
ମಛྔʹݥةͮ͘جӡసঢ়گͷਪఆ

ຊࢁ मฏ1 ౡ ݈1 দྛ ୡ1࢙ ాށ ೭1ߒ

֓ཁɿυϥΠϒϨίʔμͰه͞Εͨަ௨ނࣄͦΕʹ͍ۙݥةͳӡసঢ়گʹؔ͢Δө૾ηϯασʔλ
ɼυϥΠόʔͷ҆શӡసڭҭ๏ਓं྆ͷӡߦཧαʔϏεʹར༻͞ΕΔ༗ӹͳใͰ͋Δɽ͜ͷΑ͏

ͳυϥΠϒϨίʔμͷσʔλɼंʹٸͳڍಈͷมԽ͕͋ͬͨ͜ͱ͕τϦΨʔͱͳΓه͞ΕΔ͕ɼஈࠩ

ΛΓӽ͑ͨࡍͷিܸͰݥةӡసͰͳ͍σʔλଟ͘ه͞Ε͍ࠞͯ͠ࡏΔɽ·ͨݥةӡసΛؚΉ

ͱͯ͠ɼଟ༷ͳσʔλ͕ଘ͢ࡏΔͨΊɼ༰ʹԠͯ͡ྨܕԽ͞ΕΔ͜ͱ͕·͍͠ɽຊจͰɼυϥ

ΠϒϨίʔμσʔλʹରͯ͠ɼݥةӡసͷൃੜରϥϕϧͷࣗಈਪఆͷλεΫʹऔΓΉɽஶऀΒ͜Ε

·Ͱಉ༷ͷλεΫʹऔΓΜͰ͖͕ͨɼຊจͰಛʹɼҟͳΔڥͰه͞ΕΔσʔλʹରͯ͠ؤ

݈ͳਪఆΛ࣮͢ݱΔͨΊɼલํө૾ʹରͯ͠ମݕग़ٕज़Λద༻ͯ͠ಘΒΕΔମݕग़݁Ռʹண͢Δɽ

ਂֶशʹطͮ͘جଘख๏ʹΑͬͯମݕग़݁ՌΛಛϕΫτϧʹม͢Δʹ͋ͨΓɼຊจͰ 2ͭͷ

֦ுΛఏҊ͢Δɽ1ͭମݕग़݁Ռ͔ΒಘΒΕΔڥքྖҬΛͱʹɼମͷॏཁΛྀߟͰ͖Δಛ

ྔΛࢉग़͢Δɽ2ͭͦͷಛྔʹ͍ͯͮجॏཁମΛ༏ઌతʹબग़͠ɼݥةͷ͍ߴମͷऔΓ͜

΅͠ͷՄੑΛ͘͢Δɽ࣮ࡍͷυϥΠϒϨίʔμσʔλΛ༻͍ͨධՁ࣮ݧͷ݁Ռɼ2ͭͷ֦ுΛ༻͍

ͨఏҊख๏͕ɼطଘख๏ʹൺ͍ͯߴਪఆੑΛࣔ͢͜ͱΛ໌Β͔ʹͨ͠ɽ

Estimating Dangerous Driving Scene based on Object Features

SHUHEI YAMAMOTO1 TAKESHI KURASHIMA1 TATSUSHI MATSUBAYASHI1 HIROYUKI TODA1

1. ͡Ίʹ

υϥΠϒϨίʔμͱɼंʹઃஔ͞Εɼલํө૾ɼՃ

ɼΟϯΧʔૢ࡞ɼϒϨʔΩૢ࡞ͳͲͷं྆ӡߦঢ়گ

Λه͢ΔஔͰ͋Δ*1. ߦதͷશࠁ࣌ͷใΛه͢

Δ͜ͱɼهԱ༰ྔͳͲͷ͋ΓࠔͳͨΊɼ࣮ࡍʹ

ՃʹҰఆͷᮢΛઃ͚ɼं྆ʹԿΒ͔ͷিܸ͕͋ͬ

ͨͱ͑ߟΒΕΔλΠϛϯάΛݕ͠ɼͦͷલेޙඵͷө

૾ͱηϯαใΛه͢Δ͜ͱ͕ଟ͍ɽ͜ͷΑ͏ʹه͞

ΕͨσʔλΛɼຊจͰΠϕϯτσʔλͱݺͿɽΠϕϯ

τσʔλͷɼަ௨ނࣄͦΕʹ͍ۙݥةͳঢ়گʢώϠϦ

ϋοτʣ͕ه͞Εͨσʔλɼަ௨ނࣄͷࡍͷূͱ͠

ө૾ΛυϥΠόʔ͕ʹࡍΕ͍ͯΔ͚ͩͰͳ͘ɼ࣮͞༺׆ͯ

ௌͯ͠ɼࣗͷӡసΛৼΓฦͬͨΓࢹ [27]ɼݥة༧܇࿅

Λ͏ߦͳͲ [2]ɼ҆શӡసڭҭʹ׆༻͞Ε͍ͯΔɽ·ͨɼ๏

ਓӡ྆ंߦͳͲΛରʹɼߦதͷӡ͔྆ंߦΒݥةӡస

1 ຊి৴ిࣜגձࣾ NTT αʔϏεΤϘϦϡʔγϣϯڀݚॴ
*1 http://www.honda.co.jp/safetyinfo/global/safetyinfo_

2016_E.pdf

ਤ 1 υϥΠϒϨίʔμͰه͞ΕͨݥةӡసγʔϯͷྫɽࠨਤͰ

ɼࠥࡾ࿏ʹ৵ೖ͢Δंʹରͯ͠ɼӈਤͰɼาಓΛΔࣗస

ंʹରͯ͠ٸϒϨʔΩ͠ɼݥةӡసΛ͍ͯ͜͠ىΔɽ

γʔϯΛݕग़͠ɼසൟʹݥةӡసΛ͢ΔυϥΠόʔͷނࣄ

Λະવʹ͙͜ͱʹར༻͞Ε͍ͯΔ [31]ɽࡏݱݸਓͷ

͍ͯ͠ΔʮώϠϦϋοτϚο࡞ਓखͰʹݩࣝΛݧܦ

ϓʯ*2ͷΑ͏ͳαʔϏε*3 *4ɼΠϕϯτσʔλΛେྔʹ

ੵ͠ݥةӡసͷൃੜՕॴΛू͍ͯ͘͜͠ܭͱʹΑͬͯɼ

ࣗಈతʹ࡞Ͱ͖Δͱ͑ߟΒΕΔɽ࣮ࡍͷݥةӡసγʔϯ

ͱͳͬͨલํө૾ͷը૾ྫΛਤ 1ʹࣔ͢ɽ

*2 ަ௨͜ى͕ނࣄΓ͍͢ੑݥةͷ͍ߴॴΛهͨ͠ਤ
*3 https://www.city.saitama.jp/kita/001/001/003/

p020992.html
*4 https://www.city.matsuyama.ehime.jp/kurashi/kurashi/

seibi/keikaku/childmap/kodomomesen.html
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ҰํɼυϥΠϒϨίʔμͰه͞ΕΔશͯͷΠϕϯτ

σʔλ͕ަ௨ނࣄݥةӡసʹؔ͢ΔͷͰͳ͍ɽ౦ژ

େֶεϚʔτϞϏϦςΟڌڀݚͷௐࠪʹΑΔͱɼྫ

͑ɼಓ࿏ͷܹ͍͠ى෬͕ݪҼͰं྆ʹେ͖ͳিܸ͕Ճ͑

ΒΕه͞Εͨͷɼ͍ڱಓ࿏ͰͷํసͷͨΊʹߦ

͏খࠁΈͳՃ͕ݪҼͰه͞ΕͨͷͳͲɼݥةγʔϯ

Λؚ·ͳ͍Πϕϯτσʔλશମͷ 70%ؚۙ͘·Ε͍ͯ

Δ [25]ɽ·ͨɼ࣮ࡍͷ҆શӡసڭҭӡߦཧͷݱͰɼ

ྫ͑υϥΠόʔͷۤखͳӡసঢ়گώϠϦϋοτϚοϓ

ͷৄࡉԽͷͨΊʹɼݥةӡసͷൃੜରʢྫ͑ɼาऀߦ

ͱিಥͦ͠͏ʹͳͬͨͳͲʣΛ༩͢Δ͜ͱ·Ε͍ͯ

Δɽ͔͠͠ͳ͕Βɼऩू͞ΕͨେͳΠϕϯτσʔλΛਓ

खͰநग़͠ɼߋʹͦͷൃੜରΛϥϕϦϯά͢Δ͜ͱɼ

ेඵͷө૾Λେͳ݅Ӿཡͯ͠ఆ͢Δ͕ۀ࡞ඞཁʹ

ͳΔͨΊɼͦͷఆऀʹଟ͘ͷ࿑ྗҙྗΛཁ͢Δɽ͜

ͷͨΊɼ͜ΕΒͷੵ͞ΕͨΠϕϯτσʔλͷத͔Βɼࣗ

ಈతʹݥةӡసγʔϯΛؚΉσʔλΛநग़ͦ͠ͷൃੜର

ΛϥϕϦϯά͢Δ͜ͱɼ҆શӡసڭҭӡߦཧʹ͔͔

ΔίετΛ͠ݮɼৄࡉͳใΛఏڙͰ͖Δ͜ͱ͔Βɼͦ

ΕΛଅਐ͢ΔޮՌ͕ظ͞ΕΔɽͦ͜ͰຊจͰɼΠϕ

ϯτσʔλͷू߹ʹରͯ͠ɼݥةӡస͕ࡍͨͬ͜ىͷൃੜ

ରͷϥϕϧΛࣗಈతʹ༩͢ΔλεΫʹऔΓΉɽ

͜ͷλεΫʹରͯ͠ɼஶऀΒ͜Ε·Ͱʹɼલํө૾

ͱηϯαใΛ͋ࢣڭͨ͠༺׆Γਂֶशʹͮ͘جख๏Λ

ఏҊ͍ͯ͠Δ [28], [29]ɽ͜͜ͰͷఏҊख๏ɼ͋Δఔ౷

Ұ͞ΕͨڥͰه͞ΕͨΠϕϯτσʔλΛఆͨ͠ͷ

Ͱ͋ͬͨɽ͔͠͠ɼӡߦཧͷΑ͏ͳݱͰɼ༷ʑͳυ

ϥΠϒϨίʔμͷػछंछɼߦҬͰΠϕϯτσʔλ

Ͱɼྫگ͞ΕΔ͜ͱ͕ఆ͞ΕΔɽ͜ͷΑ͏ͳঢ়ه͕

͑υϥΠϒϨίʔμͷػछʹΑͬͯલํө૾ͷղ૾

ը͕֯ҟͳͬͨΓɼυϥΠϒϨίʔμͷઃஔҐஔઃஔ

͢ΔंछʹΑͬͯηϯα͕ҟͳΔΛهͯͬ࣋͞ΕΔ

ͨΊɼݸʑͷҟͳΓΛٵऩ͢ΔͨΊͷલॲཧ͕ඞཁͱͳΔɽ

ࠔΘͤͨલॲཧͷํࣜΛཱ֬͢Δ͜ͱ߹ʹڥʑͷݸ

Ͱ͋Γɼ্هͷఏҊख๏Ͱଟ༷ͳڥͰه͞ΕͨΠϕ

ϯτσʔλʹରͯ͠ਫ਼͕Լ͢Δͱ͑ߟΒΕΔɽ

ຊจͰɼલํө૾ʹରͯ͠ମݕग़ٕज़Λద༻͠ɼ

ಘΒΕͨମใʹண͢Δɽମݕग़ɼը૾தʹөΔ

ମͷ໊শΛڥքྖҬͱݕʹڞग़͢Δٕज़Ͱ͋Δ [15]ɽ

ମใΠϕϯτσʔλͷهڥʹґଘ͠ͳ͍ใͱ͠

ͯ֫ಘͰ͖ΔͨΊɼಛผͳલॲཧΛඞཁͱ͠ͳ͍ར͕͋

Δɽ͞ΒʹɼຊจͰө૾தͷମݕग़݁ՌΛѻ͏طଘ

ٕज़ͱͯ͠ɼDynamic Spatial AttentionʢDSAʣ[1]ʹண

͠ɼΠϕϯτσʔλதͷલํө૾ʹద༻͢ΔͨΊͷ֦ு

ख๏ΛఏҊ͢ΔɽDSAਂֶशʹͮ͘جख๏Ͱɼલ࣌

ग़݁ՌΛదͳݕͳ͕Βɼը૾தͷମྀ͠ߟͷը૾Λࠁ

ಛྔʹม͢ΔߏػͰ͋ΔɽຊจͰͷओͳ֦ுɼ

ମݕग़݁Ռ͔ΒಘΒΕΔڥքྖҬʹͮ͘جಛྔΛࢉग़

͢Δͱɼͦͷಛྔʹ͍ͯͮجը૾தͷॏཁͱࢥΘΕΔ

ମΛ༏ઌతʹநग़͢ΔͰ͋Δɽ͜ͷ֦ுʹΑΓɼDSA

Ͱ͜Ε·Ͱଊ͍͑ͯͳ͔ͬͨɼࣗंͱલํө૾தͷମͱ

ͷڑ֯ͳͲͷҐஔؔΛ؆қʹѻ͑ΔΑ͏ʹͳΓɼ

͞ΒʹॏཁମͷऔΓ͜΅͠ͷՄੑΛ͘Ͱ͖ɼݥةӡ

సͷൃੜରਪఆλεΫʹ͓͚Δਫ਼ظ্͕Ͱ͖Δɽ

ҎԼɼຊจͷߏΛࣔ͢ɽ2ষͰݥةӡసγʔϯͷݕ

ग़ྨͷؔ࿈ڀݚʹ͍ͭͯड़Δɽ3ষͰຊจͰѻ

͏Πϕϯτσʔλͷߏͦͷલॲཧʹ͍ͭͯड़ɼDSA

ʹ͍ͭͯ؆୯ʹհ͢Δɽ4ষͰຊจͰఏҊ͢Δ DSA

ͷ֦ுͱɼख๏ͷશମ૾ʹ͍ͭͯઆ໌͢Δɽ5ষͰ࣮

͍༺͞ΕͨΠϕϯτσʔλΛهͷυϥΠϒϨίʔμͰࡍ

ͯɼ࣮ݧʹΑͬͯఏҊख๏ͷ༗ޮੑΛධՁ͢Δɽ6ষͰ

ຊจͷ·ͱΊͱޙࠓͷ՝ʹ͍ͭͯड़Δɽ

2. ؔ࿈ڀݚ

ຊষͰɼυϥΠϒϨίʔμ͔Βͷݥةӡసγʔϯͷݕ

ग़Λѻ͏ؔ࿈ڀݚͱɼυϥΠϒϨίʔμΛ༻͍ͨͦͷଞͷ

ؔ࿈ڀݚʹ͍ͭͯड़ɼຊڀݚͷҐஔ͚Λཧ͢Δɽ

υϥΠϒϨίʔμͷલํө૾σʔλΛ༻͍ͨݥةӡస

γʔϯΛରͱ͢Δڀݚͱͯ͠ɼͦͷγʔϯΛݕग़ɾ

ྨ͢Δڀݚ [6], [19]ͱɼݥةӡసγʔϯ͕কདྷൃੜ͢Δ͔

Λ༧ଌ͢Δڀݚ [1], [20] ʹผΕΔɽ͍ͣΕը૾ղੳ

Convolutional Neural NetworkʢCNNʣ[3]ɼྻܥ࣌ϞσϦ

ϯάRecurrent Neural NetworkʢRNNʣ[13]Λ༻͍͍ͯ

Δɽಛʹ ChanΒͷڀݚ [1]ͰɼंࡌΧϝϥͰه͞Ε

Δલํө૾தͷҠಈମؒͷަ௨ނࣄΛ༧ଌ͢ΔͨΊɼը૾

தͷମݕग़݁ՌΛೖྗʹ༻͍ɼDSAʹΑΔಛมख

๏ΛఏҊ͍ͯ͠ΔɽSuzukiΒͷڀݚ [20]ͰɼDSAΛ༻

͍ͯମݕग़݁ՌΛಛม͠ɼΑΓਖ਼֬ͳ༧ଌ݁ՌΛಘ

ΔͨΊͷతؔͷఏҊΛ͍ͯ͠ΔɽຊจͰऔΓΉλ

εΫʹ͓͚Δ DSAͷ༗ޮੑʹ͍ͭͯɼఏҊख๏ͱڞʹ

5ষͷ࣮ݧʹΑͬͯධՁ͢ΔɽυϥΠϒϨίʔμͷηϯα

σʔλΛରͱͨ͠ݥةӡసγʔϯΛѻ͏ڀݚͱͯ͠ɼ

ͱՃʹݧܦతͳϧʔϧΛઃఆ͠ɼᮢௐʹΑͬͯ

ڀݚग़͢ΔݕӡసΛؚΉΠϕϯτσʔλΛݥة [26]ɼη

ϯασʔλΛదͳಛྔʹมͯ͠ӈં࣌ͷώϠϦϋο

τͷൃੜܗଶΛੳ͠ɼӈં࣌ͷώϠϦϋοτݕग़ʹऔΓ

Ήڀݚ [30]͕͋ΔɽຊڀݚͰࣗंͷݥةӡసͷൃੜର

ͷࣝผλεΫʹऔΓΈɼલํө૾ͷΈΛೖྗʹѻͬͯ

͍Δ͜ͱ͔Βɼ͜ΕΒͷڀݚͱҟͳΔɽ

ग़Ҏ֎ʹɼυϥΠϒϨίʔμ༷ʑͳλݕӡసͷݥة

εΫͰ༻͍ΒΕ͍ͯΔɽηϯασʔλʹؚ·ΕΔυϥΠό

ͷӡసૢ࡞Λ༻͍ͨͷͰɼݥةӡసͷ͜ىΓ͍͢જ

ڀݚಓ࿏ͷਪఆΛ͢Δͭ࣋ϦεΫΛࡏ [11], [32]ɼසൟʹ

ڀݚυϥΠόʔͷྨʹؔ͢Δ͢͜ىӡసΛݥة [23], [24]

͕͋Δɽं྆ӡߦதͷલํө૾σʔλɼࣗಈंͷࣗಈӡ

సʹؔ͢ΔڀݚͰ෯͘ར༻͞Ε͍ͯΔɽࣗಈӡసλε
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ΫͰɼલํө૾ʹ͍ͯجϋϯυϧͷૢ֯Λ༧ଌ͢Δ

ڀݚ [9]ɼंͷਐɼંࠨɼӈંɼंઢมߋɼఀࢭͳͲͷ

ӡసૢ࡞Λ༧ଌ͢Δڀݚ [21]ɼಉ༷ͷλεΫʹंө૾

ڀݚ͍ͨ༺ [5]ͳͲ͕͋Δɽ͜ΕΒ͍ͣΕਂֶशʹ

ख๏ΛఏҊ͓ͯ͠Γɼը૾ղੳͮ͘ج CNNɼྻܥ࣌Ϟ

σϦϯά RNN ʹ͓͍ͯ༗ޮੑͷΒΕ͍ͯΔɼLong

Short-Term MemoryʢLSTMʣ [4] Λ༻͍͍ͯΔɽຊจ

Ͱ CNN LSTMΛ༻͍ͨϞσϧԽʹऔΓΉͷͷɼ

λεΫ͕ҟͳΔɽ

3. ४උ

3.1 ମݕग़ͷద༻

ຊจͰલํө૾ͷϑϨʔϜը૾ྻܥ I1, I2, · · · , IT ʹ
ର͠ମݕग़ॲཧΛ͍ߦɼͦ ͷ݁ՌΛ׆༻͢Δɽ͜͜ͰɼT

Πϕϯτσʔλͷ૯ϑϨʔϜͰ͋Δɽࠁ࣌ tͷը૾ It

͔ΒಘΒΕΔମݕग़݁ՌɼNtݸͷݕग़͞ΕͨΦϒδΣ

ΫτΛͪ࣋ɼ֤ΦϒδΣΫτͷ IDΛ૯ମछྨ V ݩ࣍

ͷ 1-of-KදݱͰͭ࣋ϕΫτϧ x̂O
t,nɼ֤ΦϒδΣΫτͷݕग़

͞ΕͨྖҬใΛͭ࣋ϕΫτϧ lt,nɼٴͼ֤ΦϒδΣΫτͷ

ग़৴པݕ pt,n ∈ (0, 1]͔ΒͳΔʢn = 1, 2, · · · , Ntʣɽ͜͜

Ͱɼྖ ҬใϕΫτϧ lt,nɼͦ ͷࠨɼ্ ɼӈɼԼͷ

4ͭͷը૾தͷ࠲ඪΛͭ࣋ (lt,n = {xlef
t,n, y

top
t,n , x

rig
t,n, y

bot
t,n })ɽ

3.2 Dynamic Spatial Attention

Dynamic Spatial AttentionʢDSAʣ[1]ɼυϥΠϒϨ

ίʔμͳͲͰه͞ΕΔө૾தͷަ௨ނࣄΛ༧ଌ͢Δͨ

Ίɼը૾தͷෳͷମʹؔ͢ΔྖҬใΛ DNNʹΑͬ

ͯಛม͢Δख๏Ͱ͋Δɽ֤ը૾ͷମใΛɼྻܥ࣌

ใྀ͠ߟͳ͕Βಛม͢Δ͜ͱ͕Ͱ͖ɼަ௨ނࣄͷ

༧ଌλεΫͰ͍ߴਫ਼Λୡ͍ͯ͠ΔɽຊจͰऔΓΉ

Πϕϯτσʔλʹର͢Δݥةӡసঢ়گͷਪఆʹ͓͍ͯɼ

લํө૾தͷରମ͕ॏཁͳಛͰ͋Δ͜ͱ͔Βɼͦͷ

ޮՌΛظͰ͖ΔɽຊઅͰɼDSAͷಛมͷํ๏ʹͭ

͍ͯ؆୯ʹઆ໌͢Δɽ

DSAɼ·ͣɼࠁ࣌ tͷը૾ It ͔Βݕग़͞Ε֤ͨମ

j ʹର͠ɼମಛϕΫτϧ x̂t,j Λࢉग़͢Δɽx̂t,j ɼର

ମͷྖҬͷΈநग़ͨ͠ը૾ΛɼImageNetσʔληο

τ [16]Ͱ Pre-trainingͨ͠ VGG[17]ʹΑͬͯΤϯίʔυ

͢Δ͜ͱͰಘΒΕΔɽࠁ࣌ tͷը૾͔Βݕग़͞Εͨମू

߹ {x̂t,j}Jj=1 ʹؔ͢ΔಛϕΫτϧ xL
t ɼSelf-Attention

ߏػ [22]ʹΑͬͯ͞ࢉܭΕΔɽ

xL
t =

J∑

j=1

αt,j x̂t,j , αt,j =
exp(et,j)∑J

j′=1 exp(et,j′)
. (1)

͜͜ͰɼJ ೖྗମΛίϯτϩʔϧ͢ΔᮢͰɼet,j 

SoftmaxؔͰਖ਼نԽ͞ΕΔલͷ AttentionॏΈͰ͋Γɼ

ΕΔɽ͞ࢉܭͷࣜͰ࣍

et,j = wTtanh(Weht−1 +Uex̂t,j + be). (2)

͜͜Ͱɼw,We,Ue,be χϡʔϥϧωοτϫʔΫͷϞσ

ϧύϥϝʔλɼht−1 ɼ1ࠁ࣌લͷೖྗը૾ It−1 ʹର͠

ͯ DSA͕Τϯίʔυͨ͠ಛϕΫτϧͰ͋Γɼ͜ͷޙͷ

ࣜ (3)ʹΑͬͯಘΒΕΔɽ͜ΕʹΑΓɼલࠁ࣌ͷը૾தͷ

ମू߹ͱࠁ࣌ࡏݱͷಛఆͷମͱͷؔੑΛଊ͑ͨॏΈ

et,j Λࢉग़͢Δɽ

͜Εͱผʹɼը૾શମͷେ·͔ͳΛྀͨ͠ߟಛ

ϕΫτϧ xF
t Λɼը૾ It ͦͷͷΛ্هͱಉ༷ͷֶशࡁΈ

ͷ VGGʹΑΔΤϯίʔυͰಘΔɽ͜ͷը૾શମͷಛϕ

Ϋτϧ xF
t ͱɼը૾தͷମू߹ʹؔͯ͠ಘΒΕͨಛϕ

Ϋτϧ xL
t Λྀ͢ߟʹڞΔͨΊɼ2ͭͷಛϕΫτϧͷ݁

߹ xt = [xF
t ;x

L
t ]Λ͏ߦɽ͜ͷ xt Λ LSTMʹೖྗ͠ɼͦ

ͷग़ྗͱͯ͠ಛϕΫτϧ ht ΛಘΔɽ

(ht, ct) = LSTM(xt,ht−1, ct−1). (3)

͜͜Ͱɼct  LSTM͕ྻܥঢ়ଶΛྀ͢ߟΔͨΊͷϝϞϧ

ηϧͰ͋Δ͕ɼຊจͰઆ໌Λলུ͢Δɽ͜ͷॲཧΛܥ

ྻσʔλͷ࠷ऴࠁ࣌ T ·Ͱ͍ߦಘΒΕΔྻܥ {ht}Tt=1 ͕ɼ

DSAͰಘΒΕΔಛϕΫτϧͰ͋Δɽ

4. ఏҊख๏

ຊষͰɼલํө૾தͷମݕग़݁Ռʹͮ͘جɼΠϕϯ

τσʔλʹର͢Δݥةӡసͷൃੜରͷਪఆख๏ʹ͍ͭͯ

ड़ΔɽຊจͰఏҊ͢Δख๏ɼ3.2અͰड़ͨ DSAʹ

ΑΔମݕग़݁ՌͷಛมΛ࠾༻͍ͯ͠ΔɽDSAΛຊ

จͰऔΓΉλεΫʹద༻͢Δʹ͋ͨͬͯɼ͑ߟΒΕΔ

՝ʹ͍ͭͯ 4.1અͰཧ͠ɼͦΕΒͷ՝ʹର͢Δຊ

จͰͷΞϓϩʔνΛ 4.2અҎ߱Ͱड़Δɽ

4.1 ଘख๏ద༻ͷ՝ط

Πϕϯτσʔλʹର͢Δݥةӡసͷൃੜରͷਪఆʹ

DSAΛద༻͢Δʹ͋ͨΓɼҎԼ 2ͭͷ՝͕͑ߟΒΕΔɽ

՝ 1: ͱɼओʹࣗंͱରମͱͷҐگͳӡసঢ়ݥة

ஔؔʹΑͬͯఆͰ͖Δ͕ɼطଘͷDSAࣗंͱલ

ํө૾தͷମͱͷҐஔؔΛྀ͍ͯ͠ߟͳ͍͜ͱɽ

՝ 2: ೖྗମ J ͕ɼࠁ࣌ tͷը૾ It ͔Βݕग़͞Ε

ͨମ Nt Λ͑Δͱɼਪఆʹॏཁͳݥةରͷ

ମΛऔΓ͜΅ͯ͠͠·͏Մੑ͕͋Δ͜ͱɽ

՝ 1ʹؔͯ͠ɼࣗंʹରͯ͠ԕ͍ڑʹ͋ΔମΑ

Γɼ͍ۙڑʹ͋Δମͷ΄͏͕ɼݥةӡసͷରͱ͠

ΒΕΔɽ͔͠͠ɼ2ষͰड़ͨΑ͏͑ߟ͖ͱྀ͢ߟͯ

ʹɼDSAલํө૾தͷࣗंΛؚ·ͳ͍Ҡಈମؒͷަ௨ࣄ

Λ༧ଌ͢ΔͨΊɼը૾ಛނ x̂t,j ͷΈΛೖྗͱͯ͠ఆ͠

͓ͯΓɼࣗंͱͷҐஔؔΛ໌֬ʹྀ͍ͯ͠ߟͳ͍ɽ

՝ 2ͷૉͳղܾࡦͱͯ͠ɼJ ΛσʔληοτதͷNt

ͱൺֱ͠ͳ͕Βेʹେ͖ͳͱ͢Δ͜ͱͰɼॏཁͳମ

ΛऔΓ͜΅͢ՄੑΛ͘͢Δ͜ͱ͕͑ߟΒΕΔɽͨͩ

͠ɼDSAೖྗମʹؔͯ͠ผ్܇࿅ࡁΈͷ CNNೖྗ
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!"#,% = [!"#,%; )#,%* ; )#,%+ ]
Pretrained 
CNN (VGG)

Object 
detection Attention

- = 1

- = 2

- = 3

- = 4

 
2 = 3

Calculate
b-box feats.

&
Sort objects 

order 

3 = 1 3 = 2 3 = 3

Object ID 
encoder

B-box feats. 
encoder

!"#,%* !"#,4* !"#,5*
-

!"#,%+ !"#,4+ !"#,5+
. -  

!"#,4 = [!"#,4; )#,4* ; )#,4+ ]

!"#,5 = [!"#,5; )#,5* ; )#,5+ ]

. 6#

!#7

{!"′#,:}:<%
=

!"#,:

)#,:*

)#,:+

Pretrained 
CNN (VGG)

)#>%

!#? !# = [!#?; !#7]
LSTM )#

ਤ 2 DSA Λ֦ுͨ͠ఏҊख๏ͷ֓ཁਤ

ͯ͠ը૾ಛ x̂t,j ΛಘΔඞཁ͕͋Δɽ·ͨ x̂t,j ͷݩ࣍

ઍఔ͕ఆ͞ΕΔͨΊɼJ ͷ૿Ճʹ͍ΑΓଟ͘ͷܭ

ॲཧͱϝϞϦΛཁ͢ΔɽҎ্ͷཧ༝͔Βɼσʔληοτࢉ

தͷମʹؔΘΒͣɼྔࢉܭͷ؍͔Β J ՄͳݶΓ

খ͍͞ͱ͢Δ͜ͱ͕·͍͠ɽ

4.2 ຊจͷΞϓϩʔν

͜ΕΒͷ՝Λղܾ͢ΔͨΊʹɼຊจͰɼલํө૾

্ͷࣗंͱମͱͷҐஔؔΛྀߟՄͳಛྔΛࢉग़

͠ɼ͞Βʹͦͷಛྔʹ͍ͯͮجɼը૾தͷॏཁͳʢݥة

ͳʣମΛ༏ઌతʹ J બग़͢Δख๏Λݸ DSAͷ֦ுͱ͠

ͯఏҊ͢Δʢਤ 2ʣɽ۩ମతͳΞϓϩʔνͷઆ໌Λ͢Δલ

ʹɼ͜ΕΒͷ֦ுʹؔ͢Δॏཁͳݟͱͯ͠ɼLeeΒ [8]ͷ

γϛϡϨʔγϣϯσʔλΛ༻͍ͨࣗಈंނࣄө૾ͷੳ݁

ՌΛ؆୯ʹհ͢Δɽ͜͜ͰɼΧʔγϛϡϨʔλʔΛ༻

͍ͯࣗಈंߦதͷલํө૾ͷσʔληοτΛऩूɾੳ

͠ɼඵޙʹࣗंͱަ௨ނࣄΛ͜͠ى͍͢ंɼҎԼ 3

ͭͷΛ͍ͪ࣋͢͜ͱΛใ͍ͯ͠ࠂΔɽ

ंྠͷ֯: ͦͷंͷंྠ͕ߦதͷंઢͱฏߦͰͳ͍ɽ

ंମͷ͖: ͦͷंͷंମํं͕ࣗͱಉ͖͡Ͱͳ͍ɽ

:ڑ ͦͷं͕ࣗंͱ͍ۙڑΛ͍ͯ͠ߦΔɽ

ʮंྠͷ֯ʯͱʮंମͷ͖ʯɼࣗं͕ߦதͷಓ

࿏্ͰӈંࠨΛ͠Α͏ͱ͍ͯ͠Δंɼͦͷಓ࿏৵ೖɾ

ԣΔͳͲͷಈ͖Λ͍ͯ͠ΔंͳͲ͕֘͢Δɽ

͜ͷΑ͏ͳं͚ͩͰͳ͘ɼྫ͑ࣗंͱڑ͕ۙ

͍าऀߦɼࣗं͕ߦதͷಓ࿏ΛԣΔࣗసंੑݥة

ΒΕΔɽ͑ߟͳͲɼผͷମʹؔͯ֘͢͠Δͱ͍ߴ͕

͜ΕΒͷཁૉΛؚΉಛΛࢉग़Ͱ͖ΕɼࣗंͱମͷҐ

ஔྀؔߟ͍ͯͭʹͰ͖Δ͚ͩͰͳ͘ɼલํө૾தͷॏཁ

ͳʢݥةͳʣମͷಛఆ͕Ͱ͖ɼಉ࣌ʹࣗंͷݥةͳӡసঢ়

ͷจهΒΕΔɽҰํɼ্͑ߟͰ͖Δͱ༺׆ͷఆʹگ

Ͱɼମͷ͖ڑͱ͍ͬͨৄࡉͳใΛγϛϡϨʔ

λ͔Βࢀরͯ͠ಘ͍ͯΔ͕ɼຊจͰѻ͏Πϕϯτσʔλ

Ͱɼલํө૾͔Β͜ΕΒͷཁૉΛਪఆ͢Δඞཁ͕͋Δɽ

υϥΠϒϨίʔμͷΑ͏ͳɼࣗंͷߦʹΑͬͯࡱӨࢹ

ಈ͍͍ͯΔঢ়گͰɼલํө૾தͷରͱͷ࣮ڑ֯

Λࢉʹີݫग़͢ΔͨΊʹɼΧϝϥͷযڑɼઃஔҐ

ஔͷ͞ߴɼը֯ͳͲͷύϥϝʔλ͕ඞཁʹͳΔ [7]. ͜ΕΒ

ͷύϥϝʔλυϥΠϒϨίʔμͷػछंछɼυϥΠϒ

ϨίʔμͷઃஔҐஔͳͲʹΑͬͯେ͖͘ҟͳΓɼ༷ʑͳ

Ͱऩू͞ΕΔେྔͷΠϕϯτσʔλʹରͯ͜͠ΕΒΛઃڥ

ఆ͢ΔͷࠔͰ͋Δɽ

͜ͷΑ͏ͳཧ༝͔ΒɼຊจͰମݕग़ʹΑͬͯಘΒ

ΕΔը૾தͷମͷڥքྖҬʹͮ͘جɼڥքྖҬಛྔΛ

ग़͢Δʢ՝ࢉ 1ʹରԠʣɽ͜Εɼʮंମͷ͖ʯʮࣗं

ͱͷڑɾ֯ʯΛڥքྖҬ͔ΒࢉܭՄͳಛྔͰ͋Δɽ

քྖҬಛϕΫτϧ͔ΒॏཁମΛબग़͠ɼ༏ઌڥɼʹߋ

తʹ J બग़ͯ͠ೖྗମͱ͢Δʢ՝ݸ 2ʹରԠʣɽͦΕ

ͧΕͷख๏ʹ͍ͭͯɼ4.3અͱ 4.4અͰઆ໌ͨ͠ޙɼDSA

Λ֦ுͨ͠ఏҊख๏ͷશମ૾ʹ͍ͭͯ 4.5અͰड़Δɽ

4.3 ग़ࢉքྖҬಛྔͷڥ

ຊઅͰɼମݕग़݁Ռͱͯ͠ಘΒΕ͍ͯΔྖҬใϕ

Ϋτϧ lt,n ͔ΒɼڥքྖҬಛྔΛࢉग़͢Δख๏ʹ͍ͭͯ

આ໌͢Δɽํࢉܭ๏ͷ؆୯ͳઆ໌Λਤ 3ʹࣔ͢ɽ·ͣɼಛ

ྔͷࢉग़ʹ͋ͨͬͯɼը૾ͷॎ෯ H ͱԣ෯ W Λ༻ҙ

͢Δɽը૾தͷ࠲ඪ (x, y)ʹ͍ͭͯɼݪΛը૾ͷ্ࠨ

(0, 0)ɼը૾ͷӈԼΛ (W,H)ͱ͢ΔɽຊจͰɼࣗं

ͷࡱӨҐஔΛԼதԝ (W2 , H)ʹઃఆ͢Δɽ४උͱͯ͠ɼ

n൪ͷମͷը૾தͷ࠲ඪ (xcen
t,n , y

cen
t,n )ͱɼڥքྖҬͷԣ

෯ wt,n ͱԣ෯ ht,n Λ࣍ͷΑ͏ʹ͢ࢉܭΔɽ

xcen
t,n =

xlef
t,n + xrig

t,n

2
, ycent,n =

ytopt,n + ybott,n

2
. (4)

wt,n = xrig
t,n − xlef

t,n, ht,n = ybott,n − ytopt,n . (5)

͜ͷͱ͖ɼࣗंͱ n൪ͷମͷը૾্ͷڑ dt,nͱ֯

rt,n Λ࣍ͷΑ͏ʹ͢ࢉܭΔɽ

∆xt,n = xcen
t,n − W

2
, ∆yt,n = H − ycent,n , (6)

dt,n =
√
∆x2

t,n +∆y2t,n, rt,n = arctan

(
∆yt,n
∆xt,n

)
. (7)

·ͨɼମͷܗঢ়େ͖͞ʹؔ͢ΔใΛಘΔͨΊɼମ
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ਤ 3 ग़ํ๏ࢉքྖҬಛྔͷڥ

ͷڥքྖҬͷΞεϖΫτൺ at,nͱɼը૾શମʹର͢Δ໘ੵ

ൺ st,n Λ͢ࢉܭΔɽ

at,n =
wt,n

ht,n
, st,n =

wt,n × ht,n

W ×H
. (8)

͜ΕʹΑΓɼྫ͑લํө૾தͷର͕ंӈં͍ͯ͠Δͱ

͖ɼͦ ͷंԣ͖ͳͨΊԣͷڥքྖҬͰମݕग़͞Εɼ

ΞεϖΫτൺ at,j ਖ਼໘Λं͘ʹൺͯେ͖ͳͰࢉग़

͞ΕΔɽ·ͨɼࣗं͔Β͍ۙڑʹ͍Δମ dt,nখ͞

ͳͱͳΔ͕ɼମେ͖ͳڥքྖҬͰମݕग़͞ΕΔͨΊ

st,nେ͖ͳͰࢉग़͞ΕΔɽ͢ͳΘͪɼ4.2અͰड़ͨࣄ

ʯʹ͖֘ɼʮंମͷ͍ͯͭʹ͍͢ंͷ͜͠ىΛނ

͢Δͷ at,nɼʮڑʯʹ ֘͢Δͷ dt,n, at,n, st,nͰ

͋Δɽ͜ͷΑ͏ʹͯ͠ಘΒΕΔ x̂B
t,n = {dt,n, at,n, rt,n, st,n}

ΛڥքྖҬಛϕΫτϧͱ͢Δɽ

4.4 ॏཁମͷબग़ͮ͘جʹքྖҬಛྔڥ

ಘΒΕͨڥքྖҬಛΛ༻͍ͯɼը૾͔Β J ͷॏཁݸ

ମΛબग़͢Δɽ͜͜ͰҰൠԽͷͨΊɼ4ͭͷڥքྖҬಛ

ྔͷॏཁ߹͍Λྀ͢ߟΔͨΊͷύϥϝʔλΛಋೖ͢Δɽ

ͦΕͧΕͷڥքྖҬಛྔͱͦΕΛྀ͢ߟΔύϥϝʔλ

Λɼ{(dt,n,βd), (rt,n,βr), (at,n,βa), (st,n,βs)}ͱରԠ͚ɼ
ʹΑ֤ͬͯମͷॏཁܗͷΑ͏ͳઢ࣍ ft,nΛ͢ࢉܭΔɽ

ft,n = βddt,n + βrrt,n + βaat,n + βsst,n. (9)

ࠁ࣌ t ͷը૾͔ΒಘΒΕ͍ͯΔ Nt ͷମʹؔ͢Δॏݸ

ཁ {ft,n}Nt
n=1 ʹ͍ͭͯɼNt ͷதͰ߱ॱͰฒͼସ͑ͨݸ

ɼ্Ґ͔Βޙ J քྖҬಛϕΫτϧڥͷମΛબग़͠ɼݸ

{x̂B
t,j}Jj=1ɼIDใ {x̂O

t,j}Jj=1Λಘͨޙɼ֘͢Δମը૾

Λ܇࿅ࡁΈͷ CNNʹೖྗͯ͠ {x̂t,j}Jj=1 ΛಘΔɽ

ຊจͷ࣮ݧͰɼݥةӡసͷൃੜରͷਪఆʹ͋ͨͬ

ͯɼࣗं͔ΒΑΓ͍ۙڑʹ͋Δମ͕ॏཁͰ͋Δͱ͍͏

ԾઆͷͱɼύϥϝʔλΛ {βd,βr,βa,βs} = {−1, 0, 0, 0}
ͱͯ͠ମͷબग़Λͨ͠ɽ͢ͳΘͪɼdt,n ͕খ͍͞ମ΄

Ͳ߱ॱʹฒͼସ͑ͨࡍʹ্ҐʹͳΔΑ͏ʹઃఆͨ͠ɽ

4.5 DSAͷ֦ு

ຊઅͰɼ4.3અͱ 4.4અͰಘΒΕͨڥքྖҬಛྔͱɼ

ͦΕʹͮ͘جॏཁମͷબग़Λ DSAʹಋೖͨ͠ࡍͷϞσ

ϧͷ֦ுʹ͍ͭͯड़Δɽ

ೖྗಛྔɽ܇࿅ࡁΈͷ CNN ʹΑͬͯಘΒΕ͍ͯͨ

x̂t,j ͚ͩͰͳ͘ɼڥքྖҬಛϕΫτϧ x̂B
t,j ͱମͷ ID

ใ x̂O
t,j ΛՃ͑ͨೖྗʹม͢ߋΔɽ͜͜Ͱɼ1ͷશ݁

߹χϡʔϥϧωοτϫʔΫΛ 2ͭಋೖ͠ɼͦΕͧΕͷಛ

ϕΫτϧΛઢܗม͢Δ͜ͱͰɼhB
t,j ͱ hO

t,j ΛಘΔɽ͜ͷ

2 ͭΛ x̂t,j ͱ݁߹ͨ͠ɼx̂′
t,j = [x̂t,j ;hB

t,j ;h
O
t,j ] Λ༻ҙ͠ɽ

ࣜ (1)ͱ (2)ͷ x̂t,j ͱஔ͖͑Δɽ

ग़ྗɽDSAମݕग़݁Ռͱը૾શମͷը૾ಛΛΤ

ϯίʔυ͠ɼLSTMʹΑͬͯํؒ࣌ͷঢ়ଶมԽΛྀ͠ߟ

ͨಛϕΫτϧͷू߹ {ht}Tt=1 ΛಘΔ·Ͱͷख๏Ͱ͋Δɽ

ຊจͰऔΓΉݥةӡసͷൃੜରͷਪఆɼൃੜର

ͷΛΫϥεͱ͢Δྨͱଊ͑ΒΕΔɽ͜ͷྨϥ

ϕϧΛޮՌతʹಘΔͨΊɼ·ͣɼ֤ࠁ࣌ tͷॏཁΛྀߟ

͠ಘΒΕΔಛϕΫτϧ hτ Λ࣍ͷࣜͰࣔ͢ Self-Attention

ʹΑͬͯಘΔɽ

hτ =
T∑

t=1

αtht, (10)

αt = softmax(uT
t uτ ), (11)

ut = tanh(Wτht + bτ ). (12)

uτ ,Wτ ,bτ ɼχϡʔϥϧωοτϫʔΫͷϞσϧύϥϝʔ

λͰ͋Δɽ͜ͷޙɼhτ ΛਪఆରͷΫϥεʹ߹Θͤͨಛ

ϕΫτϧʹม͢ΔͨΊɼ1ͷશ݁߹χϡʔϥϧωο

τϫʔΫΛಋೖ͠ɼߋʹ SoftmaxؔʹΑͬͯਖ਼نԽ͠

ͯɼग़ྗϕΫτϧ yΛಘΔɽ͜ͷϕΫτϧͷதͰ࠷େΛ

ཁૉʹରԠ͢ΔϥϕϧΛग़ྗ͢Δɽͭ࣋

5. ධՁ࣮ݧ

ຊষͰɼ࣮ࡍͷΠϕϯτσʔλΛ༻͍ͯఆྔతʹఏҊ

ख๏ͷ༗ޮੑΛධՁ͢ΔɽͦͷޙɼఆੑධՁʹΑͬͯఏҊ

ख๏ͷ࣮ࡍͷਪఆ݁ՌΛ֬ೝ͢Δɽ

5.1 σʔληοτͱύϥϝʔλઃఆ

Ͱ༻͍ΔσʔληοτʹɼຊΧʔιϦϡʔγϣݧ࣮

ϯζࣜגձࣾ*5͔Βఏͯ͠ڙ͍ͨΠϕϯτσʔλΛ༻͍

ͨɽ֤ΠϕϯτσʔλՃτϦΨ͕Ԡͨ͠ࠁ࣌Λத

৺ʹɼલेޙඵͷલํө૾ͱηϯα͔ྻܥΒͳΓɼө૾

ͱηϯαڞʹ 30fpsͰه͞Ε͍ͯΔɽ·ͨɼ֤Πϕϯτ

σʔλ܇࿅͞ΕͨਓؒʹΑΔݥةӡసʢώϠϦϋοτʣ

ͷ༗ແͱɼݥةӡసͷൃੜରͷϥϕϧ͕༩͞Ε͍ͯΔɽ

ຊจͰɼ{ඇώϠϦϋοτɼंɼόΠΫɼาऀߦ }ͷ 4

ͭͷϥϕϧΛରʹ࣮ݧΛͨͬߦɽҎԼɼϥϕϧ໊Λ {(ඇ
ώϠϦϋοτ, No near miss), (ं, Car), (όΠΫ, Bicycle),

(าऀߦ, Pedestrian)}ͱ͢Δɽ֤ϥϕϧͷ܇࿅σʔλͱධ
Ձσʔλͷ݅Λද 1ʹࣔ͢ɽ࣮ݧͰɼ༻ҙͨ͠σʔλ

ͷ 70%ͷ 3,429݅Λ܇࿅σʔλͱ͠ɼ30%ͷ 1,469݅Λ

*5 https://www.ncsol.co.jp
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ද 1 σʔληοτͷ༁ͨ͠༺
Label Train Test Total

No near miss 2,191 924 3,115

Car 699 337 1,036

Bicycle 315 127 442

Pedestrian 224 81 305

Total 3,429 1,469 4,898

ධՁσʔλͱͨ͠ɽ

લॲཧͱͯ͠ɼ֤Πϕϯτσʔλ͔Βݥةӡసγʔϯʹ

ؔ࿈͢ΔϑϨʔϜΛநग़͢Δɽ֤Πϕϯτσʔλ dͷ૯ϑ

ϨʔϜΛ Tdͱͨ͠ͱ͖ɼͦ ͷத৺ϑϨʔϜ൪߸ Td
2 Λى

ʹ T ϑϨʔϜΛநग़͢Δɽ͢ͳΘͪɼ֤Πϕϯτσʔλʹ

͍ͭͯɼ۠ ؒ (Td
2 − T

2 ,
Td
2 + T

2 ]ΛੳରͷϑϨʔϜͱ͠ɼ

ຊจͷ࣮ݧͰ T = 100ͱͯ͠நग़ͨ͠ɽ֤ϑϨʔϜͷ

ը૾σʔλɼRGBࣜܗͰ 640×400ʢW = 640, H = 400ʣ

ͷղ૾Ͱه͞Ε͍ͯΔɽମݕग़ YOLO[15]Λ༻͍

هग़͞Εͨॱ൪ͰମΛݕɼ͍ߦը૾ʹରͯ͠ݩͯ

ͨ͠ɽઌڀݚߦ [1]ʹ฿͍ɼݕग़͞Εͨମͷɼަ௨ʹ

Δମͱͯ͠ɼ{carɼpersonɼbicycleɼmotorbikeɼؔ͢

busɼtruck, train}Λରʹநग़ͨ͠ɽ͢ͳΘͪɼମͷछ
ྨ V = 7Ͱ͋Δɽը૾ಛநग़ɼը૾Λ 224×224ʹઢ

ɼImageNetͰʹޙͨ͠มܗ Pre-trainingࡁΈͷVGG19

ʹೖྗ͠ɼग़ྗͷखલͷʢfc8ͱݺΕΔʣ͕ม͠

ͨಛϕΫτϧʢ4,096ݩ࣍ʣΛநग़ͯ͠ xF
t Λ༻ҙͨ͠ɽ

ମͷը૾ಛ x̂t,j ɼYOLOͰಘΒΕͨମͷڥքྖҬ

ΛΓൈ͍ͯɼಉ༷ͷॲཧʹΑͬͯ༻ҙͨ͠ɽ

ਂֶश෦ͷύϥϝʔλʹ͍ͭͯɼ֤ Fully-

Connected Layer ͷग़ྗϢχοτΛ 256 ͱ͠ɼग़ྗ͞

ΕͨಛϕΫτϧΛ ReLu ؔ [14] ͰඇઢܗมॲཧΛ

͠ɼߋʹաֶशΛ੍͢Δٕज़ͱͯ͠ΒΕΔDropout[18]

Λ p = 0.5ʹઃఆͯ͠ೖΕͨɽωοτϫʔΫͷֶशͰɼ

ɼ͍ͯͮجʹΊΒΕͨతؔͷޯٻൖ๏Ͱٯࠩޡ

Adam[10]ʹΑͬͯ࠷దԽͨ͠*6ɽग़ྗͷࠩޡަࠩΤ

ϯτϩϐʔʹΑͬͯͨ͠ࢉܭɽ

5.2 ධՁई

ӡసͷൃੜରྨλεΫʹ͓͍ͯɼఏҊख๏ͷ༗ݥة

ޮੑΛٞ͢ΔͨΊɼਪఆ݁Ռ͕ͲΕ͘Β͍ਖ਼ղ͍ͯ͠Δ

͔ͱ͍͏ਖ਼֬ੑͱɼਪఆ݁Ռ͕શͯͷਖ਼ղͷ͏ͪͲΕ͚ͩ

ཏ͍ͯ͠Δ͔ͱ͍͏ཏੑͷɼ2ͭͷ؍͔ΒධՁ͢Δɽ

ຊจͰɼਖ਼֬ੑΛద߹ʢPrecisionʣɼཏੑΛݱ࠶

ʢRecallʣɼ·ͨ͜ΕΒͷධՁࢦඪͷௐฏۉͰ͋Δ F

ʢF1-scoreʣʹΑͬͯఏҊख๏ͷྨੑΛධՁ͢Δ [12]ɽ

͜ΕΒͷධՁࢦඪΛ͢ࢉܭΔͨΊɼධՁσʔλͷू߹ͱਪ

ఆ݁Ռͷू߹ʹؔͯ͠ɼ࣍ͷΑ͏ͳ 3छྨͷύϥϝʔλΛ

ఆٛ͢Δɽ

*6 దԽͷϋΠύʔύϥϝʔλɼα࠷ = 0.001,β1 = 0.9,β2 =
0.999, ϵ = 108 ͱͨ͠

TP : ਖ਼ྫʹରͯ͠ਪఆ݁Ռ͕ਖ਼Ͱ͋ͬͨσʔλͷ݅

FP : ෛྫʹରͯ͠ਪఆ݁Ռ͕ਖ਼Ͱ͋ͬͨσʔλͷ݅

FN : ਖ਼ྫʹରͯ͠ਪఆ݁Ռ͕ෛͰ͋ͬͨσʔλͷ݅

͜ͷͱ͖ɼPrecisionɼRecallɼF1-score࣍ͷΑ͏ʹࢉܭ

͞ΕΔɽ

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, (13)

F1−score =
2× Precision× Recall

Precision + Recall
. (14)

ͳ͓ɼࠓճ༻ҙͨ͠σʔληοτͰɼϥϕϧ͝ͱͷσʔ

λͷภΓ͕େ͖͘ɼશମͷ TP, FP, FN ͔ΒಘΒΕΔ

ϚΠΫϩฏ͚ͩۉͰσʔλ͕গͳ͍ϥϕϧʢBicycleɼ

Pedestrianʣͷਖ਼ղ߹͍͕ධՁ͞Εʹ͍͘͜ͱ͔Βɼϥ

ϕϧผʹ TP, FP, FN Λ༻ҙ্͠هͷධՁࢦඪΛࢉग़ͨ͠

ධՁͨ͠ɽ͜ΕʹΑΓɼσʔλۉΔϚΫϩฏ͢ۉฏʹޙ

͕গͳ͍ϥϕϧͰҰɼPrecisionɼRecallɼF1-score

ΕΔͨΊɼ֤ϥϕϧͷධՁ͕શମͷධՁʹӨ͞ࢉܭ͕

ΕΔɽ͞ࢉܭΛ༩͑ΔΑ͏ڹ

5.3 Ռ݁ݧ࣮

ൺֱख๏ͱͯ͠DSA[1]Λ༻ҙ͠ɼମͷฒͼସ͑ͷޮ

ՌͱڥքྖҬಛྔΛೖྗʹՃ͢ΔޮՌΛͦΕͧΕධՁ

͢ΔͨΊɼڥքྖҬಛྔΛࢉग़͠ମΛฒͼସ͑ͨޙɼ

ೖྗʹڥքྖҬಛྔΛ༻͍ͳ͍ख๏ʢDSA+Sortedʣ

ͱɼڥքྖҬಛΛࢉग़͠ମΛฒͼସ͑ͣɼೖྗʹڥք

ྖҬಛྔΛ༻͍Δख๏ʢDSA+B-featsʣΛ༻ҙͨ͠ɽ

ProposedຊจͷఏҊख๏Ͱ͋ΔɽମΛฒͼସ͑ͳ

͍߹ɼը૾ʹରͯ͠ YOLO͕ग़ྗͨ͠ॱʹ্Ґ J ݅

Λநग़ͨ͠ɽ

ද 2ʹɼఏҊख๏ͱൺֱख๏ͷ࣮݁ݧՌΛࣔ͢ɽ࣮ݧͰ

ೖྗମ J ʹؔͯ͠ɼJ = 5ͱ J = 10ͷ݅ͰධՁ͠

ͨɽͦΕͧΕͷධՁʢྻʣʹ͍ͭͯ࠷େͰ͋ͬͨͷ

ΛଠࣈͰ͍ࣔͯ͠ΔɽProposed͕ϚΠΫϩฏۉɼϚΫϩฏ

େΛࣔͨ͠ɽಛʹɼJ࠷ΕͷධՁͰ͍ͣʹڞۉ = 5

ʹ͓͚ΔϚΫϩฏۉͷ Fʹண͢ΔͱɼͦΕͧΕͷ֦ு

ख๏ͰɼDSAʹൺͯਫ਼͕ 7%ఔਫ਼্͍ͯ͠Δ

͜ͱ͔ΒɼຊจͰఏҊͨ͠ 2ͭͷ֦ுͦΕͧΕʹ༗ޮ

ੑ͕֬ೝͰ͖Δɽ·ͨɼProposed͔ͦ͜Βߋʹ 9%ਫ਼

্͍ͯ͠Δ͜ͱ͔ΒɼͦΕͧΕͷ֦ுΛΈ߹Θͤ

Δ͜ͱͷ༗ޮੑ֬ೝͰ͖ΔɽJ = 5ͱ J = 10ͷؒͰൺ

ֱ͢ΔͱɼͦΕͧΕͷख๏ͷධՁʹ͍ͭͯ J = 5ʹൺ

ͯ J = 10ͷํ্͕ճ͍ͬͯΔͷ͕ଟ͍ɽ͜Εɼೖྗ

ମΛ૿͢͜ͱͰɼਪఆʹඞཁͳॏཁମΛೖྗʹؚ

ΊΒΕΔՄੑ͕͘ߴͳͬͨͨΊͱ͑ߟΒΕΔɽ

J = 5ͷ݅Ͱͷ DSAͱ Proposedͷྨ݁ՌΛ Con-

fusion Matrixͱͯ͠ਤ 4ʹࣔ͢ɽਤͰɼ֤ϥϕϧΛ؆

୯ͷͨΊද 1ͷઌ಄จࣈͰද͓ͯ͠هΓɼԣํʹਖ਼ղϥ

ϕϧɼॎํʹਪఆϥϕϧΛ͍ࣔͯ͠Δɽ֤ηϧͷதͷ
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ද 2 ֤ख๏ͷਪఆੑɽଠࣈ֤ධՁʢྻʣͰͷߴ࠷Λࣔ͢ɽ
J = 5 J = 10

Micro Avg. Macro Avg. Micro Avg. Macro Avg.

Method Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1 Pre. Rec. F1

DSA [1] 82.03 82.03 82.03 63.39 58.36 59.63 84.34 84.34 84.34 69.59 64.22 65.73

DSA+Sorted 84.07 84.07 84.07 69.71 65.42 66.98 85.23 85.23 85.23 74.47 68.44 70.63

DSA+B-feats 85.23 85.23 85.23 70.03 63.41 65.15 85.57 85.57 85.57 70.08 67.39 67.84

Proposed 86.86 86.86 86.86 77.35 72.75 74.69 86.18 86.18 86.18 78.11 72.87 75.20

N

C

B

P

N C B P

Tr
ue

 la
be

l

Predicted label

888 20 10 6

66 237 26 8

27 23 71 6

24 34 14 9
 0
 0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0.9
 1

DSA [1]

N

C

B

P

N C B P

Tr
ue

 la
be

l

Predicted label

880 33 8 3

42 273 14 8

13 22 83 9

10 19 12 40
 0
 0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0.9
 1

Proposed

ਤ 4 J = 5ͷ݅Ͱͷɼطଘख๏ [1]ͱఏҊख๏ͷࠞ߹ྻߦɽ“N”,

“C”, “B”, “P” ͦΕͧΕɼNo near missɼCarɼBicycleɼ

Pedestiran Λࣔ͢ɽ

Β্͔ࠨɼͦͷϥϕϧΛਪఆͨ݅͠Λ͓ࣔͯ͠Γɼࣈ

ӈԼʹ͔͚ͯͷର֯ͷ͍ߴ͕ࣈ΄Ͳɼਖ਼͘͠ਪఆͰ͖ͯ

͍Δ͜ͱΛද͍ͯ͠Δɽ·ͨɼ֤ηϧͷ৭ͷೱ୶֤ϥϕ

ϧͷਖ਼ղσʔλʹରͯ͠ਪఆ͕݅ଟ͍΄Ͳೱ͘ͳͬͯ

͍ΔɽDSAʹൺͯɼProposed No near missҎ֎ͷϥ

ϕϧͰਖ਼ղͷ͕݅େ͖͘૿͍͑ͯΔɽ͜ͷΑ͏ʹɼDSA

ͰਪఆͰ͖͍ͯͳ͔ͬͨগͳ͍ϥϕϧͷݥةӡసର

ʢBicycleɼPedestrianʣͳͲΛɼProposedͰਖ਼͘͠ਪఆ

Ͱ͖ΔΑ͏ʹͳͬͨͱ͑ߟΒΕΔɽ͜ͷ͜ͱɼද 2Ͱͷ

ϚΠΫϩฏۉʹൺͯϚΫϩฏۉͷͷ্۩߹͕େ͖

͍͜ͱ͔Β֬ೝͰ͖Δɽ

ग़݁Ռݕͷը૾ʹର͢Δମྫࣄӡసݥةɼ͋Δʹޙ࠷

ͱɼDSAٴͼ Proposed͕ࢉग़ͨ͠ AttentionείΞ αt,j

ͷՄࢹԽ݁ՌΛਤ 5 ʹࣔ͢ɽը૾ʹର͢Δମݕग़݁Ռ

ɼDSAͱࠨ͕ Proposedͷ AttentionείΞ αt,j ͷՄࢹԽ

݁Ռ͕ɼͦΕͧΕதԝͱӈͷը૾ʹରԠ͢Δɽ֤ମͷڥ

քྖҬͷͷೱ୶͕ೱ͍΄ͲɼAttentionείΞ͕େ͖͍

͜ͱΛද͢ɽ͜ͷσʔλʹର͢Δݥةӡసͷൃੜର

BicycleͰɼࣗं͕͠ંࠨΑ͏ͱͨ͠ࡍʹɼը૾தͷࠨଆΛ

͢ߦΔࣗసंͱিಥͦ͠͏ʹͳͬͨྫͰ͋Δɽ͜ͷσʔ

λʹରͯ͠DSAͯͬޡCarɼProposedਖ਼͘͠Bicycle

ͱਪఆͨ͠ɽ͜ͷը૾ʹରͯ͠ମݕग़͕ͯͬޡਪఆͨ͠

ମଞʹ͋Δ͕ɼՄࢹԽͷͨΊݕޡग़ͨ͠ମআ͍ͯ

ද͍ࣔͯ͠ΔɽAttentionείΞΛݟΔͱɼDSAӈଆʹ

͋ΔंʢCarʣʹର͍ͯ͠ߴείΞΛׂΓͯɼProposed

खલͷࣗసंʢBicycleʣʹର͍ͯ͠ߴείΞΛׂΓͯ

͍ͯΔɽProposedମͷฒͼସ͚͑ͩͰͳ͘ɼڥքྖ

Ҭಛͱͯ͠ମͱͷڑ֯ɼΞεϖΫτൺͳͲͷಛ

ྔΛೖྗʹՃ͓ͯ͠Γɼ͜ΕΒͷಛྔ͕༗ޮʹ׆༻

͞Εɼ͜ͷྫʹରͯ͠ Proposedਖ਼͍͠ਪఆΛͨ͠ͱߟ

͑ΒΕΔɽ

6. ͓ΘΓʹ

ຊจͰɼυϥΠϒϨίʔμͰه͞ΕͨΠϕϯτ

σʔλʹରͯ͠ɼݥةӡసͷൃੜରΛਪఆ͢Δ͜ͱΛ

తʹɼө૾ʹରͯ͠ମݕग़ॲཧΛͯ͠ಘΒΕΔମใ

Λೖྗʹ༻͍Δख๏ΛఏҊͨ͠ɽDSAͱ͍͏ਂֶशΛ

ଘख๏ʹΑͬͯɼମใΛಛϕΫτϧʹมطͨ͠ʹݩ

ɼఏҊख๏ʹࡍΔ͢ 2ͭͷ֦ு͔Βߏ͞ΕΔɽ1

ͭମݕग़ͰಘΒΕΔମͷڥքྖҬΛڥͨ͠ʹݩք

ྖҬಛྔͷࢉग़ɼ2ͭͦͷಛྔʹΑͬͯॏཁମ

Λ༏ઌతʹબग़͠ɼݥةͳମͷऔΓ͜΅͠ͷՄੑΛ

͘͢Δɽ࣮ࡍͷυϥΠϒϨίʔμσʔλΛ༻͍ͨධՁ࣮ݧ

ͷ݁Ռɼ2ͭͷ֦ுΛ༻͍ͨఏҊख๏͕ɼطଘख๏ʹൺ

͍ͯߴਪఆੑΛࣔ͢͜ͱΛ֬ೝͨ͠ɽ

ͷ্ྻܥ࣌ग़ʹ֤ؔͯ͠ମͷࢉɼମಛྔͷޙࠓ

ͳͲΛͨ͠ಛྔʹ֦ு͠ɼΑΓਫ਼ີʹମͷಈي

͖Λଊ͑ͨਪఆΛՄʹ͢Δ͜ͱΛݕ౼͍ͯ͠Δɽ

ँࣙ

ຊڀݚɼຊΧʔιϦϡʔγϣϯζࣜגձ͔ࣾΒఏڙ

͍ͯͨ͠σʔλΛར༻ͨ͠ɽ͜͜ʹँͯ͠هҙΛࣔ͢ɽ

ݙจߟࢀ
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and Khudanpur, S.: Recurrent neural network based
language model, In INTERSPEECH 2010, Vol. 2, pp.
1045–1048 (2010).

[14] Nair, V. and Hinton, G. E.: Rectified Linear Units Im-
prove Restricted Boltzmann Machines, ICML, pp. 807–
814 (2010).

[15] Redmon, J. and Farhadi, A.: YOLO9000: Better, Faster,
Stronger, CVPR, pp. 6517–2525 (2017).

[16] Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh,
S., Ma, S., Huang, Z., Karpathy, A., Khosla, A., Bern-
stein, M., Berg, A. C. and Fei-Fei, L.: ImageNet Large
Scale Visual Recognition Challenge, IJCV, Vol. 115,
No. 3, pp. 211–252 (2015).

[17] Simonyan, K. and Zisserman, A.: Very Deep Con-
volutional Networks for Large-Scale Image Recogni-
tion, CoRR, Vol. abs/1409.1556 (online), available from
⟨http://arxiv.org/abs/1409.1556⟩ (2014).

[18] Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I.
and Salakhutdinov, R.: Dropout: A Simple Way to Pre-
vent Neural Networks from Overfitting, Journal of Ma-
chine Learning Research, Vol. 15, pp. 1929–1958 (2014).

[19] Suzuki, T., Aoki, Y. and Kataoka, H.: Pedestrian Near-
Miss Analysis on Vehicle-Mounted Driving Recorders,
MVA, pp. 416–419 (2017).

[20] Suzuki, T., Kataoka, H., Aoki, Y. and Satoh, Y.: Antici-
pating Traffic Accidents With Adaptive Loss and Large-

Scale Incident DB, CVPR, pp. 3521–3529 (2018).
[21] Xu, H., Gao, Y., Yu, F. and Darrell, T.: End-to-

end Learning of Driving Models from Large-scale Video
Datasets, In CVPR, pp. 2174–2182 (2017).

[22] Yang, Z., Yang, D., Dyer, C., He, X., Smola, A. J. and
Hovy, E. H.: Hierarchical Attention Networks for Docu-
ment Classification, HLT-NAACL (2016).

[23] Yokoyama, D. and Toyoda, M.: Do Drivers’ Behaviors
Reflect Their Past Driving Histories? - Large Scale Ex-
amination of Vehicle Recorder Data, In the BigData
Congress 2016, pp. 361–368 (2016).

[24] Yokoyama, D., Toyoda, M. and Kitsuregawa, M.: Un-
derstanding Drivers’ Safety by Fusing Large Scale Vehi-
cle Recorder Dataset and Heterogeneous Circumstantial
Data, In PAKDD, pp. 734–746 (2017).

[25] εϚʔτϞϏϦςΟڌڀݚɿυϥΠϒϨίʔμσʔλη
ϯλʔɼ౦ژେֶେֶӃڀݚֶӃʢΦϯϥΠϯʣɼೖ
खઌ ⟨http://web.tuat.ac.jp/~smrc/drcenter.html⟩
ʢࢀর 2017-6-12ʣ.

[26] ٠ཧਓɼܠ༝՚ɼࣨޚࢤɿυϥΠϒϨίʔμσʔ
λ͔ΒͷࣗಈผͷࢼΈɼܭଌࣗಈ੍ֶޚձ౦ࢧ෦ୈ
290 ճूڀݚձ (2014).

[27] ܯɼ͍ͯͭʹ༺׆ɿυϥΠϒϨίʔμʔͷہிަ௨ܯ
ிʢΦϯϥΠϯʣɼೖखઌ ⟨https://www.npa.go.jp/
bureau/traffic/anzen/drive_recorder.html⟩ʢࢀর
2017-6-12ʣ.

[28] ༺೭ɿө૾ͱηϯα৴߸Λߒాށຊमฏɼԕ౻݁ɼࢁ
͍ͨυϥΠϒϨίʔμσʔλ͔ΒͷώϠϦϋοτݕग़ख
๏ɼTODʢςΫχΧϧϊʔτʣɼVol. 10, No. 4, pp. 26–30
(2017).

[29] ೭ɿυϥΠϒϨίʔμσʔߒాށຊमฏɼɹౡ݈ɼࢁ
λʹର͢ΔώϠϦϋοτൃੜରྨɼDICOMO2018,
pp. 542–553 (2018).

[30] ଜɼ୩ᖒ༔ีɼ࡚ࢁ৻ɼɹҪख߶ɿ౷ܭతػցֶ
शΛ༻͍ͨϓϩʔϒΧʔσʔλ͔ΒͷώϠϦϋοτൃੜ
ԋձߨज़ֶقଶͷਪఆɼࣗಈंٕज़ձळܗ (2011).

[31] ຊΧʔιϦϡʔγϣϯζࣜגձ ɿࣾ NTTυίϞͷ௨৴
ͱػ GPSػΛඋ͑ͨυϥΠϒϨίʔμʔΛं྆ʹ
ςϨϚςΟΫεαʔϏεΛల։ɼNCSʢΦϯϥΠͨ͠ࡌ
ϯʣɼೖखઌ ⟨https://www.ncsol.co.jp/corporation/
service/dr.html⟩ ʢࢀর 2019-5-9ʣ.

[32] ๛ాਖ਼࢙ɼԣࢁେ࡞ɼҏ౻ਖ਼ɿӡసঢ়گΛྀͨ͠ߟυ
ϥΠϒϨίʔμσʔλ͔ΒͷજࡏϦεΫަࠩݕख๏ɼ
DEIM Forum (2017).

c⃝ 2019 Information Processing Society of Japan

― 1479 ―


