time
7 import numpy
8 import soundfile
9 import hark
10 import plotQuickSourceKivy
11

12 #
13 nch = 8
14 winlen = 512
15 advance = 160
16

17 # HARK(Localize)
18 class HARK_Localize(hark.NetworkDef):
19 def build(self ,
20 network: hark.Network ,
21 input: hark.DataSourceMap ,
22 output: hark.DataSinkMap):
23

24 #
25 node_audio_stream_from_memory = network.

create(hark.node .AudioStreamFromMemory)
26 node_multi_fft = network.create(hark.node.

MultiFFT)
27 node_localize_music = network.create(hark.

node.LocalizeMUSIC)
28 node_cm_identity_matrix = network.create(

hark.node.CMIdentityMatrix , dispatch=hark
.RepeatDispatcher)

29 node_constant = network.create(hark.node.
Constant , dispatch=hark.RepeatDispatcher)

30 node_source_tracker = network.create(hark.
node.SourceTracker)

31 node_plotsource_kivy = network.create(
plotQuickSourceKivy.plotQuickSourceKivy)

32

33 try:
34 #
35 r = [
36 node_audio_stream_from_memory
37 .add_input("INPUT", input ["

INPUT"])
38 .add_input("CHANNEL_COUNT", nch

)
39 ,
40 node_multi_fft
41 .add_input("INPUT",

node_audio_stream_from_memory
["AUDIO"])

42 ,
43 node_cm_identity_matrix
44 .add_input("NB_CHANNELS", nch)
45 .add_input("LENGTH", winlen)
46 ,
47 node_constant
48 .add_input("VALUE", True)
49 ,
50 node_localize_music
51 .add_input("INPUT",

node_multi_fft["OUTPUT"])
52 .add_input("NOISECM",

node_cm_identity_matrix["
OUTPUT "])

53 .add_input("OPERATION_FLAG",
node_constant["OUTPUT"])

54 .add_input("A_MATRIX", "tf.zip"
)

55 .add_input("MUSIC_ALGORITHM", "
SEVD")

56 .add_input("WINDOW_TYPE", "PAST
")

57 .add_input("
LOWER_BOUND_FREQUENCY ", 500)

58 .add_input("
UPPER_BOUND_FREQUENCY ", 2800)

59 .add_input("WINDOW", 50)
60 .add_input("PERIOD", 1)
61 .add_input("NUM_SOURCE", 2)
62 ,
63 node_source_tracker
64 .add_input("INPUT",

node_localize_music["OUTPUT"
])

65 .add_input("THRESH", 25)
66 .add_input("PAUSE_LENGTH",

1200.0)
67 .add_input("MIN_SRC_INTERVAL",

20.0)
68 .add_input("MIN_ID", 0)
69 ,

70 node_plotsource_kivy
71 .add_input("SOURCES",

node_source_tracker["OUTPUT"
])

72 ,
73 ]
74

75 #
76 output.add_input("OUTPUT",

node_source_tracker["OUTPUT"])
77

78 except BaseException as ex:
79 print (’error:�{}’.format(ex))
80

81 return r
82

83 # HARK( MAIN)
84 class HARK_Main(hark.NetworkDef):
85 def __init__(self):
86 hark.NetworkDef.__init__(self)
87

88 def build(self ,
89 network: hark.Network ,
90 input: hark.DataSourceMap ,
91 output: hark.DataSinkMap):
92

93 try:
94 #
95 node_publisher = network.create(hark.

node.PublishData , dispatch=hark.
RepeatDispatcher , name="Publisher")

96 node_subscriber = network.create(hark.
node.SubscribeData , name="Subscriber"
)

97 #
98 loop = network.create(HARK_Localize ,

name="HARK_Localize")
99 except BaseException as ex:

100 print (ex)
101

102 #
103 r = [
104 loop.add_input("INPUT", node_publisher[

"OUTPUT"]),
105 node_subscriber.add_input("INPUT", loop

["OUTPUT"])
106 ]
107

108 return r
109

110 #
111 def received (data):
112 print (’>>>>�received:�{}’.format(data))
113

114 def main(args =sys.argv [1:]):
115

116 # HARK
117 network = hark.Network.from_networkdef(

HARK_Main , name="HARK_Main1")
118

119 #
120 publisher = network.query_nodedef("Publisher")
121 subscriber = network .query_nodedef("Subscriber"

)
122

123 #
124 subscriber.receive = received
125

126 #
127 try:
128 def target ():
129 network.execute ()
130

131 th = threading.Thread(target =network.
execute)

132 th.start()
133 except BaseException as ex:
134 print(ex)
135

136 # (8 ch , 16 bit integer)
137 audio , rate = soundfile.read(’input.wav’, dtype

=numpy. int16)
138

139 # advance (160)
140 frames = numpy.lib.stride_tricks.

sliding_window_view(audio.T, (nch, advance))
[0, :: advance]

141

142 #
143 try:
144 for t in range(frames.shape [0]):
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145 if not th. is_alive ():
146 break
147 print(’<<<<�send:�count={}’.format(t))
148 publisher .push(frames[t,:,:])
149 time.sleep (0.01)
150 finally:
151 publisher.close()
152 network.stop()
153 th.join()
154

155 if __name__ == ’__main__’:
156 main(sys.argv [1:])

Listing 2: pyhark-offline-sample.py

1 #! /usr/bin/env python
2 # -*- coding: utf -8 -*-
3

4 import hark
5 import numpy
6

7 #
8 nch = 8
9 winlen = 512
10 advance = 160
11

12 # (8 ch , 32 bit float)
13 audio , rate = soundfile.read(’input.wav’, dtype=

numpy.float32)
14

15 # ( 512 160)
16 frames = numpy.lib.stride_tricks.

sliding_window_view(audio , winlen , axis=0)[::
advance , :, :]

17

18 multi_fft = hark.node.MultiFFT ()
19 multifft_out = multi_fft(INPUT=frames)
20

21 noisecm = numpy.eye(nch , dtype=numpy.complex64).
flatten()

22 noisecm_bins = numpy.broadcast_to(noisecm , (
multifft_out.OUTPUT.shape [0], multifft_out.OUTPUT
.shape[1], nch*nch))

23 localizemusic_node = hark.node.LocalizeMUSIC ()
24 localizemusic_out = localizemusic_node(INPUT=

multifft_out.OUTPUT , NOISECM=noisecm_bins ,
A_MATRIX=’tf.zip’, MUSIC_ALGORITHM =’SEVD’, PERIOD
=1, WINDOW_TYPE="PAST", WINDOW=50, NUM_SOURCE=2,
LOWER_BOUND_FREQUENCY =500, UPPER_BOUND_FREQUENCY
=2800, ENABLE_OUTPUT_RXXN=True)

25

26 sourcetracker_node = hark.node.SourceTracker ()
27 sourcetracker_out = sourcetracker_node(INPUT=

localizemusic_out.OUTPUT , THRESH =25.0,
PAUSE_LENGTH =1200.0 , MIN_SRC_INTERVAL =20.0 , MIN_ID
=0)

28

29 print (sourcetracker_out.OUTPUT)

Listing 1 n

HARK Main (83–108

) HARK Localize (17–81 )

HARK Main

1

HARK Localize

HARK Main

Publisher, Subscriber

114–153 main

publisher push (148 )

PyHARK

512

137

140 160

HARK

AudioStreamFromMemory (25 )

push

Listing 2

13

float32

8 (

publisher push 512

AudioStreamFromMemory

16

512

160

multi fft

STFT

localizemusic node

sourcetracker node

PyHARK

Python

IoT

5

Listing 1 Listing 2 HARK

input.wav 8 20

0 180

VMWare Player 16

Ubuntu 22.04 OS VM Intel i7-12700K

8
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2:

4 , 32GB

I/O

kivy

OFF

LocalizeMUSIC

50

(PERIOD=50) PERIOD

1

10

2

20

HARK

1.5

HARK PyHARK

PyHARK

C++

Eigen

6

HARK 3.4 Py-

HARK PyHARK HARK

Python

HARK

RaspberryPi ARM

FPGA GPU

PyHARK HARK

ARM, FPGA, GPU
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εϚʔτάϥεΛ༻͍ͨԻڥཧղࢧԉ
Assistance of Sound Scene Understanding with Smart Glasses

٢ҪՂ 1,2∗

Kazuyoshi Yoshii1,2

ՊڀݚେֶେֶӃใֶژ1 2ཧԽֶڀݚॴֵ৽౷߹ڀݚηϯλʔ (AIP)
1Graduate School of Informatics, Kyoto University 2AIP, RIKEN

Abstract: ຊߘͰɼ࣮ڥԼͰͷԻίϛϡχέʔγϣϯΛࢧԉ͢ΔͨΊɼಛఆͷऀͷԻΛ
ϦΞϧλΠϜͰڧௐɾೝࣝɾ༁ɾ֦ு࣮ݱ (AR)දࣔΛ͏ߦεϚʔτάϥεͷ։ൃʹ͍ͭͯհ͢
ΔɽεϚʔτάϥεʹ͞ࡌΕͨϚΠΫΞϨΠ͔ΒಘΒΕΔԻڹ৴߸ɼະͷڥʹ͓͚Δଟͷ
ԻɾࡶԻɾ͕ڹॏͨ͠ͷͰ͋ΓɼԻݯͷҠಈʹՃ͑ͯɼϢʔβࣗͷҠಈ಄෦ͷಈ͖ʹӨ
ͱଈੑ݈ؤͷϕϯνϚʔΫͱຊ࣭తʹ͕͠͞ҟͳΔɽͦͷ͏͑ͰɼڥࣨڀݚΛड͚ΔͨΊɼڹ
ԠੑΛඋ࣮͑ͨ༻γεςϜΛ։ൃ͢Δٕज़తͳνϟϨϯδʹ͍ͭͯղઆ͢Δɽ

1 ͡Ίʹ

ۙɼεϚʔτϑΥϯεϚʔτεϐʔΧʔͷࢦ
ࣔɼࣗಈࣈນɾٞࣄ࡞ͳͲɼৗੜ׆தͰԻೝ
৽ͷਂֶश࠷ΕΔ໘͕૿͑ͭͭ͋Δɽ͞༺׆͕ࣝ
ٕज़ʹͮ͘جԻೝࣝख๏ͰɼܕϚΠΫͰूԻ
͞ΕͨΫϦʔϯͳൃʹର͢Δೝࣝਫ਼ 90%Λ͑
͓ͯΓɼ࣮༻ԽͷٸͳਐలΛ͍ͯ͑ࢧΔɽҰํɼࡶ
Իɾڹͷ͋Δ࣮ڥʹ͓͚ΔԕִൃೝࣝͱͳΔͱɼ
ೝࣝਫ਼͕ 30%ҎԼʹԼ͢Δ͜ͱ͘͠ͳ͍ɽͦ
ͷͨΊɼԕִԻೝࣝͷϑϩϯτΤϯυͱͯ͠ɼϚΠ
ΫΞϨΠͰूԻ͞ΕͨଟνϟωϧԻڹ৴߸ʹର͢ΔԻ
ڧௐڹআڈͷൃ׆͕ڀݚͰ͋Δɽ
զʑͷڀݚάϧʔϓͰɼ൚༻తͳج൫ٕज़ͱͯ͠ɼ

ଟνϟωϧԻݯɾԻڧௐٕज़ͷվળʹܧଓతʹ
औΓΜͰ͖ͨʢୈ 2ষʣɽ۩ମతʹɼߴଟνϟω
ϧඇෛྻߦҼࢠղ (FastMNMF) [1, 2]ΛίΞٕज़
ͱͯ͠ɼਂֶशͷಋೖ [3–6]ɼڹআڈͷ౷߹ [7, 8]ɼ
Իݯͷࣗಈਪఆ [9]ɼ༏ΨεੑԻݯͷରԠ [10]Λ
Ҋͨ͠ɽҰ࿈ͷٕज़ɼԕִԻೝࣝͷϑϩϯτΤߟ
ϯυͱͯ͠༗༻Ͱ͋ΓɼΞϯυϩΠυϩϘοτʹΑΔ
ԻରͷԠ༻Λఆ͍ͯ͠Δɽ
কདྷ༗ͳผͷԠ༻ͱͯ͠ɼ݈ৗ ɾऀௌ֮ো֕ऀํ

ʹ༗༻ͳɼεϚʔτάϥεΛ༻͍ͨԻίϛϡχέʔ
γϣϯࢧԉʹऔΓΜͰ͍Δʢୈ 3ষʣɽ۩ମతʹɼ
ϚΠΫΞϨΠɾΧϝϥΛ༻͍ͯࢹௌ֮ใΛऔಘ͠ɼಛ
ఆऀͷԻΛڧௐͨ͠͏͑ͰɼϦΞϧλΠϜͰԻ
ೝࣝɾ༁݁ՌΛ֦ு࣮ݱ (AR)දࣔ͢Δ [11–13]ɽ͠
͔͠ɼηϯαʔྨΣΞϥϒϧσόΠεʹ͞ࡌΕ

∗࿈བྷઌɿژେֶେֶӃใֶڀݚՊใֶઐ߈
ɹɹɹɹɹɹ˟ ٢ాຊொ۠ژࠨࢢژژ606-8501
ɹɹɹɹɹɹ E-mail: yoshii@i.kyoto-u.ac.jp

͍ͯΔͨΊɼϢʔβͷҠಈ಄෦ͷಈ͖ʹର͢Δ݈ؤ
ੑʹՃ͑ͯɼϦΞϧλΠϜੑʢԆʣٻΊΒΕɼݚ
ͷϕϯνϚʔܕΔ౷తͳΦϑϥΠϯ͚͓ʹڥࣨڀ
Ϋͱຊ࣭తʹ͕͠͞ҟͳΔɽ
ຊߘͰɼଟνϟωϧԻݯʹ͓͚Δզʑͷݙߩ
Λମܥతʹղઆ͠ɼεϚʔτάϥεͷԠ༻ʹؔ͢Δ
ઌۦతऔΓΈΛ௨ͯ͡ޙࠓΛల͢Δʢୈ 4ষʣɽ

2 ଟνϟωϧԻݯɾڹআڈ

զʑͷڀݚάϧʔϓɼ൚༻ϒϥΠϯυԻݯ (BSS)
ͷચ࿅ԽʹܧଓతʹऔΓΈɼཧ໘ͰҰఆͷΛ
ΈͨͱͯͬݴΑ͍ɽ͜Ε·ͰɼBSSʹ͓͍ͯɼ؍
ଌԻͷੜϞσϧʹͮ͘ج౷ܭతΞϓϩʔν͕͘༻
͍ΒΕ͖ͯͨɽதͰɼଟνϟωϧඇෛྻߦҼࢠղ
(MNMF) [14]ɼϑϧϥϯΫۭؒڞͮ͘جʹྻߦࢄ
ۭؒϞσϧͱɼඇෛྻߦҼࢠղ (NMF)ʹͮ͘جԻ
༺ϞσϧΛ౷߹ͨ͠൚ݯ BSSख๏ͱͯ͠͞Ε͍ͯ
Δɽ͔͠͠ɼࢉܭෛՙ͕աେͰ͋ΓɼہॴղʹؕΓ͢
͍͕ܽ͋ͬͨɽಠཱϥϯΫྻߦੳ (ILRMA) [15]
ͰɼۭؒڞྻߦࢄΛϥϯΫ ܭΔ͜ͱͰɼ͢ݶ੍ʹ1
ڹΔ͕ɼ͍ͯ͠ݮґଘੑΛܰظɼॳ͠ݮΛྔࢉ
ʹର͢Δ͕ੑ݈ؤԼ͢Δঈ͕͋ͬͨɽ
ਫ਼ͳߴ͔ͭߴզʑ͕ఏҊͨ͠ɼۙ࠷ BSSख๏Ͱ
͋ΔߴଟνϟωϧඇෛྻߦҼࢠղ (FastMNMF)
[1,2]ͰɼۭؒڞྻߦࢄͷϑϧϥϯΫੑΛอͪͭͭ
ɼಉ࣌ର֯Խ੍Λಋೖ͢Δ͜ͱͰɼྔࢉܭͷݮ
ͱਫ਼ͷվળΛཱ྆͢Δ͜ͱʹޭͨ͠ɽ͞Βʹɼ
FastMNMF֤෦ͷຊ࣭తͳ֦ுΛ͍ߦɼ֬తͳ
ΈͷਂֶशͷಋೖΛ࣮ͨ͠ݱʢਤ 1ʣɽ

人工知能学会第二種研究会資料
        AIチャレンジ研究会
     SIG-Challenge-061-05
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⋯
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ਤ 1: FastMNMFΛத৺ͱͨ͠ଟνϟωϧԻݯٕज़ମܥ

2.1 ϑϧϥϯΫۭؒڞࢄੳͷܥේ

·ͣɼϑϧϥϯΫۭؒڞͮ͘جʹྻߦࢄ BSSख๏
ͷྺ࢙Λཧ͓ͯ͘͠ɽҰ࿈ͷڀݚͷൃͱͳͬͨͷ
ɼDuongΒ पฏؒ࣌ͷݯҊͨ͠ɼԻߟ͕[16]
໘্ͷύϫʔεϖΫτϧີΛද͢ݱΔԻݯϞσϧͱɼ
ϚΠΫؒͷ૬ؔʢҐ૬ࠩʣΛද͢ݱΔۭؒϞσϧ͔Β
ͳΔϑϧϥϯΫۭؒڞࢄੳ (FCA)Ͱ͋ΔɽFCA
౷Ұతͳ֬Ϟσϧͷ࠷ਪఆʹରԠ͓ͯ͠Γɼֶ
తʹݟ௨͕͠ྑ͘ɼ൚༻ੑ͕͍ߴҰํͰɼԻݯɾۭؒ
Ϟσϧͷࣗ༝͕͗͢ߴΔΏ͑ʹɼཧతʹଥͳύ
ϥϝʔλΛਪఆ͢Δ͜ͱ༰қͰͳ͔ͬͨɽ
ᖒాΒ [14]ɼϥϯΫԻݯϞσϧʹͮ͘جଟνϟω

ϧඇෛྻߦҼࢠղ (MNMF)ΛߟҊͨ͠ɽMNMF
ͰɼԻݯͷύϫʔεϖΫτϧີඇෛྻߦҼࢠ
ղ (NMF)Ͱද͞ݱΕ͓ͯΓɼύϥϝʔλͷ࠷ਪఆʹ
ऩଋอূ͖ͷMajorization-Minimization (MM) Ξ
ϧΰϦζϜΛ༻͍ͨͰըظతͰ͋Δɽ͔͠͠ɼίε
τؔʢෛͷରʣͷ্ؔݶΛಋग़͢Δաఔʹ
৽ଇϦοߋͷྻߦࢄڞΓ͕͋ΓɼϑϧϥϯΫۭؒޡ
Χνํఔࣜͷղͱͯ͠༩͑ΒΕ͍ͯͨɽզʑͦͷޙɼ
NMFͷຊ࣭తͳςϯιϧ֦ுͰ͋Δ૬ؔςϯιϧղ
(CTF) [17]͓Αͼͦͷߴ൛ (FastCTF) [18]ͷڀݚʹ
͓͍ͯɼ্ؔݶͷಋग़Λਖ਼͑͘͠͏ͨͬߦͰɼ্ه
ϦοΧνํఔࣜͷղ͕ɼͦͷͰ͋Δೋͭͷਖ਼ఆ
ɽ͜ͷดͨ͠ࠂͰ༩͑ΒΕΔ͜ͱΛใۉԿฏزͷྻߦ
Ͱඪ४తʹ༻͍ΒΕڀݚଓ͘ʹޙ৽ଇɼߋͰͷࣜܦ
ΔΑ͏ʹͳ͍ͬͯΔɽMNMF༏ΕͨੑΛୡ
͠͏Δ͕ɼۭؒϞσϧͷࣗ༝ґવͱͯ͘͠ߴɼہ
ॴղؕΓ͍͕͢͞Ε͍ͯͨɽ

ۙɼ͘͠حಉظ࣌ʹɼզʑͷڀݚάϧʔϓ [1,2]
ͱҏ౻Βͷڀݚάϧʔϓ [19,20]͔ΒಠཱʹɼԻݯͷۭ
ߴͨ͠ݶ੍ʹର֯ԽՄͳͷ࣌Λಉྻߦࢄڞؒ
ଟνϟωϧඇෛྻߦҼࢠղ (FastMNMF)͕ఏҊ͞
Ε͍ͯΔʢ໊শɾ֬ϞσϧͱʹಉҰʣɽFastMNMF
࠷ઌͷ BSSख๏Ͱ͋ΓɼۭؒϞσϧͷࣗ༝Λ੍
Δ͜ͱʹΑΓɼಠཱ࣋͢ϑϧϥϯΫੑΛҡͭͭ͠ݶ
ϥϯΫྻߦੳ (ILRMA) [15]ʹඖఢ͢Δޮࢉܭ
ͱɼMNMFΑΓ༏ΕͨੑΛ݉Ͷඋ͍͑ͯΔɽҏ
౻Β࣌͢Ͱʹɼಉ࣌ର֯Խ੍Λಋೖͨ͠ FCAͰ
͋Δ FastFCAΛߟҊ͍ͯͨ͠ [21,22]ɽಉظ࣌ʹɼզʑ
ɼCTFͷྔࢉܭΛ͢ݮΔͨΊͷಉ࣌ର֯Խ੍ͷ
ಋೖΛߟҊ͍ͯͨ͠ [17,18]ɽͦͷͨΊɼಉ࣌ର֯Խ੍
ͷMNMFͷಋೖࣗવͳྲྀΕͰ͋ͬͨɽ
ύϥϝʔλͷ࠷ਪఆʹڞ௨ͯ͠MMΞϧΰϦζ
Ϝ͕ར༻͞Ε͍ͯΔ͕ɼͦͷ࣮ҟͳ͍ͬͯͨɽۭ
৽͢ΔͨΊɼզʑߋΛྻߦΛର֯Խ͢Δྻߦࢄڞؒ
ɼಠཱϕΫτϧੳ (IVA) [23]Λ࢝ΊɼILRMA [15]
 FastCTF [18]ͱಉ༷ʹɼ෮ࣹӨ๏ (IP)͕ద༻Ͱ͖
Δ͜ͱΛݟग़ͨ͠ͷʹରͯ͠ [1]ɼҏ౻Βෆಈ෮
๏Λར༻͍ͯͨ͠ [19]ɽऩଋੑ͕อূ͞Εɼऩଋ
͍͜ͱ͔ΒɼࡏݱͰ IPͷར༻͕ඪ४తͰ͋Δɽ
զʑ࠷ऴతʹɼFastMNMF1 [2,19,20]ΑΓੑʹ
༏Εͨ FastMNMF2 [2] ΛߟҊͨ͠ɽFastMNMF1 Ͱ
ɼप͝ͱʹۭؒڞྻߦࢄΛಉ࣌ର֯ԽՄͳ
ͷʹ੍͢ݶΔͷʹରͯ͠ɼFastMNMF2Ͱɼ͢
ͯͷपɾԻݯʹؔ͢ΔۭؒڞྻߦࢄΛҰݶ੍ʹڍ
͢ΔͰҟͳΔɽ͜ΕʹΑΓɼ֤Իݯͷํใ͕͢
ͯͷपؒͰڞ༗͞Εɼपؒͷύʔϛϡςʔ
γϣϯͷղܾʹد༩͢Δ͜ͱ͕ظͰ͖Δɽ
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2.2 ਂԻݯϞσϧͷಋೖ [3]

FastMNMFͰɼ֤ԻݯεϖΫτϩάϥϜͷύϫʔ
εϖΫτϧີ͕ϥϯΫߏΛͭ࣋ͱԾఆ͍ͯ͠Δ
ͨΊɼ͋ΔछͷԻݯʢྫɿԻεϖΫτϩάϥϜʣʹର
ͯ͜͠ͷԾఆΓཱͨͳ͔ͬͨɽͦ͜ͰɼࡶԻڥԼ
ͰͷԻڧௐΛతͱͯ͠ɼԻʹରͯ͠มࣗݾ
ූ߸Խث (VAE)ʹਂͮ͘جੜϞσϧ [24]Λ༻͍ɼ
Իʹରͯ͠ࡶ NMFʹͮ͘جϥϯΫϞσϧΛ༻͍
ͨԻڧௐ๏ FastMNMF-DP ΛఏҊͨ͠ɽVAE͋
Β͔͡Ίࣄલֶश͓ͯ͘͜͠ͱ͕ఆ͞ΕΔ͕ɼཧ
্ࢣڭͳֶ͠शՄͳΈͱͳ͍ͬͯΔɽ

2.3 ਂۭؒϞσϧͷಋೖ [4, 6]

ಠཱੳ (ICA) [25]ಠཱϕΫτϧੳ (IVA)
[26]ͳͲͷઢ࣌ܗෆมܾܕఆܥ BSSख๏ɼϚΠΫ
ͱԻݯ͕͍ܾ͠ఆ݅ͷͱͰɼप͝ͱʹɼࠞ
߹ԻεϖΫτϧΛ౷ܭతʹಠཱͳཁૉ͔ΒͳΔԻݯε
ϖΫτϧʹม͢ΔͨΊͷ࣌ෆมͳྻߦΛਪఆ͢
Δɽ͜ͷछͷ BSSͰɼྻߦͱࠞ߹ྻߦྻߦٯ
ͷؔʹ͋Γɼࠞ߹ԻεϖΫτϧͱԻݯεϖΫτϧ
Մٯͳ֬มͰ͋Δɽ͜ͷΑ͏ͳ֬มͷՄٯม
Խϑϩʔنɼਖ਼ (NF)ͷҰछͰ͋ΔͱΈͳͤΔ [4]ɽ
ͦ͜ͰɼFastMNMFͷۭؒϞσϧʹؚ·ΕΔର֯ྻߦ
ʢۭؒมྻߦʣΛNFͰද͢ݱΔ͜ͱͰɼԻڥͷม
ԽʢԻݯҠಈʣʹରԠՄͳઢ࣌ܗมඇܾఆܥ BSS
Ͱ͋ΔNF-FastMNMFͷಋग़ʹޭͨ͠ɽ

2.4 Ϟσϧͷಋೖڹ [7, 8]

͍ͣΕॏڈআڹௐͱڧԼʹ͓͍ͯɼԻڥ࣮
ཁͰ͋Γɼ૬ޓґଘؔͷ͋Δ྆λεΫΛҰ͢ߦ࣮ʹڍ
Δ͜ͱ͕·͍͠ɽͦ ͜Ͱɼࣗ ۉҠಈฏؼճݾ (ARMA)
աఔʹڹͮ͘جϞσϧΛ FastMNMFʹ౷߹͢Δ͜ͱ
ͰɼԻݯͱڹআڈΛߴ͔ͭҰ͏ߦʹڍARMA-
FastMNMFΛఏҊͨ͠ɽ۩ମతʹɼNMFʹͮ͘ج
ԻݯϞσϧʹै͏֤Իݯ৴߸ʹର͠ɼҠಈฏۉ (MA)
աఔʹैͬͯॳڹظʢԻݯʹґଘʣ͕Ճ͞Εɼͦ
ΕΒ͕ॏͨࠞ͠߹৴߸ʹର͠ɼARաఔʹैͬͯޙ෦
Ҋߟඇґଘʣ͕Ճ͞ΕΔੜϞσϧΛʹݯʢԻڹ
͠ɼࠞ߹Ի͔Βͷࢣڭͳֶ͠शΛ࣮ͨ͠ݱɽ

2.5 ͷॏ͍ؔͷಋೖ [10]

௨ৗɼࠞ߹ԻεϖΫτϧʹର͢Δؔͱͯ͠ɼ࣌
มͳۭؒڞྻߦࢄΛͭෳૉΨεΛ༻͍Δͷ
͕ҰൠతͰ͋ΓɼಥൃੑԻݯʹରͯ͠ੑ͕ྼԽ͠
͍͕͋ͬͨ͢ɽͦ͜Ͱɼͷॏ͍Ͱ͋ΔΨε

εέʔϧࠞ߹ (GSM) Λ༻͍ͨ GSM-FastMNMF
ΛߟҊ͠ɼEMΞϧΰϦζϜʹͮ͘ج౷Ұతͳύϥϝʔ
λਪఆ๏Λಋग़ͨ͠ɽ͜Ε·ͰಠཱʹఏҊ͞Ε͖ͯͨ
༷ʑͳͷॏ͍ʢt [27]ɼ͕ॏ͍ҰൠԽΨ
ε (GG) [28]ɼα-ରশ҆ఆ [29]ͳͲʣʹͮج
͘ FastMNMF Λ౷Ұతʹઆ໌͢Δ͜ͱʹޭ͠ɼҰ
ൠԽܕۂ (GH) ͦͷಛघܥͰ͋Δਖ਼ٯنΨ
ε (NIG)͕ੑ͍ߴΛࣔ͢͜ͱΛൃͨ͠ݟɽ

2.6 ਂϞσϧͷಋೖ [5]

௨ৗɼਂֶशΛ༻͍ͨԻݯΛ͏ߦʹɼࠞ߹
ԻͱԻݯ৴߸ͱͷϖΞσʔλ͔ΒϞσϧΛ͋ࢣڭ
Γֶश͢Δඞཁ͕͕͋ͬͨɼ࣮ڥΛཏతʹΧόʔ
͢ΔֶशσʔλΛूΊΔ͜ͱ࣮ݱతͰͳ͔ͬͨɽͦ
͜ͰɼFastMNMFͷج൫ͱͳΔɼԻݯ৴߸͔Βଟνϟ
ωϧࠞ߹Ի͕ੜ͞ΕΔੜϞσϧʹରͯ͠ɼࠞ߹Ի
͔ΒԻݯ৴߸Λਪఆ͢ΔਂϞσϧΛಋೖ͢Δ͜
ͱͰɼঈܕ٫มਪ (AVI)ͷΈΛ༻͍ͯɼ྆ऀ
ΛҰڍʹಉֶ࣌श͢Δํ๏ΛߟҊͨ͠ɽ

2.7 ϊϯύϥϝτϦοΫϕΠζͷಋೖ [9]

ཧతʹɼMNMF Իݯ͕ϚΠΫΑΓଟ
͍ྼܾఆ݅Ͱద༻Ͱ͖ΔҰํͰɼFastMNMF 
·Ͱѻ͏͜ͱ͕Ͱ͖Δɽ࣮ݯʑϚΠΫͱಉ͡Իߴ
༻্ɼܾఆ݅Λલఏͱͨ͠ BSSख๏Ͱ͋Δ IVA
ILRMA ͳͲͱಉ༷ʹɼԻݯΛϚΠΫͱಉҰʹઃ
ఆ͢Δ͜ͱଟ͍͕ɼదʹԻݯΛࢦఆ͢Δ͜ͱͰɼ
ҰͭͷԻ͕ݯෳͷԻݯͱׂͯ͠͞ΕΔ͜ͱΛ͙
͜ͱ͕Ͱ͖Δɽͦ͜Ͱɼཧ্ແݸݶͷԻݯΛ͑ߟ
ΔΨϯϚաఔʹͮ͘جϊϯύϥϝτϦοΫϕΠζϞσ
ϧΛఆࣜԽ͠ɼ؍ଌσʔλʹ߹ΘͤͯඞཁͳݸͷԻ
Ҋͨ͠ɽߟΛࣗಈతʹਪఆ͢Δख๏Λݯ

3 εϚʔτάϥεΛ༻͍ͨ
ϦΞϧλΠϜԻڧௐɾೝࣝ

զʑͷάϧʔϓͰɼԻڹ৴߸ॲཧٕज़ͷΩϥʔΞ
ϓϦέʔγϣϯͱͯ͠ɼϦΞϧλΠϜԻίϛϡχέʔ
γϣϯࢧԉͷͨΊɼεϚʔτάϥεΛ༻͍ͨΦϯϥΠ
ϯԻڧௐɾೝࣝʹऔΓΜͰ͍Δʢਤ 2ʣɽ͜ͷԠ༻
ʹ͓͍ͯɼࣄલֶश͕ࠔͳະͷ࣮ڥʹͲͷΑ
͏ʹదԠ͢Δͷ͔͕ॏཁͳ՝ͱͳΔɽ·ͨɼϢʔβͷ
ମ಄෦ͷಈ࡞ʹ͏ϚΠΫΞϨΠͷҐஔมԽʢ૬
ରతԻํݯͷมԽʣͱͳΔɽ͜ΕΒɼڀݚ
ࡏԼͰͷैདྷͷΦϑϥΠϯϕϯνϚʔΫͰଘڥࣨ
͠ͳ͔ͬͨۃΊͯࠔͳ՝Ͱ͋Δɽ
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ਤ 2: εϚʔτάϥεΛ༻͍ͨϦΞϧλΠϜԻڧௐɾೝࣝͱΦϯϥΠϯదԠ

εϚʔτάϥεΛ༻͍ͨԻڧௐʹ͓͍ͯɼFastM-
NMFɼదԠతͳύϥϝʔλਪఆʢࢣڭͳֶ͠शʣʹ
ΑͬͯະͷڥͰ݈ؤʹಈ͢࡞ΔͰ༗Ͱ͋Δ
͕ɼͦͷྔࢉܭґવͱͯ͠େ͖͘ɼϦΞϧλΠϜಈ
ௐͷओڧ༰қͰͳ͔ͬͨɽҰํɼଟνϟωϧԻ࡞
ྲྀͰ͋Δ࠷খࢄ (MVDR)ϏʔϜϑΥʔϛϯάɼۃ
Ίͯߴʹಈ͢࡞ΔҰํͰɼ͍͔ʹదͳԻͱࡶԻ
ͷۭؒڞྻߦࢄΛ༩͑Δ͕ੑΛࠨӈ͢Δɽͦͷయ
తͳղܾ๏ͷҰͭɼਂχϡʔϥϧωοτܕ (DNN)
Λ༻͍ͯɼ؍ଌԻʢࠞ߹ԻʣͷεϖΫτϩάϥϜʹର
ͯ͠ԻϚεΫΛਪఆ͢ΔͷͰ͋Δɽ͜ͷํࣜͰɼ
ԻͱࡶԻͷۭؒڞྻߦࢄదԠతʹ͞ࢉܭΕΔ͕ɼ
DNNࣄલʹ͋ࢣڭΓֶश͢Δඞཁ͕͋ΔͨΊɼֶ
श࣌ͱӡ༻࣌ͷڥͷϛεϚονʹΑͬͯੑ͕େ෯
ʹԼ͢Δආ͚ΒΕͳ͍ɽ
͜ͷΑ͏ͳੑ࣭ʹؑΈɼզʑɼFastMNMFΛόο

ΫΤϯυɼϏʔϜϑΥʔϛϯάΛϑϩϯτΤϯυͱͨ͠
Իڧௐ෦Λߏங͠ɼԻೝࣝ෦ͱҰମతʹӡ༻͢Δ
͜ͱΛࢼΈ͍ͯΔɽ۩ମతʹɼόοΫΤϯυͰɼे
ͳ෮ਪఆ͕͑ߦΔҰఆͷִؒͰɼେ͖ͳαΠζͷ
૭ʹରͯؒ࣌͠ FastMNMFΛ͜͏ߦͱͰɼԻͱࡶԻ
ͷۭؒڞྻߦࢄΛਪఆ͢Δ͜ͱ͕Ͱ͖Δɽ͜ΕΒʹ
ࢄখ࠷ͮ͘ج (MVDR)ϏʔϜϑΥʔϛϯάΛ͑ߦ
ԻڧௐΛ͜͏ߦͱ͕Ͱ͖Δ [11]ɽDNNϕʔεͷϏʔ
ϜϑΥʔϛϯάͰɼ؍ଌԻʢࠞ߹Իʣͱ FastMNMF
Ͱ͞ΕͨԻͱͷϖΞσʔλΛ༻͍ͯԻϚεΫ
ਪఆ༻ͷ DNNΛ Fine-tuning͢Δ͜ͱͰڥͷΦ
ϯϥΠϯదԠ͕࣮ݱͰ͖Δ [12]ɽ
զʑ͞ΒʹɼϚεΫਪఆ༻ͷ DNNͱԻೝࣝ༻

ͷ DNNͱΛ݁߹͠ɼӡ༻࣌ʹશମΛ Fine-tuning͢
Δ͜ͱʹऔΓΜͰ͍Δ [13]ɽ͜ͷํࣜɼԻڧௐ
ͱԻೝࣝͱͷಉ࠷࣌దԽʹؔ͢ΔڀݚʹணΛಘͯ
͍Δ͕ɼӡ༻࣌ʹԻೝࣝͷਖ਼ղσʔλ͕ଘ͠ࡏͳ
͍͕ຊ࣭తʹҟͳΔɽͦͷͨΊɼೝࣝ݁Ռ͔Βɼग़ྗ
ͷ͕͞ेʹ͋ΓɼԻೝࣝϞσϧ͓Αͼେنݴ
Ϟσϧ͕༩͑ΔείΞ͕͍ͣΕେ͖͍ͷΛɼٖޠ
Ҋ͍ͯ͠Δɽߟతͳਖ਼ղσʔλͱͯ͠બ͢Δํ๏Λࣅ

4 ͓ΘΓʹ

ຊߘͰɼ࣮ڥԼͰͷԻίϛϡχέʔγϣϯΛ
ڧԉ͢ΔͨΊɼಛఆͷऀͷԻΛϦΞϧλΠϜͰࢧ
ௐɾೝࣝɾ༁ɾ֦ு࣮ݱ (AR) දࣔΛ͏ߦεϚʔτ
άϥεͷ։ൃʹ͍ͭͯհͨ͠ɽԻڹ৴߸ॲཧͰ
ɼਂֶशͷಋೖʹΑΓɼԻݯԻڧௐͳͲ
ͷج൫ٕज़Ͱ֮·͍͠ਐల͕͕͋ͬͨɼΩϥʔΞϓ
Ϧέʔγϣϯ͕ෆࡏͰ͋ͬͨɽ͍ۙকདྷɼεϚʔτά
ϥεεϚʔτίϯλΫτϨϯζ·ͰখܕԽ͞ΕΔ͜
ͱؒҧ͍ͳ͘ɼզʑɼεϚʔτϑΥϯʹมΘΔɼਓ
ͷࢹௌ֮ͱີʹϦϯΫͨ͠ΣΞϥϒϧσόΠε
ͷԠ༻͕ͦ͜ΩϥʔΞϓϦέʔγϣϯʹͳΔͱ֬৴͠
͍ͯΔɽ࣮ࡍɼMetaGoogleͳͲ͔Βಉ༷ͷతΛ
ͬͨεϚʔτάϥεͷ։ൃϓϩδΣΫτ͕͍ͭۙ࠷
૬͍࣍Ͱൃද͞Ε͓ͯΓɼ͜ͷڀݚ՝ʹΘ͔ʹ
Λཋͼͭͭ͋Δɽզʑࡢ͔Β͍ͪૣ͘औΓΈɼ
͢Ͱʹ͍͔ͭ͘ͷՌൃදΛ͍͖ͯͯͬߦΔ͕ɼ͞Β
ΛՃ͍͖͍ͤͯͨ͞ɽڀݚʹ
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Improvement of sound source localization performance in drone

audition using histogram and frequency information
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[9]

2

[9]

SEVD-MUSIC

MUSIC

P (ψ)

H

H(p) = histogram(P(ψ)) (1)

ψ θ

φ ψ = (θ, φ) p

H

pt

H ��(p) =
d2H

dp2
(2)

pt = p|H (p)=0 (3)

ψ0 = (θ0, φ0) ψ0 pt

(a) MUSIC

(b) MUSIC

1:

Ψ

Ψ = {ψ|P (ψ)>pt} � ψ0 (4)

Ψ

P (ψ) ψtarget

ψtarget = argmaxψ/∈Ψ(P(ψ)) (5)

3

SEVD-MUSIC

Pω(ψ)

P (ψ)

P (ψ) =
ω

Pω(ψ) (6)

ω

Pω(ψ)
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Pcutω(ψ) = Pω(ψ)| > pt (7)
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pt
Pcutω(ψ)

(a) 16ch

(b)

3:

1:

1. SEVD-MUSIC

2. ( :−90◦ 90◦)

3. ( :−135◦ 135◦)

4.

5.

Pcut(ω, ψ) Pcut(ω,ψ)

2b 2b 1b

Pcut(ω,ψ)

ψ0
Pnoise(ω, ψ) Ptarget(ω,ψ)

2c

Pnoise(ω, ψ) Ptarget(ω,ψ)

Ptarget(ω, ψ)

P �(ψ)

P �(ψ) =
ω

Ptarget(ω, ψ) (8)

P �(ψ) 2d

2d 1a

P �(ψ)

ψtarget

ψtarget = argmaxψP
�(ψ) (9)
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(c)

4:

DJI Inspire 2

12ch 4ch MEMS

16ch (

3a)[10]

16 kHz 24 bit

600 mm ( 3b) 10 m

1 m/s 2 m/s 3 m/s

−180◦ ≤ θ < 180◦

−90◦ ≤ φ ≤ 0◦ 5◦

SNR 4 dB −20 ∼ 0 dB

4

SEVD-MUSIC

MUSIC SEVD-MUSIC

2

50 500 Hz

4000 Hz MUSIC

Hoshiba [8]
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SNR −12dB
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ෳԻݯʹ͓͚Δυϩʔϯ܈ͷߦಈܭըͷݕ౼
Study of drone swarm action planning

in multiple sound source tracking
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Abstract: ຊߘϚΠΫϩϗϯΞϨΠࡌυϩʔϯ܈ʹΑΔෳԻݯΛͨ͏ߦΊɼυϩʔϯ
ஔ͓ΑͼϚΠΫϩϗϯΞϨΠஔͷ࠷దԽख๏ΛఏҊ͢ΔɽҰൠతʹϚΠΫϩϗϯΞϨΠɼ৴߸ॲ
ཧΛ௨ͯ͡ԻํݯΛਪఆͰ͖Δπʔϧͱͯ͠༻͍ΒΕ͍ͯΔɽϚΠΫϩϗϯΞϨΠͱ͢ࡌΔ͜
ͱͰɼυϩʔϯݱࡂͳͲͰॿ͚ΛݺͿਓͷ͕ࡧՄʹͳΓɼϚΠΫϩϗϯΞϨΠࡌυϩʔ
ϯ͕ෳ͋ΕͦͷҐஔΛਪఆɾͰ͖ΔΑ͏ʹͳΔɽ͔͠͠ɼϚΠΫϩϗϯΞϨΠࡌυϩʔ
ϯ܈ʹΑΔԻݯҐஔͷੑϚΠΫϩϗϯΞϨΠͷஔͷӨ͕ڹେ͖͘ɼͳΔ֤͘ϚΠΫϩ
ϗϯΞϨΠͷਪఆํಉ࢜ަ͠ɼ͔ͭϚΠΫϩϗϯΞϨΠ-Իؒݯͷڑখ͍͞ํ͕·͍͠ɽ
ͦ͜ͰɼຊߘͰԻݯҐஔͷͨΊͷϚΠΫϩϗϯΞϨΠͷஔ࠷దԽख๏ΛఏҊ͠ɼͦͷ༗ޮੑ
Λݕ౼͢ΔɽఏҊख๏γϛϡϨʔγϣϯΛ௨ͯ͡͞ূݕΕɼఏҊख๏͕ϚΠΫϩϗϯΞϨΠͷ
ਪఆํಉ࢜Λަʹ͚ۙͮͳ͕ΒԻݯͱͷڑେ͖͘͞ͳ͍ͨΒ͖͕ݟΒΕͨɽγϛϡϨʔ
γϣϯ্Ͱ͓Αͦ 10 m ΕͨԻݯ 2ͭʹରͯͦ͠ΕͧΕ 2.15 m, 0.65 m ͷ RMSE (Root Mean

Square Error) ͰͰ͖ͨ͜ͱΛ֬ೝͨ͠ɽ

1 ͡Ίʹ

ۙɼݱࡂʹ͓͚Δυϩʔϯͷظ͕༺׆͞Ε
͍ͯΔɽಛʹυϩʔϯ܈ͷ੍ٕޚज़্͕ͨ͜͠ͱʹ
ΑΓɼࡂϑΟʔϧυʹυϩʔϯ܈Λඋؒ࣌͠Ͱ
ϑΟʔϧυͷڥཧղΛਐΊΒΕΔ͜ͱ͕ظ͞ΕΔɽ
υϩʔϯௌ֮ͷจ຺ͰɼϚΠΫϩϗϯΞϨΠͱݺ
ΕΔௌ֮ηϯαΛ͢ࡌΔ͜ͱͰԻํݯΛਪఆ͠ɼנ
ʹຒΕͯࢹೝͮ͠Β͍ཁٹॿऀΛൃ͢ݟΔ͕ڀݚ
ใ͞ࠂΕ͍ͯΔ [1–3]ɽҎલʹզʑϚΠΫϩϗϯΞϨ
ΠΛͨ͠ࡌυϩʔϯ܈ʹΑΔҠಈԻݯҐஔʹͭ
͍ͯใͨ͠ࠂ [4,5]ɽෳϚΠΫϩϗϯΞϨΠΛ༻͍Δ
͜ͱͰಉλΠϛϯάͷํਪఆɾ֯ࡾଌྔ͕Մʹͳ
Γɼਪఆ͍ͨ͠Իيݯಓͷऩଋ͕ૣ͍ͱ͍͏ϝϦο
τ͕͋Δͱ͍͏ख๏Ͱ͋Δɽ͔͠͠ɼطଘڀݚͰυ
ϩʔϯͷҐஔʹؔ͢Δ͕ߟগͳ͘ɼ࣮ࡍʹυϩʔ
ϯͷஔʹΑͬͯ֯ࡾଌྔͷਫ਼͕མͪͨΓɼυϩʔ
ϯ͕Ի͔ݯΒԕ͗ͯ͢͠·͍Ի͕ݯ΄ͱΜͲฉ͖औΕ

∗࿈བྷઌɿ ౦ۀژେֶ
ɹɹɹɹɹɹ ˟ 152-8552 ౦ژ۠ࠇେԬࢁ 2-12-1  8 ߸ؗ
ɹɹɹɹɹɹ W-30
ɹɹɹɹɹɹ E-mail: yamada@ra.sc.e.titech.ac.jp

ͳ͔ͬͨΓ͢Δ͜ͱ͕͋ΔͨΊɼҠಈԻݯͷਫ਼
దԽෆՄܽͰ͋Δɽͦ͜Ͱɼ࠷υϩʔϯஔͷʹ্
զʑҎલʹ୯ಠҠಈԻݯͷͨΊͷυϩʔϯஔ
͓ΑͼϚΠΫϩϗϯΞϨΠஔͷ࠷దԽख๏ΛఏҊ͠
ͨɽຊߘͰɼຊख๏ΛෳԻݯͷʹ֦ு͠ɼ
γϛϡϨʔγϣϯΛ௨ͯͦ͡ͷ༗ޮੑΛݕ౼͢Δɽෳ
Իݯ͕୯ಠԻݯͱҟͳΔɼશͯͷϚΠ
ΫϩϗϯΞϨΠ͕શͯͷԻݯͷʹد༩Ͱ͖ͳ͍
Ͱ͋ΔɽҰൠతʹ୯ಠԻݯͷҐஔΛࡍ͏ߦɼ֤
ϚΠΫϩϗϯΞϨΠԻݯΛғΉΑ͏ʹҠಈ͢Δ͜ͱ
ͰɼԻ͔ݯΒΕա͗ͣɼυϩʔϯϊΠζͱͷ SNൺ
Λେ͖ͨ͘͠ঢ়ଶͰҐஔਪఆΛ͜͏ߦͱ͕Ͱ͖Δɽ͠
͔͠ɼෳԻݯΛ͢ΔࡍɼԻݯಉ͕࢜Ε͍ͯΔ
߹શͯͷϚΠΫϩϗϯΞϨΠ͕֤ԻݯΛฉ͖औΕ
ΔҐஔʹஔ͘͜ͱࠔͰ͋ΔɽͦͷͨΊɼ֤Իݯͷ
ʹ༻͍ΔϚΠΫϩϗϯΞϨΠͷใऔࣺબ͢
Δඞཁ͕͋Γɼฉ͖औΕΔϚΠΫϩϗϯΞϨΠ͚ͩͰ
ԻݯͱϚΠΫϩϗϯΞϨΠஔͷ࠷దԽΛ͑ߟΔ
ඞཁ͕͋Δɽͦ͜ͰຊߘͰɼ֤ϚΠΫϩϗϯΞϨΠ
͕֤ԻݯͷํΛਪఆͰ͖͔ͨͱ͍͏ʮ֬৴ʯͳΔ
มΛఆٛ͠ɼ͜ͷ֓೦ΛݩʹԻݯʹ༻͍ΔϚΠ
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ΫϩϗϯΞϨΠΛબ͠ɼͦͷஔΛ࠷దԽ͢Δɽ

2 ఏҊख๏

ෳϚΠΫϩϗϯΞϨΠΛ༻͍ͯԻݯҐஔΛߦ
͏߹ɼϚΠΫϩϗϯΞϨΠͷஔ͕ਫ਼ʹӨڹ
Λٴ΅͢Մੑ͕͋Δ [6]. ྫ͑ɼෳϚΠΫϩϗϯ
ΞϨΠͰԻํݯਪఆ͠ɼ֯ࡾଌྔతʹԻݯҐஔΛਪ
ఆ͢Δͱ͖ɼϚΠΫϩϗϯΞϨΠಉ࢜ͷํ͕Ի͔ݯ
Β͍ۙͯ͠ݟͱɼͦͷํʹԻݯҐஔਪఆ͕ࠩޡΓ
͘͢ͳΔ߹͕͋Δɽ·ͨɼϚΠΫϩϗϯΞϨΠΛ
υϩʔϯʹ͢ࡌΔ߹ɼৗʹυϩʔϯϊΠζ͕ϚΠ
ΫϩϗϯΞϨΠʹ͍ۙՕॴͰൃੜ͢ΔͨΊɼυϩʔϯ
͕Ի͔ݯΒΕΔ΄ͲɼԻݯͱͷ SNൺ͕ஶ͘͠
খ͘͞ͳΔڪΕ͕͋Δɽͦ͜ͰຊߘͰϚΠΫϩϗϯ
ΞϨΠΛͨ͠ࡌυϩʔϯ܈Λ༻͍ͨෳԻݯͷ
ੑΛ্͢Δ͘ɼυϩʔϯ܈ͷஔΛ࠷దԽ͢Δ
ΞϧΰϦζϜΛఏҊ͢Δɽ

2.1 ఏҊΞϧΰϦζϜ֓ཁ

ԻݯΛ͏ߦʹ͋ͨͬͯɼϚΠΫϩϗϯΞϨΠ
υϩʔϯ͕Nࡌ ɼԻ͕ݯ Sݸଘ͢ࡏΔγφϦΦ
Λ͑ߟΔɽҎޙɼi, j ∈ 1, . . . , N υϩʔϯʹ͞ࡌ
ΕͨϚΠΫϩϗϯΞϨΠͷΠϯσοΫεɼk ∈ 1, . . . , S
ԻݯͷΠϯσοΫεΛ͢ࢦɽఏҊख๏Ͱ֤υϩʔ
ϯ Algorithm 1ʹै͍Ҡಈ͢Δ͜ͱͰԻݯҐஔ
ͷ্ΛਤΔɽAlgorithm 1ΛจষԽͨ͠༰ҎԼ
ͷ௨ΓͰ͋Δɽ

0. มͷॳظԽ 2.5અΛࢀর

1. MUSIC๏Λ༻͍ͯԻํݯਪఆΛ͏ߦɽ

2. MUSICεϖΫτϧʹԠͯ͡ϚΠΫϩϗϯΞϨΠ
iͷԻݯ kʹର͢Δ֬৴ p(αi→k|z)Λࣜ (1)Α
Γ͢ࢉܭΔɽ֬৴ʹԠ֤ͯ͡ԻݯͷҐஔਪఆ
ʹͲͷϚΠΫϩϗϯΞϨΠ͕د༩͢Δ͔Λܾఆ
͢Δɽ

3. ਪఆํͱબͨ͠ϚΠΫϩϗϯΞϨΠ܈Λݩʹ
֤ԻݯʹରԠ͢ΔϚΠΫϩϗϯΞϨΠ܈ຖʹԻݯ
ҐஔΛ͏ߦɽ

4. ਪఆͨ͠ԻݯҐஔΛݩʹࣜ (5)Λ௨ͯ͡࠷దͳϚ
ΠΫϩϗϯΞϨΠஔΛ͠ࢉܭɼ֤υϩʔϯࢉ
ग़͞ΕͨҐஔʹҠಈ͢Δɽ

ଓ͘খઅ্هͷߦఔͷৄࡉΛઆ໌͢Δɽ

Algorithm 1 ఏҊΞϧΰϦζϜ (1λΠϜεςοϓ)
Require: x̂i,t

1: for i = 1, . . . , N do

2: di, P (φ, θ) ← MUSIC๏ [7] ʹΑΔਪఆํͱ
MUSICεϖΫτϧ

3: end for

4: for k = 1, . . . ,K do

5: Mk ← ∅
6: for i = 1, . . . , N do

7: p(αi→k|z) ←ࣜ (1)

8: if p(αi→k|z) ≥ pthre then

9: Mk ʹ iΛՃ
10: end if

11: end for

12: ŝk,t ← Mk ʹؚ·ΕΔϚΠΫϩϗϯΞϨΠΛ༻
͍ͨMT-GSFT [4]ʹΑΔਪఆҐஔ

13: end for

14: xt+1 ←ࣜ (5)

2.2 Իํݯਪఆ͓ΑͼϚΠΫϩϗϯΞϨ
Πͷ֬৴ͷߋ৽

ҰൠʹෳϚΠΫϩϗϯΞϨΠΛ༻͍ͯԻݯҐஔΛ
ਪఆ͢Δ߹ɼෳϚΠΫϩϗϯΞϨΠͰԻํݯਪ
ఆΛ͍ߦɼ֯ࡾଌྔతʹԻݯҐஔΛਪఆ͢Δ͜ͱ͕ଟ
͍ɽຊߘͰԻํݯਪఆͷखஈͱͯ͠ɼMUSIC๏ [7]

ͱݺΕΔख๏Λ༻͍ͯԻݯҐஔਪఆΛ͏ߦɽMUSIC
๏ऩ͞ΕͨଟνϟωϧԻڹ৴߸ͷۭؒ૬ؔྻߦR

͕ுΔݻ༗ۭؒΛղੳ͢Δख๏Ͱ͋Γ, తԻݯͷ෦
ۭؒͱࡶԻ෦ۭؒͷަੑΛ༻͍ͯԻݯͷํҐɾ
.Λਪఆ͢Δख๏Ͱ͋Δ֯ڼ MUSIC๏ͰMUSICε
ϖΫτϧͱݺΕΔۭؒεϖΫτϧ P (φ, θ)Λࢉग़͠ɼ
εϖΫτϧ P ͷϐʔΫʹҐஔ͢ΔํҐ֯ φͱ֯ڼ θ

Λਪఆํͱ͢Δɽ͔͠͠ɼ͍ϑΟʔϧυͰԻݯҐ
ஔΛ͏ߦ߹ɼԕڑʹ͋ΔԻݯݮਰͯ͠͠·
͍શͯͷϚΠΫϩϗϯΞϨΠ͕ԕڑԻݯͷํਪఆ
Λ͑ߦΔͱݶΒͳ͍ɽͦͷͨΊԻݯҐஔΛ͏ߦ
͏ߦΛฉ͖औΕͨϚΠΫϩϗϯΞϨΠͷΈͰݯɼԻࡍ
͜ͱ͕·͍͠ɽຊߘͰϚΠΫϩϗϯΞϨΠͷʮ֬
৴ʯΛఆٛ͠ɼԻݯ kʹରͯ֬͠৴͕͍ߴϚΠΫ
ϩϗϯΞϨΠͷํਪఆ݁ՌͷΈΛ༻͍ͯԻݯҐஔ
Λ͏ߦɽϚΠΫϩϗϯΞϨΠ i͕Իݯ k Λ؍ଌ͢Δ
ΠϕϯτΛ αi→k ͱఆٛ͠ɼαi→k = 1Ͱ؍ଌ͕ޭɼ
αi→k = 0Ͱ؍ଌ͕ࣦഊͨ͠ͱఆٛ͢Δɽ͜ͷͱ͖ɼϚ
ΠΫϩϗϯΞϨΠ iͷԻݯ kʹର͢Δ֬৴ p(αi→k|z)
ࣜ (1)Ͱߋ৽͞ΕΔ֬Ͱఆٛ͞ΕΔɽ

p(αi→k|z) = p(αi→k)p(z|αi→k)�
p(αi→k)p(z|αi→k)

(1)
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͜͜Ͱɼz؍ଌΛද͠ɼ֬৴ p(αi→k|z)؍ଌ z͕
༩͑ΒΕͨͱ͖ϚΠΫϩϗϯΞϨΠ i͕Իݯ k Λ؍ଌ
Ͱ͖͍ͯΔ֬Ͱ͋Δɽࣄલ֬ p(αi→k)લλΠϜ
εςοϓͷ֬ޙࣄʹΑͬͯ༩͑ΒΕɼ p(z|αi→k)

ࣜ (2), (3)Ͱ͢ࢉܭΔɽ

p(z|αi→k) =






Pnorm(φi→k, θi→k) (αi→k = 1)

1

NφNθ
(αi→k = 0)

(2)

(3)

Pnorm(φ, θ)MUSICεϖΫτϧͷ૯͕ 1ʹͳΔΑ
͏ʹਖ਼نԽͨ͠MUSICεϖΫτϧͰ͋ΓɼNφ, Nθ
ͦΕͧΕMUSICεϖΫτϧΛ͢ࢉܭΔͱ͖ͷํҐ֯
Ϗϯɼ֯ڼϏϯͷͰ͋Δɽ·ͨɼ(φi→k, θi→k)Ϛ
ΠΫϩϗϯΞϨΠ i͔ΒͨݟԻݯ kͷํҐ֯ɼ֯ڼͰ
͋ΔͨΊɼPnorm(φi→k, θi→k)ϚΠΫϩϗϯΞϨΠ i

͔ΒͨݟԻݯ kͷਖ਼نԽMUSICεϖΫτϧʹ͋ͨΔɽ
Ұൠʹਖ਼͍͠ํਪఆ͕͑ߦΔ߹ɼMUSIC εϖΫ
τϧԻํݯʹϐʔΫΛཱͯΔͨΊɼPnorm(φ, θ)
αi→k = 1 ͷͱ͖ͷͱݟͳࣜ͠ (2) ͷΑ͏ʹ
ఆٛͨ͠ɽ·ͨɼԻݯ k͕ਖ਼͘͠؍ଌͰ͖ͳ͍߹ͷ
MUSICεϖΫτϧͷҰൠతͳͷܗଘ͠ࡏͳ͍ͨ
Ίɼαi→k = 0Ͱ͋Δ߹ͷMUSICεϖΫτϧ
͕શํʹ͓͍ͯಉͰ͋Δ߹ͷͱఆٛͨ͠ɽΑͬ
ͯɼϚΠΫϩϗϯΞϨΠ i͔ΒͨݟԻݯ kͷ֬৴ɼ
ϚΠΫϩϗϯΞϨΠ i͔ΒͨݟԻݯ k ͷํʹ͋ͨΔ
MUSICεϖΫτϧ͕ϐʔΫʹ͍ۙΛऔΔͱ͖ʹ૿Ճ
ͯ͠ 1ʹ͖ۙͮɼͦ͏Ͱͳ͍߹ݮগͯ͠ 0ʹۙͮ
͘ɽຊΞϧΰϦζϜͰ֬৴ p(αi→k|z)શϚΠΫ
ϩϗϯΞϨΠɾԻݯͷΈ߹Θͤʹରͯ͠͠ࢉܭɼ͜
ͷ֬৴ʹ͍ͯͮجԻݯ kͷҐஔʹ༻͍ΔϚΠΫ
ϩϗϯΞϨΠͷऔࣺબΛ͏ߦɽ۩ମతʹɼԻݯ k

ʹର͢ΔϚΠΫϩϗϯΞϨΠ iͷ֬৴ p(αi→k|x)͕
ᮢ pthreҎ্Ͱ͋Δ߹ɼͦͷϚΠΫϩϗϯΞϨΠ
ू߹Mk ⊆ {1, . . . ,N}ʹՃ͑ΒΕɼଓ͘ԻݯҐஔ
ͱϚΠΫϩϗϯΞϨΠஔͷ࠷దԽʹ༻͍ΒΕΔɽ

2.3 ԻݯҐஔ

લখઅͰٻΊͨϚΠΫϩϗϯΞϨΠू߹Mk Λ༻͍
ͯɼԻݯҐஔΛ͏ߦɽຊߘͰɼҎલզʑ͕ఏҊ
ͨ͠ԻݯҐஔMT-GSFT๏ [4]Λ༻͍ͯΛ
ΕͨෳϚΠΫ͞ࡌɽMT-GSFTυϩʔϯʹ͏ߦ
ϩϗϯΞϨΠʹΑΔԻݯҐஔͷͨΊʹఏҊ͞Εͨ
ख๏ͰɼυϩʔϯϊΠζͰԻํݯਪఆ͕େ͖͘ࢄ
͢ΔΑ͏ͳঢ়گԼͰ֎ΕͱͳΔΑ͏ͳ֯ࡾଌྔ
ͷӨڹΛ͑ΔͨΒ͖Λͭ࣋ɽ۩ମతʹෳϚΠ
ΫϩϗϯΞϨΠͷਪఆํʹΑΔ֯ࡾଌྔʹΑͬͯಘ
ΒΕͨ֯ࡾଌྔ܈Λ µ = {µ1, . . . ,µQ}ͱஔ͖ɼ͜

ΕΒͷ֯ࡾଌྔΛࣜ (4)ͷΑ͏ͳࠞ߹Ψεʹ
ஔ͖͑Δɽ

Q�

q=1

1

Q
· N (µq,Σ) (4)

ͨͩ͠ɼN ΨεΛද͠ɼΣώϡʔϦεςΟο
ΫʹܾΊΔࢄఆͰ͋Δɽࣜ (4)ͰಘΒΕͨࠞ߹Ψ
εΛɼGaussian Sum Filter (GSF)ʹద༻͢Δ͜
ͱͰ͍ͨ͠ԻݯͷҐஔΛಘΒΕɼࠞ߹Ψε
ͷॏΈ͖ฏۉΛऔΔ͜ͱͰਪఆԻݯҐஔ ŝ͕ಘ
ΒΕΔɽҙ͖͢ɼԻݯ kʹ͍ͭͯMT-GSFT

๏ʹΑΔΛ͍͍ͨߦ߹ɼϚΠΫϩϗϯΞϨΠ
ू߹Mk ʹؚ·ΕͨϚΠΫϩϗϯΞϨΠͷํਪఆ݁
ՌͷΈΛ༻͍ͯ֯ࡾଌྔͷࢉܭΛ͏ߦͰ͋Δɽ

2.4 ϚΠΫϩϗϯΞϨΠஔͷ࠷దԽ
ຊߘͰ (i) ֤ϚΠΫϩϗϯΞϨΠਪఆํಉ͕࢜
ަʹ͖ۙͮɼ͔ͭ (ii) υϩʔϯ͕Իݯʹ͍ۙঢ়͕گɼ
ԻݯҐஔʹ༗ޮͰ͋Δͱ͍͏Ծఆͷͱɼࣜ (5)Λ
దͳϚΠΫϩϗϯ࠷খԽ͢Δ͜ͱͰ࠷͠ɼຊࣜΛߏ
ΞϨΠஔΛࢉग़͢Δɽ

argmin
xt+1

f(xt+1) + λgg(xt+1) + λhh(xt+1) (5)

s.t.zi ≥ zlim (6)

f(xt+1) =

S

k=1 {i,j}∈Mk (i�=j)

(xi,t+1 − ŝk,t)
�(xj,t+1 − ŝk,t)

�xi,t+1 − ŝk,t�2�xj,t+1 − ŝk,t�2
(7)

g(xt+1) =

S

k=1 i∈Mk

�xi,t+1 − ŝk,t�2 (8)

h(xt+1) =

N

i=1

�xi,t+1 − xi,t�2 (9)

͜͜Ͱɼxi,t ∈ R3ࠁ࣌ tʹ͓͚ΔϚΠΫϩϗϯΞϨ
Π iͷ ҐஔͰ͋Γɼxtݩ࣍3 = {x1, . . . ,xN}શϚΠ
ΫϩϗϯΞϨΠͷࠁ࣌ tʹ͓͚Δݩ࣍ࡾҐஔͷू߹Ͱ
͋ΔɽziϚΠΫϩϗϯΞϨΠ iͷ z࠲ඪɼzlim z࠲
ඪͷԼݶͰ͋Γɼࣜ (6)υϩʔϯ͕Իݯʹ͖ۙͮ͢
͗ͳ͍ͨΊͷ੍Ͱ͋Δɽ·ͨɼsk,t ∈ R3ࠁ࣌ tʹ
͓͚ΔԻݯ kͷ ҐஔͰ͋Δɽf(x)ݩ࣍3 2ͭͷϚΠ
ΫϩϗϯΞϨΠ͕ਖ਼͍͠ํΛਪఆͨ͠߹ͷ 2ຊͷ
ͷ૯Ͱ͋ΔɽΑͬͯɼཧݭϕΫτϧͷ֯ͷ༨ํ
తͳਪఆํಉ͕࢜ަԽ͢Δͱ f(x) 0ʹۙͮ͘
ͨΊɼf(x)ͷ࠷খԽʹΑͬͯਪఆํಉ͕࢜ަʹۙ
Ͱ͖Δɽg(x)Իظͷ੍͕ࢄଌྔͷ֯ࡾ͖ͮ
ͷ૯Ͱ͋Γɼg(x)ΛڑͱϚΠΫϩϗϯΞϨΠͷݯ
Λ͑ڑͱυϩʔϯͷݯখԽ͢Δ͜ͱʹΑͬͯԻ࠷
Δ͜ͱ͕Ͱ͖ɼڑݮਰʹΑΔ SNൺͷݮগΛ͑Δ
͜ͱ͕Ͱ͖Δɽh(x)લλΠϜεςοϓͷυϩʔϯҐ
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ஔͱࡏݱͷλΠϜεςοϓͷυϩʔϯҐஔͷڑΛ࠷
খԽ͢Δ͜ͱͰɼυϩʔϯ͕େ͖͘Ҡಈ͢Δ͜ͱΛ
͙ͨΒ͖Λͭ࣋ɽλg, λh ͦΕͧΕ g(x), h(x)ʹ͔
͔ΔͰ͋Δɽf(x)ͷେ͖ͯ͘ߴʑS ·NC2

·Ͱ͔͠औΒͳ͍Ұํɼg(x), h(x)υϩʔϯͱԻݯ
ͷڑυϩʔϯͷҠಈڑͷ૯ΛऔΔͨΊɼҰൠ
తʹ f(x) g(x), h(x) ΑΓஶ͘͠খ͘͞ͳΔ͜
ͱ͕ଟ͍ɽͦ͜Ͱɼ߲ಉ࢜ͷόϥϯεΛऔΔͨΊʹ
 λg, λhΛઃ͚͓ͯΓɼຊߘͷධՁγϛϡϨʔγϣϯ
Ͱ λg = 0.01, λh = 0.0001 ͱઃఆͨ͠ɽ·ͨɼຊߘ
ͰϚΠΫϩϗϯΞϨΠυϩʔϯ͔Βಥ͖ग़͍ͯΔ
Ε͍ͯΔ͜ͱΛఆ͓ͯ͠ΓɼͦͷͨΊϚ͞ࡌͰܗ
ΠΫϩϗϯΞϨΠͷํޙͰϓϩϖϥ͕υϩʔϯϊΠζ
Λൃ͢Δ͜ͱʹͳΔɽΑͬͯԻݯυϩʔϯͷํޙͰ
ͳ͘ɼυϩʔϯͷલํʹ͋Δ͜ͱ͕·͍͠ɽຊΞ
ϧΰϦζϜͰυϩʔϯͷ࢟ਪఆԻݯҐஔ ŝkΛ
͘Α͏ʹஔ͠ɼϚΠΫϩϗϯΞϨΠ i͕ෳԻݯʹ
ରͯ֬͠৴͕ᮢ pthreΛ͑Δ߹֘͢ΔԻݯ
Α͏ʹஔͨ͠ɽ͘Λํۉͷฏ܈

2.5 ॳظλΠϜεςοϓͷॲཧ

ͰطݯɼԻࡍΔ͢ߦͷΞϧΰϦζϜΛ࣮ه্
͋Δඞཁ͕͋Γɼ·ͨ֬৴ p(αi→k)ͷॳظ͕ඞཁ
ʹͳΔɽͦ͜ͰɼຊߘͰԻݯ SطͱԾఆ͠ɼ
֬৴ p(αi→k)ͷॳظશͯͷԻݯɾϚΠΫϩϗϯΞ
ϨΠͷϖΞʹஔ͍ͯ 0.5ͱઃఆ͢Δɽ·ͨɼMT-GSFT
Λ্͏ߦͰॳࣄظલΛઃఆ͢Δඞཁ͕͋Δ͕ɼຊ
ଌྔ֯ࡾग़ͨ͠ࢉͰશϚΠΫϩϗϯΞϨΠ͔Βߘ
Λ k-means ๏Ͱ SݸͷΫϥελʔʹׂ͠ɼ֤Ϋϥε
λʔͷॏ৺ΛฏۉɼΣgen ∈ R3 Λࢄͱͨ͠ਖ਼نཚ
ੜ͔ثΒ I ͷݸ Γग़͠ɼͦΕͧΕͷ࡞ͷΛݩ࣍3
Λฏͭ࣋ʹۉࢄ Σ0 ͷਖ਼نΛ߹ͨࠞ͠߹Ψ
εΛॳࣄظલʹ༻͍Δɽ

3 ධՁγϛϡϨʔγϣϯ

ఏҊख๏ʹΑΔϚΠΫϩϗϯΞϨΠஔͷ࠷దԽʹ
ΑͬͯෳԻݯͷҐஔ͕ՄʹͳΔ͔Λ͔֬ΊΔ
ͨΊɼγϛϡϨʔγϣϯΛ͍ߦɼͦͷ༗ޮੑΛݕ
ূͨ͠ɽ

3.1 γϛϡϨʔγϣϯઃఆ

ఏҊख๏ͷ༗ޮੑΛධՁ͢ΔͨΊɼఏҊख๏ΛMAT-
LAB্Ͱ࣮ͨ͠ɽຊγϛϡϨʔγϣϯͰԻݯ 1ͱ
Իݯ 2ͷ Λஔ͠ɼ6ͷυϩʔϯͰͦΕݯͷԻݸ2
ͧΕͷԻݯҐஔΛ͢Δ͜ͱΛ͑ߟΔɽʢਤ 1ʣҎԼ
ਤ 1ͰԁܗͷيΛඳ͘ԻݯΛԻݯ 1ɼܗ࢛֯ͷي

ਤ 1: ্͔ΒͨݟϑΟʔϧυਤɽ֤Իݯ࢛֯Ϛʔ
Χʔ͔ΒͰܭ࣌ճΓʹҠಈ͢Δɽҹɾ
ҹ֤ϚΠΫϩϗϯΞϨΠͷॳ࢟ظΛࣔ͢ɽ(MA=
ϚΠΫϩϗϯΞϨΠ)

ਤ 2: ܗٿ 16 ch ϚΠΫϩϗϯΞϨΠΛߏ͢ΔϚΠ
Ϋϩϗϯஔ

Λඳ͘ԻݯΛԻݯ 2ͱهड़͢Δɽਤ 1্͔Βͨݟ၆
ᛌਤͰ͋Δ͕ɼ࣮ࡍʹ ͓ͯͬߦͷҐஔΛݩ࣍3
Γɼ֤Իݯ͞ߴ z = 1.5 m ʹҐஔ͢Δɽ·ͨɼ֤υ
ϩʔϯͷॳظҐஔ z = 5ฏ໘Ͱ (x, y, z) = (4, 0, 5)

Λத৺ʹܘ 7 m ͷԁ্ހʹִؒʹஔ͖ɼ྆Իݯ
ΛғΉΑ͏ʹஔͨ͠ɽ֤υϩʔϯʹ 16chͷܗٿ
ϚΠΫϩϗϯΞϨΠ (ਤ 2) Λ 1 ͓ͣͭͯ͠ࡌΓɼ
24bitɼ16 kHzͰऩΛ͏ߦɽऩ T = 46ඵ͍ؒߦɼ
ରͰ͋ΔԻݯ T ඵ͔͚ؒͯਤͷઢͷيಓΛ
ͪΐ͏Ͳ 1प͢ΔΑ͏ʹਐΉɽԻݯ 1ͱԻݯ 2ͦΕ
ͧΕ 1000 Hz, 2000 Hz ͷਖ਼ݭΛઈ͑ͣग़ྗ͍ͯ͠
Δɽ·ͨɼຊγϛϡϨʔγϣϯڥΛ࣮ࡍͷ֎ڥ
ͱ͚ۙͮΔͨΊɼ֤ϚΠΫϩϗϯΞϨΠʹ༧Ίऩ
͞Εͨ 16 ch ͷυϩʔϯϊΠζΛՃ͓ͯ͠ΓɼԻݯ
৴߸ͱͷ SNൺ −35 dB ͱઃఆͨ͠ɽ֤υϩʔϯ
ࣜ (5)ͷߋ৽ଇʹै͍Ҡಈ͠ɼߋ৽ʹඞཁͳύϥϝʔ
λ λg = 0.01, λh = 0.0001, zlim = 4.79ͱઃఆͨ͠ɽ
ࣜ (5)ͷ࠷খԽͷࢉܭʹ๏Λ༻͍ͨɽԻํݯ
ਪఆʹMUSIC๏ [7]Λద༻͠ɼωL = 900 Hz ͔Β
ωH = 2100 Hz ͷؒͷ৴߸ΑΓํਪఆʹ༻͍Δۭؒ
εϖΫτϧΛํҐ֯ɾ֯ڼͱʹ 5ࠁΈͰࢉग़͢Δɽ
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ਤ 3: ԻݯҐஔ݁Ռ

3.2 ݁Ռɾߟ

ਤ 3 46ඵؒͷऩͷؒʹಘΒΕͨԻݯҐஔͷ
݁ՌͱϚΠΫϩϗϯΞϨΠஔͰ͋ΓɼఏҊख๏
྆Իݯͷيͷ֓ܗΛଊ͍͑ͯΔ͜ͱ͕͔Δɽ·ͨɼ
γϛϡϨʔγϣϯத൫ͰMA2, 3, 4, 5͕Իݯ 1Λ
ִؒͰғΜͰ͓ΓɼMA1, 4, 6͕Իݯ 2ΛִؒͰғΉ
Α͏ʹҠಈ͍ͯ͠Δ༷ݟ͕ࢠΒΕͨɽ͜Εࣜ (5)Λ௨
దԽʹΑͬͯɼ֤ϚΠΫϩϗϯΞϨΠͷਪఆํ࠷ͨ͡
ΘΕΔɽࢥަʹۙͮ͜͏ͱ͢Δ͔ΒͰ͋Δͱ͕࢜ಉ
·ͨɼ֤ϚΠΫϩϗϯΞϨΠͷ͞ߴৗ࣌ zlim = 4.79

m Ͱ͋Γɼ͔ͭ؍ଌͰ͖ΔԻݯͱ͓Αͦ 10 m લޙ
ͷڑΛอͱ͏͢Δಈ͖͕ݟΒΕ͓ͯΓɼࣜ (5)ͷ࠷ద
ԽΛ௨֤ͯ͡ϚΠΫϩϗϯΞϨΠ͕ਪఆํಉ࢜ͷ
ަੑΛकΓͭͭԻݯʹͳΔۙͮ͘͜͏ͱ͍ͯ͠Δ
ݯӐ͑ΔɽԻ͕ࢠ༷ 1ʢԁيಓʣͷRMSE (Root Mean
Square Error)  2.15 m, Իݯ 2ʢي࢛֯ಓʣͷRMSE
 0.65 m Ͱ͋ͬͨɽԻݯ 1ͷ RMSE͕ൺֱతେ͖͍
ͷɼਤ 3(f)ͰݟΒΕΔΑ͏ʹɼ݁Ռ͕Իݯ 2ͷ
ͰߘಓʹҾͬுΒΕͯ͠·͔ͬͨΒͰ͋Δɽຊي
͢ΔϑΟϧλʔಉڞ͕࢜௨͢ΔԻݯͷҐஔΛਪఆ͠
ͯ͠·ͬͨͱ͖ɼಉ͡ԻݯΛ͠ͳ͍Α͏ʹ͢Δॲ
ஔΛ͍ͯ͠ࢪͳ͍ͨΊɼਤ 3(f)ͷΑ͏ʹ͍ۙԻيݯಓ
ʹ݁Ռ͕υϦϑτͯ͠͠·͏ݱ͕͖ͨىͱ͑ߟ
ΒΕΔɽ࣮ࡍʹɼυϩʔϯ܈ʹผͷॳظஔΛ༩͑ͯ
γϛϡϨʔγϣϯͨ͠ͱ͖ɼ2ͭͷԻݯϑΟϧλʔ
͕ಉ͡ԻݯΛऴ࢝ͯ͠͠·͍ɼ6ͷυϩʔϯ͕

Իݯ 2͚ͩΛғΉέʔε͕ݟΒΕͨɽΑͬͯɼԻݯಉ
Λࠞಉ͠ͳݯ߹ʹϑΟϧλʔ͕Իͨͬد͕ۙ࢜
͍Α͏ͳॲஔͷඞཁੑ͕Ӑ͑ͨɽ
ਤ 4֤ϚΠΫϩϗϯΞϨΠͷԻݯʹର͢Δ֬৴

p(αi→k)ͷਪҠΛࣔͨ͠ͷͰ͋Δɽྫ͑ɼॳظҐ
ஔ͕Իݯ 1ʹۙ͘ɼԻݯ 2͔Βԕ͔ͬͨMA2, 3 Ի
ݯ 1ʹର͢Δ֬৴͕૿Ճ͠ɼԻݯ 2ʹର͢Δ֬৴
,ΒΕΔɽͦͷͨΊɼMA2ݟͨ͜͠ͱ͕ݱ͕ 3Իݯ
1ͷԻݯʹد༩͢Δ͜ͱʹूத͠ɼऴ࢝Իݯ 1ͷ
पғΛҠಈ͍ͯ͠Δ͜ͱ͕͔ΔɽԻݯ 2ͷʹ͓
͍ͯಉ༷ͷ͜ͱ͕MA1, ,ΒΕΔɽMA4ݟ͍ͯͭʹ6
5ʹ͍ͭͯɼॳظҐஔൺֱతԻݯ 1, 2ͷ྆ํʹۙ
͔ͬͨ͜ͱ͔Βɼ྆ํͷԻݯͷํΛਪఆͰ͖͍ͯͨ
͜ͱ͕֬ೝ͞ΕͨɽΑͬͯɼγϛϡϨʔγϣϯং൫ͷ
྆Իݯʹର͢Δ MA4, 5 ͷ֬৴ Pthre = 0.3Λ
͓͑ͯΓɼ྆Իݯͷʹد༩͍༷ͯͨ͠ݟ͕ࢠΒΕ
Δɽͨͩ͠ɼࣜ (5)ʹΑ֤ͬͯϚΠΫϩϗϯΞϨΠ
ਪఆํಉ͕࢜ަ͢ΔΑ͏ʹஔ͢Δ࡞༻͕ͨΒ
͖ɼϚΠΫϩϗϯΞϨΠಉ࢜ͷҐஔͳΔ͘ΕΔ
Α͏ʹҠಈ͢ΔΑ͏ʹͳΔɽͦͷͨΊɼMA4ৗʹԻ
ݯ 1ͱ 2ͷؒʹஔ྆͠ԻݯͷํਪఆʹΊΔҰํ
ͰɼMA5Իݯ 1͕͋ΔํҾͬுΒΕɼ͕ͯԻݯ
1ͷͷΈʹد༩͢ΔΑ͏ʹͳͬͨɽҎ্ΑΓɼࣜ
(1)ʹΑΔ֬৴ͷߋ৽Λ௨ͯ͡ɼ֤ϚΠΫϩϗϯΞϨ
Πͷ֬৴ԻݯΛฉ͖औΕΔʢ=Իݯʹۙ͘ SNൺ
͕େ͖͍ʣ߹্ঢ͠ɼͦ͏Ͱͳ͍߹ݮগ͢Δ
ҙਤ௨Γͷݟ͕ΒΕͨɽ·ͨɼఏҊΞϧΰϦζϜ
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ਤ 4: ֤ϚΠΫϩϗϯΞϨΠͷ֤Իݯʹର͢Δ֬৴ͷਪҠ

ʹΑͬͯԻݯͷҐஔͱϚΠΫϩϗϯΞϨΠஔͷ
ϚΠΫϩϗϯ͍ߴର͢Δ֬৴͕ʹݯ৽ɼͦͷԻߋ
ΞϨΠͷΈʹΑͬͯߦΘΕ͍ͯΔ͜ͱ͕Ӑ͑Δɽ

4 ऴΘΓʹ

ຊߘͰɼϚΠΫϩϗϯΞϨΠࡌυϩʔϯ܈ʹΑ
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1: CHiME-6 dev set eval set WER.
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2: CER RTF

eval1 eval2 eval3 RTF

5.9 4.2 4.6 N/A

8.0 5.4 6.6 N/A

10.1 7.4 7.9 0.55

CTC 10.3 7.8 9.4 0.40

9.1 6.7 7.7 0.40

4.3.1

2 CER RTF

CER RTF
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CER

RTF

2
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RTF

CTC

RTF CER

1 0.8K

CTC

CER

CER

2

2:

3: Re-blocking

eval1 eval2 eval3

10.1 7.4 7.9

Re-blocking 10.4 7.7 11.7

Re-blocking 9.1 6.7 7.7

4.3.2 Re-blocking

3 Re-blocking Re-blocking

CER Re-

blocking

CER 3.2

Re-blocking

Blockwise

Re-blocking

5

Blockwise

Re-blocking

CTC

1%

70.1%

(RTF) (CER)
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