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ഭᇦ㠚❦、ᆖส䠁 (ᢩ߶ਧ: U1736220, 61725204) 䍴ࣙ亩ⴞ

᪎㾷 ᛻㔠ᱥӰሯཌ⮂Ӂ⢟ӝ⭕Ⲻᗹ⨼ૂ⭕⨼ਃᓊ. ᛻㔠൞ӰᵰӚӈ⹊ガѣখᦤ⵶䠃㾷ࡡ൦䇼⺤߼

փ㖤,ެᡆ᷒ਥᓊ⭞൞ॱᆜȽᮏ㛨Ƚᗹ⨼ȽߑӁㅿᯯੇ.⭧ӄ㝇⭫ؗਭޭᴿᇘ㿸,у᱉ՠ㻻ㅿ⢯⛯,ެ൞

᛻㔠䇼ࡡ亼ตⲺᓊ⭞ᒵ਍ީ⌞. Ԅ㝇⭫ؗਭѣᨆ਌ф᛻㔠ީ㚊ཝȽ॰࠼㜳࣑ᕰⲺ⢯ᖷ, ᴿࣟӄ੄㔣Ⲻ

.уੂ᛻㔠⣬ᘷࡡಞᴪᴿ᭾൦䇼㊱࠼ ᵢᮽ䈹⹊Ҽⴤࢃᑮ⭞ӄ᛻㔠䇼ࡡ⹊ガ亼ตⲺ㝇⭫ؗਭ⢯ᖷ, Ԅᰬ

ตȽ仇ตȽᰬ 仇ตૂグ䰪ต 4Ѡᯯ䶘ԁ㔃ެᇐѿȽ䇗㇍ᯯ⌋,ԛ਀ф᛻㔠Ⲻ㚊㌱,൞ SEED, DREAMER

ૂ CAS-THU 3ѠޢᔶⲺ㝇⭫ –᛻㔠ᮦᦤ䳼р,ֵ⭞ SLDA㇍⌋䇺զૂ∊䖹Ҽ਺㊱㝇⭫⢯ᖷ॰࠼уੂ

᭾ԭⲺ㜳࣑. ᵢᮽҕሯⴤࢃᆎ൞Ⲻ䰤从ૂᵠᶛⲺ⹊ガᯯੇ䘑㺂Ҽ䇞䇰ૂኋᵑ, ਥԛѰ⹊ガӰ઎㌱㔕ᙝ

൦Ҽ䀙䶘ੇ᛻㔠䇼ࡡⲺ㝇⭫⢯ᖷ⹊ガ⧦⣬ԛ਀ᔶኋ੄㔣⹊ガᨆבᙓ䐥.

ީ䭤䈃 ᛻㔠䇼ࡡ, 㝇⭫ؗਭ, ⢯ᖷᨆ਌, ⢯ᖷ䘿᤟, ᛻㔠᭾ԭ

1 ᕋ䀶

ᛵ㔚ᱟӪሩᇒ㿲һ⢙Ⲵᘱᓖփ傼৺⴨ᓄⲴ㹼Ѫ৽ᓄ [1], ሩҾӪ㊫Ⲵ㹼Ѫ઼ᗳ⨶ڕᓧᴹ⵰䟽㾱ᖡ

૽. ྲօ߶⺞䇶࡛ᛵ㔚, ൘ӪᵪӔӂ⹄ウѝঐᦞ䟽㾱ս㖞, фᴹᇎ䱵ᓄ⭘Ⲵ᜿ѹ: ൘५ᆖᯩ䶒, ᴹࣙҾ

ሩᴹᗳ⨶⯮⯵ᡆ㺘䗮䳌⺽Ⲵᛓ㘵䘋㹼⮿ሬо䇺ᯝ; ൘ᮉ㛢ᯩ䶒, ṩᦞੜ㘵Ⲵᛵ㔚ᯭԕн਼Ⲵᮉᆖ᡻⇥,

ਟᨀ儈ᦸ䈮᭸⦷. ൘ǉഭᇦѝ䮯ᵏ、ᆖ઼ᢰᵟਁኅ㿴ࡂ㓢㾱 (2006∼2020)Ǌѝ, 㝁、ᆖ઼ӪᵪӔӂ൷ࡇ

Ѫഭᇦ䟽བྷ䴰≲Ⲵޣ䭞ᢰᵟ, 㘼ᛵ㔚䇶࡛ᢰᵟሶѪަ⹄ウᨀ׋䟽㾱Ⲵ⨶䇪׍ᦞ.

ѪҶ䇶࡛ᛵ㔚, ⹄ウӪઈ䴰㾱ሩᛵ㔚⣦ᘱ䘋㹼䟿ॆ઼ᔪ⁑. ⴞࡽᒯ⌋֯⭘Ⲵᛵ㔚䟿ॆ⁑රѫ㾱ᴹ

⿫ᮓ⁑ර઼㔤ᓖ⁑රє⿽. ൘⿫ᮓ⁑රѝ, ᛵ㔚オ䰤⭡⿫ᮓ㘼ᴹ䲀Ⲵสᵜᛵ㔚ᶴᡀ, ֻྲབྷཊᮠᗳ⨶

ᆖ⹄ウ㘵ޜ䇔Ⲵ 6⿽สᵜᛵ㔚——儈ޤ (happiness)ǃᛢՔ (sadness)ǃ᛺䇦 (surprise)ǃ ᜗ (fear)ǃ᝔

ᕋ⭞Ṳᕅ: ᕐߐॾ, ։ᰫ႗, 䱸᷌, ㅹ. 䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ⹄ウ㔬䘠. ѝഭ、ᆖ: ؑ᚟、ᆖ, 2019, doi: 10.1360/N112018-00337

Zhang G H, Yu M J, Chen G, et al. A review of EEG features for emotion recognition (in Chinese). Sci Sin Inform,

2019, doi: 10.1360/N112018-00337

 http://engine.scichina.com/doi/10.1360/N112018-00337



ᕐߐॾㅹ: 䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ⹄ウ㔬䘠

Joy 

Valence  

Positive 

Negative 

Low High 

Arousal 

Fear 

Sadness 

ഴ 1 (㖇㔒⡾ᖟഴ) ᛻㔠Ⲻ᭾ԭ – ୚䟈ᓜ㔪ᓜ⁗ශ⽰ᝅഴ

Figure 1 (Color online) Valence-arousal dimensional emotion model

ᙂ (anger) ઼়ᚦ (disgust), ަԆᛵ㔚䜭ਟԕ⭡สᵜᛵ㔚㓴ਸ㘼ᡀ [2]. 㔤ᓖ⁑රࡉᱟสҾ䇔⸕䇴ԧሶ

ᛵ㔚オ䰤࠶ࡂѪ᭸ԧ – ୔䟂ᓖ (valence-arousal, VA) єњ㔤ᓖ [3], ᡆ᭸ԧ – ୔䟂ᓖ – Ո࣯ᓖ (valence-

arousal-dominance, VAD) 3њ㔤ᓖ [4],ⴞࡽሩҾ VA⁑රⲴ⹄ウ∄ VAD⁑රᴤᒯ⌋.᭸ԧ㺘⽪ᛵ㔚ᱟ

〟ᶱ䘈ᱟ⎸ᶱⲴ; ୔䟂ᓖ৽᱐ᛵ㔚Ⲵᕪ⛸〻ᓖ; Ո࣯ᓖᤷӪ㜭੖᧗ࡦ䘉⿽ᛵ㔚. 㔤ᓖ⁑රਟሶ⿫ᮓᛵ

㔚᱐ሴ㠣඀ḷオ䰤, മ 1 ণѪ⭘ VA ⁑ර㺘⽪儈ޤǃ ᜗઼ᛢՔ 3 ⿽⿫ᮓᛵ㔚.

䶒䜘㺘ᛵǃ䈝丣䈝䈳ǃု ࣯ࣘ֌઼⭏⨶ؑਧ䜭ਟԕ֌Ѫᛵ㔚䇶࡛ⲴᮠᦞᶕⓀ, ަѝ⭏⨶ؑਧ䳮ԕ

՚㻵, वਜ਼Ⲵؑ᚟ҏᴤѠᇼ [5]. ֯⭘⭏⨶ؑਧ䇶࡛ᛵ㔚䙊ᑨवᤜԕл 6 ↕: (1) ᛵ㔚䈡ਁ, ֯⭘മ⡷ǃ

༠丣ᡆ㿶仁ㅹࡪ◰ᶀᯉ䈡ਁ㻛䈅㘵ӗ⭏⢩ᇊ㊫රⲴᛵ㔚; (2)ؑਧ䟷䳶,䙊䗷䇮༷䟷䳶㻛䈅ӗ⭏ᛵ㔚ᰦ

Ⲵ਴⿽⭏⨶ؑਧ; (3) ؑਧ亴༴⨶, 䙊ᑨ֯⭘└⌒৫䲔ಚ༠઼՚䘩; (4) ⢩ᖱᨀਆ, ሩؑਧ䘋㹼ਈᦒ, Ӿ

ѝ䇑㇇оⴞḷԫ࣑⴨ޣⲴ⢩ᖱ; (5) ⭘ᵪಘᆖҐ亶ฏⲴ࠶㊫㇇⌅䘋㹼ᛵ㔚࠶㊫; (6) ԕമ㺘ㅹᖒᔿ৽侸

䇶࡛㔃᷌. ަѝ, ⢩ᖱᨀਆᱟ㠣ޣ䟽㾱Ⲵа↕, 㤕㜭᢮ࠪоᛵ㔚ᴰ⴨ޣⲴ⢩ᖱ䳶ਸ, ᴹ࡙Ҿᨀ儈ਾ㔝࠶

㊫ಘⲴ䇶࡛߶⺞⦷.

൘㝁⭥ (electroencephalogram, EEG)ǃᗳ⭥ (electrocardiogram, ECG)ǃ㚼⭥ (electromyography,

EMG)઼Ⳟ㛔⑙ᓖ (skin temperature, SKT)ㅹ⭏⨶ؑਧѝ,֯⭘㝁⭥䇶࡛ᛵ㔚ާᴹ᫽֌ㆰঅǃᡀᵜվǃ

᭸᷌ྭⲴՈ࣯, 䘁ᒤᶕᗇࡠҶᒯ⌋ޣ⌘ [6]. 㝁⭥ᱟ䇠ᖅཤⳞ⭥սਈॆⲴؑਧ, ൘аᇊ〻ᓖк৽᱐བྷ㝁

ⳞቲⲴ⍫ࣘ. ⹄ウ㺘᰾н਼㝁४৲он਼Ⲵᝏ⸕઼䇔⸕⍫ࣘ, ֻྲ仍ਦ (frontal lobe) оᙍ㔤ǃ᜿䇶ᴹ

,ޣ 从ਦ (temporal lobe) оӪ㝨઼൪Ჟㅹ༽ᵲࡪ◰ؑ᚟Ⲵ༴⨶ǃ௵㿹઼ੜ㿹ᴹޣ, 亦ਦ (parietal lobe)

оཊ⿽ᝏᇈؑ᚟Ⲵᮤਸ઼ሩ⢙փⲴ᫽֌᧗ࡦᴹޣ, ᷅ਦ (occipital lobe) ޣо㿶㿹ᴹࡉ [7].

ᵜ᮷ത㔅䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ, Ӿᰦฏǃ仁ฏǃᰦ仁ฏ઼オ䰤ฏ 4 њᯩ䶒ӻ㓽⢩ᖱⲴᇊѹǃ

䇑㇇ᯩ⌅, ԕ৺оᛵ㔚Ⲵ㚄㌫, ൘ SEED, DREAMER ઼ CAS-THU 3 њޜᔰⲴ㝁⭥ – ᛵ㔚ᮠᦞ䳶к

䇴ՠ઼∄䖳Ҷ਴㊫㝁⭥⢩ᖱ४࠶н਼᭸ԧⲴ㜭࣋, ᒦሩᵚᶕⲴਟ㹼⹄ウᯩੁ䘋㹼ኅᵋ. ᵜ᮷Ⲵ㓴㓷ྲ

л: ᮷ㄐ࠶Ѫ 5 њ䜘࠶, ަѝㅜ 1 㢲Ѫᕅ䀰, ㅜ 2 㢲ӻ㓽ⴞࡽ⹄ウѝᑨ⭘Ⲵ䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ,
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ㅜ 3㢲䇮䇑ᇎ傼,䇴ՠᒦ∄䖳਴㊫⢩ᖱ൘ 3њᮠᦞ䳶к४࠶᭸ԧⲴ㜭࣋,ㅜ 4㢲䇘䇪ᵚᶕⲴ⹄ウᯩੁ,

ㅜ 5 㢲ሩޘ᮷䘋㹼ᙫ㔃.

2 ⧦ᴿ㝇⭫⢯ᖷⲺᇐѿф䇗㇍ᯯ⌋

൘ᛵ㔚䇶࡛亶ฏ, EEG Ր㔏⢩ᖱѫ㾱࠶Ѫᰦฏ (time domain) ⢩ᖱǃ仁ฏ (frequency domain) ⢩

ᖱǃᰦ仁ฏ (time-frequency domain) ⢩ᖱ 3 ㊫. 㘳㲁ࡠ㝁४Ⲵнሩ〠ᙗҏਟԕ৽᱐ᛵ㔚ؑ᚟, オ䰤ฏ

(space domain) ⢩ᖱҏഐ↔䙀⑀⭘Ҿ䇶࡛ᛵ㔚. ᵜ㢲ሶӾᰦฏǃ仁ฏǃᰦ仁ฏǃオ䰤ฏ 4 њ䀂ᓖӻ㓽

ᑨ⭘Ҿᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ.

2.1 ᰬต⢯ᖷ

བྷཊᮠ㝁⭥䇮༷ԕᰦฏᖒᔿ䟷䳶 EEG ؑਧ, ᭵ᰦฏ⢩ᖱᴰⴤ㿲᱃ᗇ, ަѫ㾱वᤜ: һԦ⴨ޣ⭥

սǃؑ ਧ㔏䇑䟿ǃ㜭䟿ǃ࣏⦷ǃ儈䱦䗷䴦᷀࠶ǃHjorth ৲ᮠ⢩ᖱǃнっᇊᤷᮠ઼࠶ᖒ㔤ᮠ.

㝁⭥䇮༷ṩᦞаᇊⲴ䟷ṧ仁⦷ሩ৏䘎㔝ؑਧ䘋㹼䟷ṧ, ᗇࡠ⿫ᮓᒿࡇ. ᡁԜ㓖ᇊ, ⭘ s(n) 㺘⽪Ḁ

њ⭥ᶱкㅜ n ⅑䟷ṧᗇࡠⲴ EEG ؑਧ٬, n = 1, 2, . . . , N , N 㺘⽪ᙫ䟷ṧᮠ.

2.1.1 ӁԬ⴮ީ⭫փ

һԦ⴨ޣ⭥ս (event related potential, ERP) ᱟᤷ⭡⿫ᮓࡪ◰һԦᕅਁⲴ㝁⭥⭥঻⌒ࣘ, ਟ৽᱐

䇔⸕࣐ᐕⲴ䗷〻 [8]. он䰤ᯝⲴ㝁⭥⭥঻⌒ࣘᑵᓖ⴨∄, བྷཊᮠ ERP ᑵᓖሿ, ഐ↔䙊ᑨਆཊ⇥⭡⴨਼

ᕅਁⲴ◰ࡪ EEG Ⲵᒣ൷᷀࠶٬ ERP [9].

ERP Ⲵ⌒ᖒ䲿ᰦ䰤ਈॆ੸⧠ާᴹн਼ᤱ㔝ᰦ䰤ǃᥟᑵ઼ᶱᙗⲴ⌒ጠ, ഐ㘼䙊ᑨӾ 3 њᯩ䶒ᶕ㺑

䟿: ▌Կᵏ (latency)ǃᥟᑵ (amplitude)ǃ↓䍏ᶱᙗ (polarity). മ 2 ᱟ൘ 0 ms ᰦਁ⭏Ⲵࡪ◰һԦᕅਁ

Ⲵ ERP ⌒ᖒ⽪᜿മ.

(1) ▌Կᵏᤷབྷ㝁ⳞቲӾ᧕ਇਁࡠ◰ࡪ⭏৽ᓄⲴᔦ䘏ᰦ䰤, 䙊ᑨ䇑㇇ࡪ◰䎧࿻ࡠ⌒ጠ亦⛩䰤Ⲵᰦ

䮯. ▌Կᵏо⾎㓿⍫ࣘⲴ࣐ᐕᰦ䰤ᴹޣ, .ᐕ䎺ѵ▌Կᵏ䎺䮯࣐

(2) ᥟᑵᴹส㓯 – ⌒ጠ઼⌒ጠ – ⌒ጠє⿽⍻䟿ᯩᔿ, ৽᱐བྷ㝁Ⲵཻޤᙗ儈վ, ֻྲ㔉㻛䈅੸⧠䍏

ᙗࡪ◰ᶀᯉᰦ, ERP ⲴᥟᑵՊ໎࣐ [10].

(3) ᶱᙗѝⲴ↓ᙗ⭥঻⌒ࣘ (positive) ⭘ P 㺘⽪, 䍏ᙗ (negative) ⭘ N 㺘⽪ [11].

ERP Ⲵᡀ࠶а㡜䚥ᗚє⿽ભ਽փ㌫, а⿽׍ᦞ▌Կᵏ, ֻྲ P300 㺘⽪⭥঻ੁ↓ᙗ⌒ࣘ, ф▌Կ

ᵏѪ 300 ms ᐖਣ; ਖа⿽׍ࡉᦞᡀ࠶Ⲵᒿࡇᙗ, 䈡ਁⲴㅜ◰ࡪྲֻ 1 њᱮ㪇Ⲵ䍏ᡀ࠶Ѫ N1, ㅜ 3 њ

ᱮ㪇Ⲵ↓ᡀ࠶Ѫ P3. ERP ᡀ࠶Ⲵ▌Կᵏᮠ٬ᖰᖰ㓖Ѫᒿࡇս㖞Ⲵ 100 ,ؽ ᡰԕㅜ 1 ⿽ભ਽ᯩᔿѝⲴ

P300 ㅹԧҾㅜ 2 ⿽ᯩᔿⲴ P3.

൘ᛵ㔚ᯩ䶒, ▌Կᵏ䖳⸝Ⲵ ERP ᡀ࠶о᭸ԧᴹޣ [12∼15], ྲ᷅ਦⲴ P100 ൘ӗ⭏⎸ᶱᛵ㔚ᰦⲴᥟ

ᑵབྷҾ〟ᶱᛵ㔚ᰦⲴᥟᑵ [16,17]. P300 ઼▌Կᵏ൘ 500 ms ԕкⲴⳞቲធ⭥ս (slow cortical potential,

SCP)ㅹ▌Կᵏ䖳䮯Ⲵ ERPᡀ࠶о୔䟂ᓖᴹޣ [6, 18∼20]. ⭡Ҿ P300Ⲵ⍻䟿ᴤਟ䶐,фަᥟᑵ઼▌Կᵏ

⢩ᖱवਜ਼Ⲵؑ᚟ᴤѠᇼ, ᭵ P300 Ѫ⾎㓿、ᆖ亶ฏ⹄ウᴰཊⲴ ERP ᡀ࠶ [11]. Nieuwenhuis ㅹ [21] Ⲵ⹄

ウ㺘᰾, P300 ൘↓ᙗᡆ䍏ᙗᛵ㔚л䜭∄ѝᙗ⣦ᘱᰦᴤᱮ㪇.

ERP Ⲵⷜᰦ࠶䗘⦷ᕪ, ᑨ⭘Ҿ⭡⿫ᮓⲴ㿶ǃੜ઼䀖㿹ࡪ◰䈡ਁᛵ㔚Ⲵᛵߥ, ֻྲമ⡷ǃ⸝丣仁઼

ᥟࣘㅹ, 㘼нᑨ⭘Ҿ䘎㔝Ⲵᛵ㔚䈡ਁ. ൘ᇎᰦ㌫㔏ѝ, ᛵ㔚Ⲵ䀖ਁ⛩ᖸ䳮⺞ᇊ઼᧗ࡦ, ᡰԕ ERP 䳮ԕ

ᓄ⭘൘ᛵ㔚Ⲵᇎᰦ䈡ਁ઼Ự⍻ѝ [22].
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Figure 2 (Color online) ERP pattern stimulated by event at 0 ms

2.1.2 ؗਭ㔕䇗䠅

⭥ؑਧ䙊⭘Ⲵᰦฏ㔏䇑⢩ᖱҏਟᓄ⭘Ҿ EEG ؑਧ, ᆳԜㆰঅ᱃䇑㇇, фਟԕᗇࡠ䖳ྭⲴ䇶࡛᭸

᷌ [23∼25]. ֻྲ, ᒣ൷٬ µs, ḷ߶ᐞ σs, а䱦ᐞ࠶㔍ሩ٬Ⲵᒣ൷٬:

δs =
1

N − 1

N−1∑

n=1

|s(n+ 1)− s(n)|, (1)

Ҽ䱦ᐞ࠶㔍ሩ٬Ⲵᒣ൷٬:

γs =
1

N − 2

N−2∑

n=1

|s(n+ 2)− s(n)|, (2)

ᖂаॆⲴа䱦ᐞ࠶ (ҏ〠Ѫᖂаॆ䮯ᓖᇶᓖ, ਟ㺑䟿㝁⭥ؑਧⲴ㠚⴨լᙗ [26]):

δ̄s =
δs
σs

, (3)

઼ᖂаॆⲴҼ䱦ᐞ࠶:

γ̄s =
γs
σs

. (4)

2.1.3 㜳䠅

བྷ㝁ⳞቲⲴ⍫䏳〻ᓖᖡ૽ EEG Ⲵᥟᑵ, 䘋㘼৽᱐Ѫ㜭䟿Ⲵ⌒ࣘ. ؑਧⲴ㜭䟿൘ᰦฏк㺘⽪Ѫᑵ

ᓖⲴᒣᯩ, ণ

Es =
N∑

n=1

|s(n)|2. (5)
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2.1.4 ࣕ⦽

ᒣ൷࣏⦷ਟ⭘㜭䟿䲔ԕ䟷ṧᮠᗇࡠ [27], ൘仁ฏкҏᴹ㜭䟿઼࣏⦷Ⲵ䇑㇇ᯩ⌅, ሶ൘ 2.2 ሿ㢲䘋㹼

䈤᰾.

Ps =
1

N

N∑

n=1

|s(n)|2. (6)

2.1.5 Hjorth ৸ᮦ⢯ᖷ

Hjorth ᇊѹҶؑਧ൘ᰦฏкⲴ Hjorth ৲ᮠ⢩ᖱ [28], Activity 㺑䟿ؑਧ⌒ᑵⲴٿ⿫〻ᓖ:

Activity =
1

N

N∑

n=1

(s(n)− µs)
2, (7)

Mobility 㺑䟿එᓖⲴਈॆ:

Mobility =

√
var(s′(n))

var(s(n))
, (8)

Complexity 㺑䟿ањᥟᑵкᴹཊቁњḷ߶Ⲵඑ (slope):

Complexity =
Mobility(s′(n))

Mobility(s(n))
, (9)

ަѝ, µs 㺘⽪ؑਧᒣ൷٬, s′(n) 㺘⽪а䱦ሬᮠ, var 㺘⽪ᯩᐞ.

2.1.6 儎䱬䗽䴬᷆࠼

Petrantonakisㅹ [29] ᨀࠪ儈䱦䗷䴦᷀࠶ (higher order crossings, HOC)Ⲵᯩ⌅, ⭘ؑਧ䙊䗷䴦⛩Ⲵ

⅑ᮠᶕ৽᱐ؑਧⲴᥟ㦑〻ᓖ. ሶ EEG ᒿࡇ s(n) 䖜ᦒѪ൷٬Ѫ 0 Ⲵᒿࡇ Z(n), n = 1, 2, . . . , N , ሶ䈕ᒿ

䙊䗷ࡇ M њ儈䙊└⌒ಘ, k 㺘⽪└⌒ಘⲴ亪ᒿ, k = 1, 2, . . . ,M :

Lk{Z(n)} =
k∑

j=1

(k − 1)!

(j − 1)!(k − j)!
(−1)j−1Z(n− j + 1), (10)

ṩᦞ޽ Lk{Z(n)} ᶴᔪҼ٬ᒿࡇ

Xn(k) =





1, Lk{Z(n)} ! 0,

0, Lk{Z(n)} < 0,
k = 1, 2, . . . ,M, n = 1, 2, . . . , N, (11)

Xn(k) ѝㅖਧⲴਈॆ⅑ᮠণѪ HOC ٬:

HOCk =
N∑

n=2

(Xn(k)−Xn−1(k))
2. (12)

⭡Ҿ EEG ൘н਼ᛵ㔚лⲴᥟ㦑⁑ᔿ઼⢩ᙗн਼, о䉡࣏⦷⴨∄, HOC ਟԕᴤ励ἂൠ㺘ᖱؑਧⲴᥟ㦑

⢩⛩ [18]; о㔏䇑⢩ᖱᡆสҾሿ⌒ਈᦒⲴ⢩ᖱ⴨∄, ֯⭘ HOC ਟԕᴤྭൠ४࠶ㅜ 1 㢲ᡰ䘠Ⲵ 6 ⿽สᵜ

ᛵ㔚 [29].
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2.1.7 уどᇐ᤽ᮦ

нっᇊᤷᮠ (non-stationary index, NSI) 㺑䟿ተ䜘ᒣ൷٬䲿ᰦ䰤Ⲵਈॆ [26]. ሶؑਧ࠶ᡀ n ⇥ᒦ䇑

㇇਴⇥Ⲵ൷٬, NSIᇊѹѪ䘉 nњᒣ൷٬Ⲵḷ߶ᐞ. NSI䎺བྷ㺘⽪ተ䜘ᒣ൷٬ᥟ㦑䎺བྷ. Hausdorffㅹ [30]

ਁ⧠൘н਼Ⲵࢢ࠶ᰦ䮯к, ᗇࡠⲴ NSI ٬ᱟ㊫լⲴ.

2.1.8 ᖘ㔪ᮦ࠼

ᖒ㔤ᮠ࠶ (fractal dimension, FD) ਟ⭘ᶕ㺘⽪ᰦฏؑਧⲴ༽ᵲ〻ᓖ. Sevcik ᯩ⌅ [31]ǃ࠶ᖒᐳᵇ䘀

ࣘ (fractal Brownian motion) [32]ǃ䇑ⴂ⌅ (box-counting) [33]ǃHiguchi ㇇⌅ [34] 䜭ਟ⭘ᶕ䇑㇇ FD, 㘼

Higuchi ㇇⌅Ⲵ᭸᷌ᴤྭ [22], ֯⭘䈕㇇⌅䇑㇇ EEG Ⲵ࠶ᖒ㔤ᮠ⢩ᖱ FDs Ⲵ䗷〻ྲл: 俆ݸሶᰦฏؑ

ਧᒿࡇ s(n), n = 1, 2, . . . , N 䟽߉Ѫ {s(m), s(m + k), . . . , s(m + #N−m
k $ · k)}, ަѝ, m = 1, . . . , k ᱟ䎧

࿻ᰦ䰤, k ᱟᰦ䰤䰤䳄. ൘⇿њ m Ⲵਆ٬к, Ԕ

Hm(k) =
N − 1

[N−m
k ]k2

[N−m
k ]∑

i=1

|s(m+ ik)− s(m+ (i− 1)k)|. (13)

⭘ H̄(k) 㺘⽪ Hm(k) Ⲵᒣ൷٬, ਆ FDs Ѫ

FDs = − log H̄(k)

log k
. (14)

2.2 仇ต⢯ᖷ

⭡Ҿᰦฏ⢩ᖱᰐ⌅ኅ⽪ؑਧⲴ仁⦷ؑ᚟,⹄ウ㘵ޕ࣐Ҷ仁ฏ᷀࠶ [35]. 俆ݸሶ৏࿻Ⲵᰦฏؑਧ䖜ᦒ

㠣仁ฏ㧧ᗇ仁䉡, ѻਾሶ仁⇥࠶䀓ࡠоӪⲴᗳ⨶⍫ࣘ㚄㌫ᇶ࠷ [36] Ⲵ 5 њᆀ仁⇥ δ, θ, α, β, γ, Ӿѝ޽

䇑㇇⢩ᖱ.

䙊ᑨ֯⭘ڵ䟼ਦਈᦒ (Fourier transfer, FT) 䘋㹼ᰦ – 仁ฏ䖜ᦒ. ሶؑਧᣅᖡࡠപᇊⲴ↓Ӕ࠭ᮠ㌫

к, ⭘а㓴ਈᦒ㌫ᮠ (䉡㓯) 㺘⽪ᰦ䰤࠭ᮠ, ਴䉡㓯㺘⽪Ḁа仁⦷࠶䟿Ⲵ⴨սǃᑵᓖㅹ৲ᮠ [37].

⭡Ҿ䟷䳶ࡠⲴ EEG ؑਧѪ⿫ᮓᒿࡇ s(n), ᇎ䱵᫽֌ѝཊ֯⭘⿫ᮓڵ䟼ਦਈᦒ⌅ (discrete Fourier

transfer, DFT), ⭘≲઼ԓᴯ〟࠶䘀㇇, ֯䇑㇇ᵪ㜭ཏ༴⨶ڵ䟼ਦਈᦒ [5]. ᓄ⭘Ҿ EEG ؑਧਟᗇ仁䉡

S(k) = DFT[s(n)] =
N−1∑

n=0

s(n)Wnk
N =

N−1∑

n=0

s(n)e−j( 2π
N )nk, (15)

ަѝ k 㺘⽪ṧᵜ⛩ᒿਧ, k = 0, 1, . . . , N − 1. 䇠 WN = e−j( 2π
N ) Ѫਈᦒ⸙䱥. Ӿᔿѝਟⴻࠪ, ⇿њ S(k)

䴰㾱 N − 1 ⅑༽ᮠ࣐⌅઼ N ⅑҈⌅䘀㇇, ᮤњᒿࡇⲴ DFT 䘀㇇䴰㾱 N(N − 1) ⅑༽ᮠ࣐⌅઼ N2 ⅑

༽ᮠ҈⌅, 䘀㇇༽ᵲᓖ儈.

ᘛ䙏ڵ䟼ਦਈᦒ (fast Fourier transfer, FFT) ҏ〠ᓃ࡙ – മส (Cooley-Tukey) ㇇⌅, ࡙⭘ WN Ⲵ

ઘᵏᙗ Wnk
N = W (nk)modN

N ઼ሩ〠ᙗ W
nk+N

2
N = −Wnk

N , ሶ DFT 䘀㇇᤹➗ཷڦᙗ䙀㓗࠶䀓, ㅜ 1 㓗ሶ

N њ⛩࠶Ѫ਴ N
2 њ䟷ṧ⛩Ⲵє㓴,ㅜ 2㓗޽㓶࠶Ѫ਴ N

4 њ䟷ṧ⛩Ⲵഋ㓴,ԕ↔㊫᧘,䘀㇇⍱〻ྲമ 3

ᡰ⽪, 㠚മⲴᐖㄟੁਣ䘀㇇, єᶑ㓯Ⲵ≷ਸ⛩㺘⽪ᮠ٬⴨࣐, 㓯ᯱḷ⌘Ⲵ W k 㺘⽪о⴨ᓄⲴᮠ٬⴨҈.

ֻྲ

s1(0) = s(0) +W 0s(4), s1(1) = s(0)−W 0s(4).

Ӿкᔿਟⴻࠪ, অݳवਜ਼ањ༽ᮠ҈઼єњ༽ᮠ࣐᫽֌. ሩҾ N њ䟷ṧ⛩, ޡ logN ቲ, ⇿ቲ N
2 њঅ

,ݳ ഐ㘼ᮤњ FFT㇇⌅ਚ䴰㾱 N
2 logN ⅑҈઼ N logN ,⌅࣐⅑ ф N 䎺བྷ, FFTⲴՈ䎺ᙗ䎺ᱮ㪇 [37].
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ഴ 3 (㖇㔒⡾ᖟഴ) N = 8 ᰬⲺ FFT 䇗㇍⍷ぁഴ

Figure 3 (Color online) FFT calculation when N = 8

⭡к䘠↕僔༴⨶ਾᗇࡠⲴ仁⇥㓿䗷࠶䀓, ᗇࡠ 5 њᆀ仁⇥ δ (1∼4 Hz), θ (4∼8 Hz), α (8∼12 Hz),

β (13∼30 Hz), γ (31∼45 Hz), ൘н਼ᇎ傼ѝ, ਴仁⇥Ⲵ䗩⭼⮕ᴹࠐ䎛ީⲴᐞᔲ. EEG Ⲵн਼仁⇥он

਼Ⲵ᜿䇶⣦ᘱᴹޣ: δ ⌒оᰐ᜿䇶Ⲵ⣦ᘱᴹޣ, ᑨࠪ⧠Ҿ␡ᓖᰐỖⲴⶑⵐ; θ ⌒о▌᜿䇶ᴹޣ, ֻྲᴹ

ỖຳⲴⶑⵐᡆ⍵ᓖⶑⵐǃഠٖ, ᖃ䈡ਁ〟ᶱᛵ㔚ᰦ, 仍ѝ㓯кⲴ θ Պ໎ᕪ⦷࣏⌒ [38]; α ⌒ཊࠪ⧠Ҿ䖳

Ѫ᭮ᶮⲴᴹ᜿䇶⣦ᘱ, 仍ਦк α ⌒Ⲵнሩ〠ᙗਟ৽᱐ᛵ㔚Ⲵн਼᭸ԧ [39, 40]; β ⌒о⍫䏳Ⲵ᜿䇶⣦ᘱ

ֻྲ⌘᜿࣋䳶ѝⲴ⍫ࣘᴹޣ, ൘仍ਦ४ฏ䖳Ѫᱮ㪇, ਟ৽᱐ᛵ㔚Ⲵ᭸ԧ [6, 41,42]; γ оབྷ㝁Ⲵ䗷ᓖࡉ⌒

⍫䏳⧠䊑ǃ⢩ᇊⲴ䇔⸕ᡆ䘀ࣘᴹޣ [43∼45]. ѝᙗᛵ㔚઼⎸ᶱᛵ㔚൘ β ઼ γ ⌒⇥ᴹ⴨լⲴᥟ㦑⁑ᔿ, ն

ަ൘ α ⌒⇥Ⲵᥟ㦑㜭䟿ᴤ儈 [46].

,䀓仁⇥ਾ࠶ ࠶৫਼↕ॆǃ儈䱦䉡ǃᗞޣǃһԦ⴨ॆ↕਼ޣ䉡ᇶᓖǃһԦ⴨⦷࣏ǃ⦷࣏ᨀਆ࡛࠶޽

⟥ㅹ⢩ᖱ.

2.2.1 ࣕ⦽

൘ᰦฏкⲴ䇑㇇ᯩ⌅ྲᔿ⦷࣏ (6) ᡰ⽪. 㘼൘仁ฏк, ਟ䙊䗷࣏⦷䉡ᇶᓖⲴ〟࠶䘀㇇ᗇࡠ. 䙊䗷

ሶᮤњ仁⇥࠶ࡂѪ㤕ᒢњᆀ仁⇥, 䇑㇇਴ᆀ仁⇥࣏⦷Ⲵᒣ൷٬ǃD ٬઼ᯩᐞㅹ. ↔ཆ, β ⌒⇥઼ α ⌒

⇥Ⲵᒣ൷࣏⦷ѻ∄ਟԕ㺘ᖱ㝁䜘Ⲵ⍫䏳⣦ᘱ, ਟ⭘Ҿᛵ㔚䇶࡛⹄ウ [22].

2.2.2 ࣕ⦽䉧ᇼᓜ

䉡ᇶᓖ⦷࣏ (power spectral density, PSD)᧿䘠ؑਧⲴ࣏⦷䲿仁⦷Ⲵਈॆᛵߥ,ਟ⭡ⴤ᧕⌅ᡆ䰤᧕

⌅ᗇࡠ.

⴪᧛⌋. ⴤ᧕⌅वᤜઘᵏമ⌅ǃWelch ⌅ㅹ㓯ᙗ㓿ި䉡ՠ䇑⌅, ઼ᴰབྷ⟥⌅ǃᴰབྷլ❦⌅ㅹ䶎㓯

ᙗ⧠ԓ䉡ՠ䇑⌅. 㓿ި䉡ՠ䇑⌅ᴤ䘲ਸ䮯ᒿࡇ, ᖃؑਧᒿࡇ䖳⸝ᰦ, 䉡࠶䗘㜭࣋䖳ᐞ; 㘼䶎㓯ᙗᯩ⌅ਟ

⦷䗘࠶䇱䖳儈Ⲵ䉡؍ [5].
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(1) ઘᵏമ⌅ (periodogram). ⭡䉡ᇶᓖ⦷࣏ DFT ਾᑵ仁⢩ᙗⲴᒣᯩ䲔ԕ EEG ᒿࡇⲴ䮯ᓖᗇࡠ.

⭡Ҿ DFT Ⲵઘᵏᙗ, ,䉡ҏᴹઘᵏᙗ⦷࣏ ᭵〠ઘᵏമ. ഐѪн਼ᒿࡇ䮯ᓖՊӗ⭏н਼Ⲵઘᵏമ, ᰐ⌅

ᗇࡠっᇊⲴՠ٬, ᭵ਆ਴ᆀ४䰤кઘᵏമⲴ൷٬֌Ѫ࣏⦷䉡ՠ٬.

(2) Welch ⌅. ൘ઘᵏമⲴส⹰кޕ࣐ᒣ━᫽֌. ,⇥⌒ᡀ㤕ᒢᆀ࠶ݸ Ⲵؑਧоデ࠭޵⇥⌒ᆀ⭘޽

ᮠ⴨҈䘋㹼ᒣ━, ᴰਾ൘਴ᆀ४䰤кਆᒣ൷, ԕ䱽վઘᵏമⲴ⌒ࣘ〻ᓖ.

(3) ᴰབྷ⟥⌅. ਆа㓴㠚⴨࠭ޣᮠоᐢ⸕ؑਧᒿࡇ⴨ㅹ, ф㠚⴨࠭ޣᮠԕཆⲴ䜘࠶䲿ᵪᙗᴰབྷⲴ

ᒿࡇ, ԕᡰਆᒿࡇⲴ࣏⦷䉡֌Ѫᐢ⸕ᒿ࣏ࡇ⦷䉡Ⲵՠ٬. ⭡Ҿ㾱≲䲿ᵪᙗᴰབྷ, ഐ㘼⟥ᴰབྷ, 〠ᴰབྷ

⟥⌅.

(4) ᴰབྷլ❦䉡ՠ䇑⌅. ҏ〠ᴰሿᯩᐞ䉡ՠ䇑⌅. 䇙ؑਧ䙊䗷ањ└⌒ಘ, 䇱ᡰ䴰ؑਧнཡⵏф؍

ަԆ仁⦷ؑਧ൷ᯩᐞᴰሿ. 㤕ሶањ⺞ᇊؑਧ࣐ањ Gauss ⲭಚ༠֌Ѫ䗃ޕ, ಘ䗃ࠪ↔ؑਧⲴ⌒└ࡉ

ᴰབྷլ❦ՠ٬, ᭵〠Ѫᴰབྷլ❦⌅. 㤕ؑਧਚᱟањ⺞ᇊؑਧ, ֻྲ㝁⭥ؑਧ, 䗃ࠪѪ⺞ᇊؑਧᴰሿࡉ

ᯩᐞⲴᰐٿՠ٬, ণѪ䈕ؑਧⲴ࣏⦷䉡ՠ٬.

䰪᧛⌋. ⭡㔤㓣 – 䗋䫖 (Wiener-Khinchin) ᇊ⨶ਟ⸕, ؑਧⲴ࣏⦷䉡ᇶᓖਟ⭡ᰦฏؑਧⲴ㠚⴨ޣ

࠭ᮠⲴڵ䟼ਦਈᦒᗇࡠ, 〠Ѫ䰤᧕⌅.

ᗇ࣏ࡠ⦷䉡ਾ, ṩᦞ㔉ᇊⲴḀа⌒⇥, 䇑㇇䈕⌒⇥࣏޵⦷䉡ᇶᓖⲴ൷٬ǃᴰ٬ǃᯩᐞㅹ㔏䇑䟿֌

Ѫ⢩ᖱ.

2.2.3 ӁԬ⴮ީ (ৱ) ੂ↛ौ

൘ањࡪ◰һԦѻਾⲴ㤕ᒢ∛。޵, EEG ؑਧ൘Ḁа仁⇥к࣏⦷Ⲵᘛ䙏ॷ儈〠ѪһԦ⴨਼ޣ↕

ॆ (event related synchronization, ERS); ⴨৽, ॆ↕৫਼ޣ䱽վ〠ѪһԦ⴨⦷࣏ (event related desyn-

chronization, ERD) [47]. ᆳԜ൘ᰦฏѝн᰾ᱮ, 䴰㾱൘仁ฏк㓿䗷ᑖ䙊└⌒઼ᒣ━ਾ᡽㜭㿲ሏࡠ. а㡜

䇔Ѫ ERS ઼ ERD оབྷ㝁⾎㓿᭮ݳ⭥Ⲵ਼↕ᙗᴹޣ, ᖃ਼↕ᙗ໎࣐ᰦ㜭䟿ਐ࣐ਈ儈, ӗ⭏ ERS, ਼↕

ᙗл䱽ᰦ㜭䟿䱽վ, ӗ⭏ ERD. ㅜ n њ䟷ṧ⛩кᗇࡠⲴ⢩ᖱ ERDSn Ѫ

ERDSn =
An −Rn

Rn
× 100, (16)

ަѝ, An 㺘⽪൘ㅜ n њ䟷ṧ⛩кⲴ࣏⦷, R 㺘⽪൘䈕䟷ṧ⛩ࡽਾа⇥४䰤кⲴᒣ൷࣏⦷ [48].

᭸ԧк, γ ⌒⇥кⲴ ERS ઼ ERD ⢩ᖱਟ४࠶↓䍏ᙗᛵ㔚 [45]; ӗ⭏↓ᙗᛵ㔚ᰦ, 从ਦᐖחⲴ θ ⌒

⇥кⲴ ERS ⢩ᖱՊਈᗇᱮ㪇, 㘼ӗ⭏䍏ᙗᛵ㔚ᰦ, ਣח ERS ⢩ᖱᴤᱮ㪇 [41]. ୔䟂ᓖк, 䶎ѝᙗᛵ㔚

оѝᙗᛵ㔚⴨∄, θ ⌒⇥Ⲵ ERS ઼ ERD ⢩ᖱ൘ᮤњਣח㝁४䜭ᴤ࣐ᱮ㪇 [49].

2.2.4 儎䱬䉧

儈䱦䉡 (higher order spectrum, HOS) ⢩ᖱ䙊ᑨ䴰㾱䇑㇇ৼ䉡 (bispectrum) ઼ৼ⴨ᒢ䉡 (bicoher-

ence). ৼ䉡ᱟؑਧй䱦⸙Ⲵڵ䟼ਦਈᦒ, ਟ⭘ᶕ䟿ॆؑਧ࠶䟿ѻ䰤ⲴҼ⅑⴨ս㙖ਸ, ণ৏ؑਧо䉀⌒

ਁ⭏㙖ਸ֌⭘, ӗ⭏Ⲵᯠ仁⦷ᡀ࠶Ⲵ઼仁оᐞ仁. о࣏⦷䉡ᇶᓖ⴨∄, ৼ䉡⢩ᖱ⏥ⴆ⴨սؑ᚟, ަ䇑㇇

ᯩ⌅Ѫ

Bis(f1, f2) = E[F (f1) · F (f2) · F ∗(f1 + f2)], (17)

ަѝ, f1, f2 ᤷєњؑਧ਴㠚Ⲵ仁⦷, F (f) ᤷڵ䟼ਦਈᦒ, E[x] Ѫᵏᵋ, ∗ 㺘⽪ޡ䖝༽ᮠ. ৼ⴨ᒢ䉡ᱟ

ৼ䉡Ⲵᖂаॆᖒᔿ

Bic(f1, f2) =
Bis(f1, f2)√

P (f1) · P (f2) · P (f1 + f2)
, (18)

ަѝ, P (f) = E[F (f)F ∗(f)] ᱟ࣏⦷䉡. Bis о Bic ਴㠚Ⲵ⁑ᡆ⁑Ⲵᒣᯩ䜭ਟԕ֌Ѫ儈䱦䉡⢩ᖱ [22].
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2.2.5 ᗤ࠼⟫

ᗞ࠶⟥ (differential entropy, DE) ᱟ俉ߌ (Shannon) ؑ᚟⟥ −
∑

x p(x) log(p(x)) ൘䘎㔝ਈ䟿кⲴ

᧘ᒯᖒᔿ

DE = −
∫ b

a
p(x) log(p(x))dx, (19)

ަѝ, p(x) 㺘⽪䘎㔝ؑ᚟Ⲵᾲ⦷ᇶᓖ࠭ᮠ, [a, b] 㺘⽪ؑ᚟ਆ٬Ⲵ४䰤. ሩҾа⇥⢩ᇊ䮯ᓖⲴ䘁լᴽӾ

Gauss ᐳ࠶ N(µ,σ2
i ) Ⲵ EEG, ަᗞ࠶⟥Ѫ [46, 50]:

DE = −
∫ +∞

−∞

1√
2πσ2

i

e
− (x−µ)2

2σ2
i log

(
1√
2πσ2

i

e
− (x−µ)2

2σ2
i

)
dx =

1

2
log(2πeσ2

i ), (20)

ㅹҾަ൘⢩ᇊ仁⇥кⲴ㜭䟿䉡Ⲵሩᮠ [51].

Zheng ㅹ [46] ൘䇶࡛↓ᙗǃѝᙗ઼䍏ᙗ 3 ⿽ᛵ㔚Ⲵᇎ傼ѝ, ֯⭘ DE ֌Ѫ⢩ᖱ㧧ᗇⲴ䇶࡛߶⺞⦷

儈ҾަԆ⢩ᖱ.

2.3 ᰬ仇ต⢯ᖷ

,䟼ਦਈᦒⲴ֌⭘㤳തᱟᮤњᰦฏڵ 㕪ѿተ䜘ॆ㜭࣋, фᰐ⌅⺞䇔䶎ᒣっؑਧ਴仁ฏᡀ࠶ሩᓄⲴ

ᰦ࡫, ᡰԕᕅޕҶᰦฏо仁ฏ㔃ਸⲴᰦ仁ฏ. 䙊ᑨڊ⌅ᱟࠪ࠶ࡂ㤕ᒢᰦ䰤デ, ਴デ޵Ⲵᆀؑਧ䘁լᒣ

っ, ሶަਈᦒ㠣仁ฏᗇࡠа㓴仁ฏ⢩ᖱ, ━ࣘᰦ䰤デਟ༴⨶н਼ᰦ⇥, Ӿ㘼਼ᰦ㧧ਆؑਧⲴᰦฏ઼仁

ฏؑ᚟, ᨀ儈ሩнっᇊؑਧⲴ༴⨶㜭࣋, ਟ㋇⮕䇑㇇ᛵ㔚ᔰ࿻઼ᤱ㔝Ⲵᰦ䰤 [52]. 䙊ᑨ֯⭘⸝ᰦڵ䟼ਦ

ਈᦒ (short-time Fourier transform, STFT)ǃሿ⌒ਈᦒ (wavelet transform, WT)઼ሿ⌒वਈᦒ (wavelet

packet transform, WPT) ᡆ Hilbert-Huang ᯩ⌅ᶕ䘋㹼ᰦ仁ฏؑਧਈᦒ.

2.3.1 䠂ਬ਎ᦘڻᰬ⸢

STFT ਟᨀ儈ሩಚ༠ᒢᢠⲴ励ἂᙗ [53]. ֯⭘ㅹ䮯Ⲵデ࠭ᮠ w(n− t) 䇑㇇デؑ޵ਧⲴڵ䟼ਦਈᦒ:

X(n,ω) =

∫ ∞

−∞
w(n− t)f(t)e−jωtdt, (21)

.࠶਴デ࠭ᮠⲴᰦ䰤⛩৺仁⦷ᡀࠪ≳޽ ᑨ㿱Ⲵデ࠭ᮠᴹй䀂⌒ǃᯩ ⌒઼ Gauss ࠭ᮠㅹ, 䙊ᑨ唈䇔֯⭘

Gauss ࠭ᮠ, ↔ᰦ STFT ҏ〠 Gabor 䖜ᦒ.

䘹ᤙਸ䘲Ⲵデ䮯ᓖ㠣ޣ䟽㾱, ⸝Ⲵᰦ䰤デᨀ׋Ⲵؑ᚟䟿н䏣, ሬ㠤仁ฏ࠶䗘⦷ᐞ; 䮯Ⲵᰦ䰤デ৸

Պሬ㠤਴デᐞᔲབྷ, ᰦฏ࠶䗘⦷ᐞ. ⴞࡽᛵ㔚䇶࡛⹄ウѝ᭸᷌ྭⲴᰦ䰤デ䮯ᓖཊѪ 1 ∼ 2 s [5, 54,55].

2.3.2 ቅ⌘਎ᦘ

⭡Ҿ STFT Ⲵᰦ䰤デ䮯ᓖሩ᭸᷌ᴹ᰾ᱮᖡ૽, фᰐ⌅਼ᰦ൘ᰦฏ઼仁ฏ㧧ᗇ儈࠶䗘⦷, ᭵ᕅޕሿ

⌒ਈᦒ. ѫ㾱ᴹє⿽สᵜ㊫ර: 䘎㔝ሿ⌒ਈᦒ (continuous wavelet transform, CWT) ઼⿫ᮓሿ⌒ਈᦒ

(discrete wavelet transform, DWT) [56].

สᵜሿ⌒,ᡆ〠ሿ⌒⇽࠭ᮠ φ(t)ᓄᒣᯩਟ〟,фަڵ䟼ਦਈᦒ┑䏣 |φ(ω)|2
|ω| dω < ∞. ᒣ〫 τ ਟ֯ሿ

⌒࠭ᮠ൘ᰦ䰤䖤к〫ࣘ; α ਈབྷᡆਈሿՊ֯ަਈゴᡆਈᇭ [57], ަѝ, α, τ ∈ R, α > 0. ⭡↔ᗇࡠਈᦒਾ

Ⲵ࠭ᮠ

φα,τ (t) =
1√
α
φ

(
t− τ

α

)
, (22)
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〠Ѫ৲ᮠѪ α ઼ τ Ⲵሿ⌒ส࠭ᮠ. 1√
α
ሶ㜭䟿ᖂаॆ. ᖃ৲ᮠਟ䘎㔝ਆ٬ᰦ, 〠Ѫ䘎㔝ሿ⌒ਈᦒ;ᖃ৲

ᮠਚ㜭ਆ⿫ᮓ٬ᰦ, 〠Ѫ⿫ᮓሿ⌒ਈᦒ.

2.3.3 ቅ⌘ऻ਎ᦘ

ሿ⌒ਈᦒሶؑਧ࠶ᡀվ仁઼儈仁єњ䜘࠶, ਚ࠶䀓վ仁䜘࠶, ሬ㠤ᘭ⮕㺘ᖱؑਧ㓶㢲Ⲵ儈仁䜘࠶,

֯儈仁࠶䗘⦷ᐞ, ђཡ㓶㢲ؑ᚟. ഐ↔ᕅޕ WPT, ӽሶؑਧ࠶䀓Ѫվ仁઼儈仁䜘࠶, նє䜘࠶䜭Պ㔗

㔝࠶䀓, վ仁кђཡⲴؑ᚟ਟԕ൘儈仁ѝ㺕ݵ. ഐ↔, ሿ⌒वਈᦒਟԕᨀ׋ᴤѠᇼⲴؑਧ᷀࠶, ᨀ儈࠶

䗘⦷ [58].

2.3.4 Hilbert-Huang 䉧

Hilbert-Huang ᱟа⿽䶎㓯ᙗⲴᰦ仁ฏ⢩ᖱᨀਆᯩ⌅, о STFT ⴨∄, ᣥᣇಚ༠ᒢᢠⲴ㜭࣋ᴤ

ᕪ [22, 59]. 俆ݸ⭘㓿傼⁑ᔿ࠶䀓 (empirical mode decomposition, EMD) ᗇࡠപᴹ⁑ᘱ࠭ᮠ (intrinsic

mode functions, IMFs) ᶕ㺘ᖱ৏ EEG ؑਧ X(t), 䀓ࠪ࠶ޡ䇮ٷ k њപᴹ⁑ᘱ࠭ᮠ:

X(t) =
k∑

i=1

IMFi(t) + r(t), (23)

ަѝ, r(t) 㺘⽪࢙։Ⲵঅ䈳ᡆᑨᮠⲴ䜘࠶. ሩ⇿њ޽ IMFi(t) 䇑㇇ Hilbert ਈᦒ, 䀓᷀ؑਧਟ⭘ᥟᑵ

Ai(t) ઼ⷜᰦ⴨ս θi(t) ᶕ㺘ᖱ, ⷜᰦ仁⦷ fi(t) =
1
2π

dθi
dt , ৏ؑਧਟ㺘⽪Ѫࡉ

X(t) =
k∑

i=1

Ai(t)e
j2π

∫
fi(t)dt. (24)

䙊䗷к䘠ᯩ⌅ሶ EEG᤹ᰦ䰤⇥ਈᦒ㠣仁ฏਾ,޽ᨀਆྲࡽᡰ䘠Ⲵ仁ฏ⢩ᖱ,ֻྲ࣏⦷ǃ࣏⦷䉡ᇶ

ᓖⲴ൷٬ǃD ٬ㅹ. 䲔↔ѻཆ, ҏਟṩᦞᰦ䰤デᨀਆᰦ仁ฏкⲴ⴨ሩ㜭䟿

REband =
Energyband
Energytotal

(25)

઼⇿њᰦ䰤デкⲴ⟥

Entropy = −
∑

band

REband log REband, (26)

ަѝ, Energyband 㺘⽪Ḁњᰦ䰤デؑ޵ਧ൘Ḁњ仁⇥кⲴ㜭䟿, Energytotal Ѫ䈕ᰦ䰤デ޵ᡰᴹ仁⇥㜭

䟿ѻ઼ [40].

2.4 グ䰪ต⢯ᖷ

㝁⭥ؑਧ䟷㠚㤕ᒢњሩᓄབྷ㝁Ⳟቲн਼ս㖞Ⲵ⭥ᶱ, ,ᡰ䘠ࡽྲ ᐖਣॺ⨳ӗ⭏Ⲵ EEG ؑਧоᛵ

㔚᭸ԧᴹޣ: ⎸ᶱᛵ㔚㜭◰⍫ਣח仍ਦǃ从ਦ઼亦ਦ, 㘼〟ᶱᛵ㔚ਟԕ◰⍫ᐖח४ฏ [60∼63]. ഐ↔ᖒᡀ

EEG Ⲵオ䰤ฏ⢩ᖱ, ѫ㾱࠶Ѫオ仁ฏ⢩ᖱ઼⭥ᶱ㓴ਸ⢩ᖱ.

2.4.1 グ仇ต

オ䰤⁑ᔿ਼ޡ⭘޽,ᨀਆ਴⭥ᶱкⲴ仁ฏ⢩ᖱݸ (common spatial patterns, CSP)ㅹ㇇⌅оオ䰤ฏ

㔃ਸ, 䇑㇇オ仁ฏ⢩ᖱ.

ާੂグ䰪⁗ᕅ. CSPᑨ⭘ҾҼ࠶㊫䰞仈,ṩᦞؑਧᡰ኎Ⲵ㊫࡛ḷㆮ,䇮䇑⢩↺Ⲵオ䰤└⌒ಘ,֯є

㊫ؑਧⲴ࣏⦷ᴰབྷ, 㔗㘼ᗇࡠ४࠶ᓖ儈Ⲵ⢩ᖱ [64, 65] ԕ৺਴⭥ᶱؑਧⲴᵳ䟽 [66].
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䇮ٷ n⇥ EEGؑਧ࠶Ѫ↓ᙗ઼䍏ᙗ᭸ԧє㊫,⇿⇥ؑਧ䜭㺘⽪Ѫ䙊䚃ᮠ ×䟷ṧ⛩њᮠⲴ⸙䱥ᖒ
ᔿ,ሶє⿽࠶㊫лؑਧⲴॿᯩᐞ⸙䱥࡛࠶ਆᒣ൷ᗇࡠ Σ+઼ Σ−,ᒦ䘋㹼⢩ᖱ࠶٬䀓 Σ++Σ− = UDUT,

U ᱟ⢩ᖱੁ䟿⸙䱥, D ᱟ⢩ᖱ٬ᶴᡀⲴሩ䀂⸙䱥, 䱥Ѫ⸙ⲭॆ٬ࡉ P =
√
D−1UT, ⲭॆਾⲴؑਧⲴॿ

ᯩᐞ⸙䱥Ѫ
S+ =PΣ+PT = BΛBT,

S− =PΣ−PT = I − S+ = B(I − Λ)BT.
(27)

Ҽ㘵⢩ᖱੁ䟿⴨਼, ф⢩ᖱ઼࣐٬Ѫ 1. I 㺘⽪অս⸙䱥, B 㺘⽪⢩ᖱੁ䟿⸙䱥, Λ 㺘⽪⢩ᖱ٬ᶴᡀⲴ

ሩ䀂⸙䱥, 䛓Ѹ

BTPΣ+PTB = BTS+B = Λ,

BTPΣ−PTB = BTS−B = I − Λ.
(28)

ഐ↔, 〠ᣅᖡ⸙䱥 W = BTP ѝⲴ⇿њ㹼ੁ䟿 wj ቡᱟањオ䰤└⌒ಘ, 䎺བྷⲴ⢩ᖱ٬㺘⽪ wj ൘є㊫

кਟԕᗇࡠᐞ䐍䎺བྷⲴᯩᐞ. 㘼 W−1 Ⲵ⇿аࡇ〠Ѫ਼ޡオ䰤⁑ᔿ [66].

Koelstraㅹ [65] ൘᭸ԧ (valence)ǃ୔䟂ᓖ (arousal)઼ௌ⡡ᓖ (like/dislike) 3亩к,࡛࠶ԕ৏࿻ PSD

઼ CSP֌Ѫ⢩ᖱ,⭘᭟ᤱੁ䟿ᵪ (support vector machine, SVM)䘋㹼Ҽ࠶㊫, CSPᗇࡠⲴ࠶㊫߶⺞⦷

儈Ҿ PSD.

ާੂグ䰪⁗ᕅⲺ᭯䘑. ⭡Ҿн਼њփⲴ㝁⭥ؑਧ൘਴仁⇥кⲴᱮ㪇〻ᓖн਼, ഐ↔ᖃ㻛䈅䖳ཊф

ᐞᔲ䖳བྷᰦ, Ѫ؍䇱䇶࡛᭸᷌, 䴰㾱བྷ䟿᡻ࣘ䈳ᮤ CSP Ⲵ仁⇥. ѪҶ䀓ߣ䘉а䰞仈, Novi ㅹ [67] ᨀࠪ

ᆀ⌒⇥਼ޡオ䰤⁑ᔿ (sub-band common spatial pattern, SBCSP),⭘สҾڵ䟼ਦⲴ Gabor└⌒ಘ㓴ሶ

ؑਧ࠶ᡀн਼仁⇥,൘਴⌒⇥кᨀਆ CSP⢩ᖱ,֯⭘ LDA㇇⌅㠚ࣘ䘹ᤙᱮ㪇Ⲵ仁⇥઼⴨ᓄⲴ CSP⢩

ᖱ, ᴰਾ⭘࠶㊫ಘሩ CSP ⢩ᖱ䘋㹼࠶㊫. SBCSP ਟԕᇎ⧠㠚ࣘ䈳ᮤф؍䇱䇶࡛߶⺞⦷.

Angㅹ [68] 䘋а↕᭩䘋Ҷ SBCSP㇇⌅,ᨀࠪҶ└⌒ಘ㓴਼ޡオ䰤⁑ᔿ (filter bank common spatial

pattern, FBCSP), ަо SBCSP Ⲵ४࡛൘Ҿ֯⭘䴦⴨ս࠷∄䴚ཛ (Chebyshev) └⌒ಘ㓴֌Ѫ└⌒ಘ,

ᴽҶݻ IIR (infinite impulse response) └⌒ಘ䙐ᡀⲴ䶎㓯ᙗ⴨〫; ൘⢩ᖱ䘹ᤙ઼࠶㊫ѝ, ਟᒯ⌋֯⭘⧠

ᴹⲴ⢩ᖱ䘹ᤙ઼࠶㊫ಘ㇇⌅, ާᴹᲞ䘲ᙗ.

2.4.2 ⭫ᶷ㓺ਾ

䇑㇇⭥ᶱ㓴ਸ⢩ᖱᰦ, ,⢩ᖱ٬↕ࡍ䘠ᰦฏǃ仁ฏᡆᰦ仁ฏ⢩ᖱ֌Ѫࡽ㇇ሩ਴⭥ᶱؑਧ䇑ݸ ሶ޽

㤕ᒢ⭥ᶱ㓴ਸᡀሩ, 䘋а↕䇑㇇⢩ᖱ. ⭥ᶱሩⲴ㓴ਸᯩᔿवᤜሩ〠઼нሩ〠є⿽, ሩ〠ᯩᔿ৸࠶Ѫࡽ

ਾሩ〠઼ᐖਣሩ〠. ѪҶׯҾ䇪䘠, ԕ 32 ሬ NeuroScan Quik-cap 㝁⭥ᑭⲴ⭥ᶱս㖞Ѫֻ. 䈕䇮༷व

ᤜ 2 њ৲㘳⭥ᶱ઼ 30 њ䟷ṧ⭥ᶱ, ྲമ 4 ᡰ⽪.

ᐜ਩փ㖤ሯ〦. ԕѝ䰤Ⲵ⚠㢢ㄆ㓯Ѫሩ〠䖤,࢙։ 24њ⭥ᶱᐖਣሩ〠,ਟᗇࡠ 12ሩ⭥ᶱ,㔯㢢㓯

ḷ䇶Ⲵєࡇ⭥ᶱӂѪ⭥ᶱሩ, 㬍㢢㓯ḷ䇶Ⲵє਼ࡇ⨶. ⭘ L ,ᶱ⭥חѮࠪᡰᴹ⭥ᶱሩѝⲴᐖࡇ R Ѫ⴨

ᓄⲴਣח⭥ᶱ:

L = {FP1,F3,FC3,C3,CP3,P3,O1,F7,FT7,T7,TP7,P7},

R = {FP2,F4,FC4,C4,CP4,P4,O2,F8,FT8,T8,TP8,P8}.

(1)нሩ〠ᐞ/нሩ〠୶. нሩ〠ᐞ (differential asymmetry, DASM)઼нሩ〠୶ (rational asymme-

try, RASM) ٬∄઼࠶ᤷᐖਣሩ〠⭥ᶱк⢩ᖱⲴᐞ࡛࠶ [69]

DASM =Feature(XL)− Feature(XR),

RASM =Feature(XL)/Feature(XR),
(29)
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F7 

FT7 

T7 

P7 

TP7 

FP1 

F3 
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ഴ 4 (㖇㔒⡾ᖟഴ) 32 ሲ NeuroScan Quik-cap 㝇⭫ᑳⲺ 30 Ѡ䟽ṭ⭫ᶷփ㖤

Figure 4 (Color online) 30 sampling electrodes of 32-channel NeuroScan Quik-cap

ᡆ㘵ᴤ༽ᵲⲴ䇑㇇ᯩ⌅, ⭘ᐖਣ⢩ᖱⲴᐞ䲔ԕ઼, ↔༴〠Ѫнሩ〠㌫ᮠ [18]:

Index =
Feature(XL)− Feature(XR)

Feature(XL) + Feature(XR)
, (30)

ަѝ, XL ઼ XR Ⲵࡠᶱ䟷䳶⭥חਣ઼ח㺘⽪ᐖ࡛࠶ EEG ؑਧ, Feature(X) 㺘⽪൘ؑਧ X кᨀਆⲴ

.⢩ᖱ٬↕ࡍ

(2)ཊ㔤ᓖᴹੁؑ᚟. Sakataㅹ [70] ᨀࠪҶཊ㔤ᓖᴹੁؑ᚟ (multidimensional directed information,

MDI), ৽᱐ӾḀњ⭥ᶱ⍱ੁަԆ⭥ᶱⲴؑ᚟䟿, 䙊ᑨ⍻䟿ᐖਣ⭥ᶱሩѻ䰤⍱ࣘⲴؑ᚟䟿. MDI ⲴՈ࣯

൘Ҿਟԕ㺘⽪਴⭥ᶱѻ䰤ؑਧ䟿Ⲵ㔍ሩ䟿㘼䶎⴨ሩ䟿 [71]. 俆ݸሶєњ⭥ᶱк䮯ᓖѪ N Ⲵ EEG ؑਧ

ᒣ൷࠶ࡂѪ n ⇥, ⇿⇥ԕ xk ઼ yk ⭼ᇊ

X = xk−p · · ·xk−1xkxk+1 · · ·xk+M = XPxkX
M ,

Y = yk−p · · · yk−1ykyk+1 · · · yk+M = Y P ykY
M ,

䛓ѸєᒿࡇⲴӂؑ᚟Ѫ

I(X;Y ) =
∑

k

I
(
xk;Y

M |XPY P yk
)
+ I
(
yk;X

M |XPY Pxk

)
+ I
(
xk; yk|XPY P

)
. (31)

.੄փ㖤ሯ〦ࢃ ԕമ 4 ѝ䰤⁚ੁⲴ⚠㢢⁚㓯Ѫሩ〠䖤, ᒦ㠽ᔳ OZ ⭥ᶱ, ։࢙ 24 њ⭥ᶱࡽਾሩ

〠, ਟᗇࡠ 12 ሩ⭥ᶱ, ㍛㢢㓯ḷ䇶Ⲵє㹼⭥ᶱӂѪ⭥ᶱሩ, 㓒㢢㓯ǃ₉㢢㓯਼⨶. ⭘ F ⭥Ѯࠪᡰᴹࡇ
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ᶱሩѝⲴࡽ䜘⭥ᶱ, P Ѫ⴨ᓄⲴਾ䜘⭥ᶱ:

F = {FP1,FP2,F7,F3,FZ,F4,F8,FT7,FC3,FCZ,FC4,FT8},

P = {O1,O2,P7,P3,PZ,P4,P8,TP7,CP3,CPZ,CP4,TP8}.

DCAU (differential caudality) ਟԕ⭘ᶕ᧿䘠ࡽਾ⭥ᶱкⲴнሩ〠ᙗ [46]

DCAU =
Feature(Xfrontal)

Feature(Xposterior)
. (32)

3 уੂ㝇⭫⢯ᖷሯӄ᛻㔠䇼ࡡ㔉᷒Ⲻᖧଃ

ѪҶ⍻䈅⢩ᖱሩᛵ㔚䇶࡛㔃᷌Ⲵ䍑⥞, ᵜ᮷䘹ᤙ 3 њ㝁⭥ᮠᦞᓃ SEED, DREAMER ઼ CAS-

THU, 䇑㇇਴㊫⢩ᖱ٬, ሶ〰⮿㓯ᙗ᷀࠶࡛ࡔ (sparse linear discriminant analysis, SLDA) [72] 䘹ᤙ⢩ᖱ

Ⲵᵳ䟽֌Ѫ䇴ԧḷ߶.

䴰㾱䈤᰾Ⲵᱟ, 仁ฏоᰦ仁ฏᵜ䍘䜭ᱟሶᰦฏؑਧਈᦒ㠣仁ฏ, фҼ㘵䇑㇇Ⲵ⢩ᖱ㊫ර (ྲ PSD,

ᗞ࠶⟥ㅹ) ⴨਼; նᰦ仁ฏ᤹ᰦ䰤⇥ؑ࠶ࡂਧ, ਜ਼ᴹᴤѠᇼⲴ⢩ᖱؑ᚟, ҏᴤᑨ⭘Ҿᛵ㔚䇶࡛亶ฏ. ഐ

㘼ᵜᇎ傼ሩ EEG ,ᰦ䰤デԕᨀਆᰦ仁ฏ⢩ᖱ࣐ н䇑㇇ᮤњؑਧⲴ仁ฏ⢩ᖱ.

3.1 ᮦᦤᓉԁ㔃

3.1.1 SEED

SEED ᮠᦞᓃ [46,69] ⭡к⎧Ӕ䙊བྷᆖਁᐳ, ⭘ᰦ䮯 4 min ᐖਣⲴॾ䈝⭥ᖡ⡷⇥䈡ਁ↓ᙗǃѝᙗ઼

䍏ᙗ᭸ԧⲴ 3 ⿽ᛵ㔚. ֯⭘ 62 ሬⲴ ESI NeuroScan ㌫㔏䟷䳶 15 ਽㻛䈅 (7 ਽⭧ᙗ, 8 ਽ྣᙗ, ᒤ喴ᒣ

൷٬Ѫ 23.27, ḷ߶ᐞѪ 2.37) Ⲵ㝁⭥ᮠᦞ, 䟷ṧ⦷Ѫ 1000 Hz. ⇿਽㻛䈅൘н਼ᰦ䰤ڊ 3 ⅑ᇎ傼, ⇿

⅑㿲ⴻ 15 ⇥⭥ᖡ⡷⇥, ণޡ 45 њ䈅⅑. ሩ EEG ؑਧⲴ亴༴⨶वᤜ: ؑਧл䟷ṧ㠣 200 Hz, ৫䲔⵬

⭥઼㚼⭥ಚ༠, ᒦ֯⭘ 0.3 ∼ 50 Hz Ⲵᑖ䙊└⌒ಘ. 䇑㇇ᰦ仁ฏ⢩ᖱᰦ, ֯⭘䮯ᓖѪ 1 s ӂн䟽ਐⲴ

hanningデ䘋㹼⸝ᰦڵ䟼ਦਈᦒ,ᒦ࠶ࡂ 5њ仁⇥ δ (1∼3 Hz), θ (4∼7 Hz), α (8∼13 Hz), β (14∼30 Hz),

γ (31∼50 Hz).

3.1.2 DREAMER

DREAMER ᮠᦞᓃ [73] ⭡ University of the West of Scotland ਁᐳ, ᨀ׋㻛䈅ሩᖡ⡷൘᭸ԧǃ୔䟂

ᓖ઼᧗ࡦᓖкⲴ䇴࠶, ᒦᦞ↔ᗇࡠ⴨ᓄᛵ㔚Ⲵ↓䍏ᙗᡆ୔䟂ᓖǃ᧗ࡦᓖⲴ儈վ. ᖡ⡷ޡ 18 ⇥, 䮯ᓖ൘

65 ∼ 393 s ѻ䰤 [73,74]. ᇎ傼֯⭘ 14 ሬⲴ Emotiv EPOC ㌫㔏, 䟷䳶 23 ਽㻛䈅 (14 ਽⭧ᙗ, 9 ਽ྣᙗ,

ᒤ喴ᒣ൷٬Ѫ 26.6, ḷ߶ᐞѪ 2.7) 㿲ⴻ⭥ᖡᰦⲴ㝁⭥઼ᗳ⭥ᮠᦞ, 䟷ṧ⦷Ѫ 128 Hz. ᡚਆ⇿⇥ؑਧᴰ

ਾⲴ 60 s, ᒦ⭘ MATLAB ⧟ຳлⲴ EEGLAB ᐕާव [75] .⨶亴༴ڊ ⭘䮯ᓖѪ 2 sǃ⴨䛫デ䟽ਐ 1 s Ⲵ

ᰦ䰤デ䘋㹼⸝ᰦڵ䟼ਦਈᦒ, ᒦሶؑਧ࠶Ѫ θ (4∼7 Hz), α (8∼13 Hz), β (14∼30 Hz) 3 њ仁⇥.

3.1.3 CAS-THU

CAS-THUᮠᦞᓃ [76]⭡ѝഭ、ᆖ䲒ᗳ⨶⹄ウᡰо␵ॾབྷᆖ਼ޡᨀࠪ,֯⭘ 16⇥ॾ䈝ᖡ⡷䈡ਁ 8⿽

⿫ᮓᛵ㔚, वᤜᩎㅁǃ儈઼ޤ⑙俘 3 ⿽↓ᙗᛵ㔚, ়ᚦǃ ᜗ǃ᝔ᙂ઼ᛢՔ 4 ⿽䍏ᙗᛵ㔚ԕ৺ѝᙗ⣦

ᘱ. ֯⭘ 14 ሬ Emotiv EPOC ㌫㔏䟷䳶 30 ਽⭧ᙗ㻛䈅 (ᒤ喴ᒣ൷٬Ѫ 23, ḷ߶ᐞѪ 1.73) Ⲵ㝁⭥ᮠ

ᦞ. 亴༴⨶ᰦݸ䙊䗷 1 ∼ 45 Hz Ⲵᑖ䙊└⌒ಘ, ᷀࠶࠶ᡀ・⤜⭘޽ (independent component analysis,
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ICA) ઼ MATLAB ⧟ຳлⲴ EEGLAB ᐕާव [75] 䲔৫⵬⭥ᒢᢠ. о DREAMER ⴨਼, 䟷⭘䮯ᓖ 2 s

ф⴨䛫䟽ਐ 1 s Ⲵᰦ䰤デڊ STFT, ሶؑਧ࠶ࡂѪ 5 њ仁⇥: δ (1∼4 Hz), θ (4∼8 Hz), α (8∼12 Hz), β

(13∼30 Hz), γ (31∼45 Hz) [76].

㔬кਟ⸕, 3 њᮠᦞᓃ䜭वਜ਼ᛵ㔚Ⲵ᭸ԧؑ᚟, ަѝ SEED ઼ CAS-THU वਜ਼↓ᙗǃѝᙗ઼䍏ᙗ

3 ㊫᭸ԧ, DREAMER ਚवਜ਼↓ᙗ઼䍏ᙗє㊫᭸ԧ, ᡰԕᵜᇎ傼ਚ㺑䟿਴⢩ᖱ൘ࡔᯝ᭸ԧкⲴ֌⭘.

3.2 ⢯ᖷᨆ਌

⭡Ҿ ERP, ERS ઼ ERD 3 亩һԦ⴨ޣⲴ⢩ᖱ䴰㾱⿫ᮓᶀᯉ֌Ѫ䈡ਁ, 㘼ᵜᇎ傼ᮠᦞᓃ൷⭘㿶仁

ᤱ㔝䈡ਁᛵ㔚, ᴤㅖਸᇎ䱵ᓄ⭘൪Ჟ. ഐ↔൘ᵜ᮷Ⲵᇎ傼ѝ, нᨀਆ䘉 3 њ⢩ᖱ. ਖཆ, CSP 䘲⭘ҾҼ

,࣑㊫ԫ࠶ ഐ↔ਚሩ DREAMER ᮠᦞᓃ䇑㇇ CSP ⢩ᖱ. 㔬к, ᵜ᮷ᇎ傼൘ 3 њᮠᦞᓃк਼ޡ䇑㇇Ⲵ

⢩ᖱवᤜ:

(1)ᰦฏ.ᒣ൷٬ǃḷ߶ᐞǃа䱦ᐞ࠶ǃᖂаॆⲴа䱦ᐞ࠶ǃҼ䱦ᐞ࠶ǃᖂаॆⲴҼ䱦ᐞ࠶ǃHjorth

⢩ᖱ (activity, mobility, complexity)ǃ㜭䟿ǃ࣏⦷ǃ儈䱦䗷䴦᷀࠶ǃнっᇊᤷᮠǃHiguchi .ᖒ㔤ᮠ࠶

(2) ᰦ仁ฏ. .⟤࠶䉡ᇶᓖǃ儈䱦䉡ǃᗞ⦷࣏

(3) オ䰤ฏ. DASMǃRASMǃнሩ〠㌫ᮠǃDCAUǃཊ㔤ᓖᴹੁؑ᚟.

ሩҾ⇿њᮠᦞᓃ, ᤹➗ަ᧿䘠␫࣐⴨ᓄᰦ䰤デᓄ⭘ STFT. 䴰㾱⌘᜿Ⲵᱟ, ൘䇑㇇儈䱦䉡 HOS ⢩

ᖱᰦ, ᡁԜ֯⭘ MATLAB кⲴ HOSA ᐕާव [77]; ൘ᨀਆ⭥ᶱ㓴ਸ⢩ᖱᰦ, ֯⭘ᒯ⌋⭘Ҿᛵ㔚䇶࡛亶

ฏⲴ PSD ⢩ᖱ.

㺘 1 Ҷࠪࡇ 3 њᮠᦞ䳶к਴㊫⢩ᖱⲴ㔤ᮠ, 䴰㾱ᕪ䈳Ⲵᱟ, ⇿㊫⢩ᖱՊᴹཊࡇ, ণ “а㊫” ⢩ᖱਟ

㜭वਜ਼ “ཊ㔤” ⢩ᖱ٬.

3.3 䇗㇍⢯ᖷ䠃㾷ぁᓜ

Ԕ n×pⲴ⸙䱥 X 㺘⽪ᨀਆⲴ EEG⢩ᖱ, n㺘⽪ṧᵜᮠ,⇿а㹼ṧᵜ䜭኎Ҿа㊫᭸ԧ. ኎Ҿㅜ j㊫

ⲴṧᵜлḷѪ Cj , ᮠ䟿Ѫ nj ; p Ѫ⢩ᖱ㔤ᮠ, ণ㺘 1 ᴰਾа㹼Ⲵ “ᙫ䇑” 㔤ᮠ, ֻྲ pSEED = 2423. 㓯

ᙗ᷀࠶࡛ࡔ (linear discriminant analysis, LDA) Ӿ Fisher 㓯ᙗ࡛ࡔ⌅Ⲵ䀂ᓖራ᢮ੁ࡛ࡔ䟿, ֯㊫䰤ᯩ

ᐞ⴨ሩ㊫ᯩ޵ᐞᴰབྷॆ, ণ

maxwl{wT
l Σbwl} (33)

┑䏣 wT
l Σwwl = 1. ަѝ Σb =

∑k
j=1 njµjµT

j ᱟ㊫䰤ॿᯩᐞ⸙䱥, Σw = 1
n

∑k
j=1 nj

∑
i∈Cj

(xi − µj)(xi −
µj)T ᱟ㊫޵ॿᯩᐞ⸙䱥, µj =

1
#Cj

Σi∈Cjxi ᱟㅜ j ㊫Ⲵ൷٬ੁ䟿, #Cj ᱟㅜ j ㊫Ⲵṧᵜᙫᮠ.

նᱟ,ᖃᡰ䘹⢩ᖱⲴᮠ䟿བྷҾ㿲⍻ᮠ䟿ᰦ,⢩ᖱⲴ㊫޵ॿᯩᐞ⸙䱥Պਈᗇঅа.ਟᓄ⭘〰⮿Ⲵ LDA

(sparse LDA, SLDA) [72], ␫࣐ l1 㖊亩ሩੁ࡛ࡔ䟿ᯭ࣐〰⮿㓖ᶏ, ԕ䀓ߣ䘉њ䰞仈.

maxwl{wT
l Σbwl − λ‖wl‖1}, (34)

ަѝ, wT
l (Σw + Ω)wl = 1, Ω ᱟањ↓ᇊ⸙䱥. 䈕䰞仈㠣ཊᴹ k − 1 њ䶎ᒣࠑ䀓, ᭵㠣ཊᴹ k − 1 њࡔ

࡛ੁ䟿 [72], ަ↓ӔᯩੁᴰՈൠ࠶ࡂҶ k ㊫ṧᵜ. ⭡↔, ৏ᴹⲴ p 㔤⢩ᖱл䱽㠣 k − 1 㔤, ⇿њੁ࡛ࡔ

䟿 wi ৽᱐ሩᓄ⢩ᖱሩ࠶㊫Ⲵᖡ૽. Ԕ W =
∑k−1

i=1 |wi|, ࡉ W Ѫ⢩ᖱⲴᵳ䟽.

൘ᵜᇎ傼ѝ, ᡁԜ⭘ MATLAB кⲴ SpaSM ᐕާव [78] ᇎ⧠ SLDA ㇇⌅, ֯⭘唈䇔৲ᮠԕ؍䇱㇇

⌅൘н਼ᮠᦞᓃкⲴ㔏аᙗ. 䟷⭘߶⺞⦷䖳儈Ⲵ㻛䈅⮉а⌅࠶ࡂᮠᦞ, ণ, 㤕ᮠᦞ䳶ѝवᤜ s ਽㻛䈅,

ሶަ࠶ࡂѪ s њᆀ䳶, ਴ᆀ䳶वਜ਼ањ㻛䈅Ⲵޘ䜘ṧᵜ [79]. ⇿⅑ਆަѝⲴ s − 1 њᆀ䳶Ⲵᮠᦞ䘱ޕ
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㺞 1 ਺㊱⢯ᖷ൞ SEED, DREAMER, CAS-THU 3 ѠᮦᦤᓉрⲺ㔪ᮦ

Table 1 Feature dimensions on SEED, DREAMER and CAS-THU

Domain Feature SEED DREAMER CAS-THU

Time

Mean 62 14 14

Standard deviation 62 14 14

1-order difference 62 14 14

Normalized 1-order difference 62 14 14

2-order difference 62 14 14

Normalized 2-order difference 62 14 14

Hjorth-activity 62 14 14

Hjorth-mobility 62 14 14

Hjorth-complexity 62 14 14

Energy 62 14 14

Power 62 14 14

HOC 310 70 70

NSI 62 14 14

FD 62 14 14

Time-frequency

PSD 310 42 70

HOS 248 56 56

DE 310 42 70

Space

DASM 135 21 35

RASM 135 21 35

Index 27 7 7

DCAU 115 6 10

MDI 27 7 7

CSP – 9 –

Total 2423 463 542

SLDA ㇇⌅, 䇑㇇ᵳ䟽 Wi; ൘ s ⅑кਆᵳ䟽൷٬ᒦᧂᒿ, 䇑㇇⇿а㊫⢩ᖱⲴ޽ “䟽㾱〻ᓖ”, “䟽㾱〻

ᓖ” ᇊѹྲл.

ᇐѿ1 (䟽㾱〻ᓖ) 㤕Ḁ⢩ᖱޡᴹ pi 㔤,ަѝᴹ mi 㔤ᧂ൘ᡰᴹ㔤ᓖⲴࡽ x%, 䈕⢩ᖱⲴ䟽㾱〻ࡉ

ᓖ٬Ѫ

dx =
mi

pi
. (35)

ֻྲ, ⭡㺘 1 ਟ⸕, pSEED = 2423, ަѝ 310 䉡ᇶᓖ⦷࣏ᱟࡇ (PSD), Ԕ x = 10, ᵳ䟽⌘ޣࡉ

ᧂ൘ࡽ 2423 × 10% ≈ 242 սⲴ⢩ᖱ, 㤕 242 ѝᴹࡇ 100 ᶕ㠚ࡇ PSD, ࡉ PSD ⢩ᖱⲴ䟽㾱〻ᓖ٬

d10 = 100
310 ≈ 0.32. x ٬䎺ሿ, 䎺ਟԕ৽᱐⢩ᖱⲴ䟽㾱〻ᓖ.

3.4 㔉᷒ૂ᷆࠼䇞䇰

ሶ਴㊫⢩ᖱ᤹➗ x = 10, 30, 䇑㇇䟽㾱〻ᓖᒦᧂᒿ;㔏䇑൘࡛࠶50 2њᡆޘ䜘 3њᮠᦞᓃк䜭ᧂ൘

ࡽ 10 սⲴ⢩ᖱ. 䴰㾱⌘᜿Ⲵᱟ, CSP Ѫ DREAMER ᮠᦞ䳶⤜ᴹⲴ⢩ᖱ, ᭵н৲оᧂ਽. ᴰ㓸㔃᷌ྲ

㺘 2 ᡰ⽪. ਟⴻࠪᰦฏ⢩ᖱѝⲴа䱦ᐞ࠶ǃҼ䱦ᐞ࠶ǃHjorth ⢩ᖱ, ԕ৺нっᇊᤷᮠⲴ䟽㾱〻ᓖᴰ儈,
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㺞 2 x ਌ࡡ࠼ 10, 30, 50 ᰬ, 䠃㾷ぁᓜٲ൞ SEED, DREAMER, CAS-THU ѣⲺ 2 Ѡᡌ 3 Ѡᓉр䜳ᧈ൞

ࢃ 10 փⲺ⢯ᖷ㊱ࡡ

Table 2 Features whose importance values are of top 10 on 2 or 3 datasets of SEED, DREAMER and CAS-THU when
x =10, 30 or 50

x Domain 2 datasets 3 datasets

10

Time

Normalized 1-order difference 1-order difference

Normalized 2-order difference 2-order difference

Hjorth-activity Hjorth-complexity

NSI Hjorth-mobility

FD

Space
DASM

–
RASM

30
Time

Normalized 1-order difference 1-order difference

Normalized 2-order difference 2-order difference

Hjorth-mobility Hjorth-complexity

HOC NSI

FD

Space DASM –

50
Time

Normalized 1-order difference

Normalized 2-order difference 1-order difference

Hjorth-complexity 2-order difference

Hjorth-mobility NSI

FD

Time-frequency DE –

ަ⅑ᱟᖂаॆⲴа䱦ᐞ࠶ǃᖂаॆⲴҼ䱦ᐞ࠶, ԕ৺࠶ᖒ㔤ᮠ; 仁ฏѝⲴᗞ࠶⟥, オ䰤ฏѝⲴ DASM

઼ RASM ҏᴹ䖳ྭⲴ㺘⧠. ᰦฏ⢩ᖱሩ᭸ԧⲴ࠶䗘㜭࣋ᕪҾᰦ仁ฏ઼オ䰤ฏ.

ሩҾ CSP ⢩ᖱ, ᖃ x ਆ 10 ᰦ, ަ䟽㾱〻ᓖᧂ൘ DREAMER ᡰᴹ 23 ㊫⢩ᖱѝⲴㅜ 16 ս; ᖃ x

ਆ 30 ᰦ, ᧂ൘ㅜ 5 ս; x ਆ 50 ᰦᧂ൘ㅜ 2 ս. 䈤᰾ CSP ൘䈕ᮠᦞᓃкਟԕ䖳ྭൠ㺘ᖱ᭸ԧ, ն㺘ᖱ

㜭࣋ᒦнケࠪ.

ṩᦞԕк㔃᷌ਟ⸕,ᰦฏ⢩ᖱሩᛵ㔚᭸ԧⲴ࠶䗘㜭࣋ᴰᕪ,ഐ㘼൘ਾ㔝⴨ޣ⹄ウѝ,⹄ウ㘵ਟ㘳㲁

.ᰦฏ⢩ᖱᶕՈॆᛵ㔚䇶࡛᭸᷌ޕ࣐ ↔ཆ൘ᡰᴹᰦฏ⢩ᖱѝ, 㔏䇑⢩ᖱⲴ䟽㾱〻ᓖ儈, ৏ഐѻа൘Ҿ,

н਼ᮠᦞᓃѝ਼᭸ԧⲴᖡ⡷୔䟂ᓖਟ㜭ᴹᔲ. ֻྲ䈡ਁ↓ᙗᛵ㔚Ⲵє䜘ᖡ⡷, ަӗ⭏↓ᙗᛵ㔚Ⲵᕪ⛸

〻ᓖਟ㜭н਼, ণ↔༴᭸ԧⲴ࠶㊫Պਇࡠ୔䟂ᓖⲴᖡ૽.

4 ሯᵠᶛᐛ֒Ⲻኋᵑ

ᵜ㢲ሶӾᇎ䱵ᓄ⭘઼⨶䇪⹄ウєњᯩ䶒, ᨀࠪ䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ䘋а↕⹄ウⲴਟ㹼ᙍ䐟.

4.1 ᇔ䱻ᓊ⭞

䴰㾱ᔪ・वᤜ㝁⭥ؑਧᮠᦞ઼ᛵ㔚䈡ਁᶀᯉⲴᛵ㔚ḷ߶ॆᓃ, ֌Ѫਾ㔝ᛵ㔚⨶䇪⹄ウⲴส⹰. 䈕

ᓃᓄ┑䏣ԕл㾱≲:
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(1) 䟽⭞㿼੢ࡰ◶Ⲻᯯᕅ䈧ਇ᛻㔠. ⴨∄ҾঅаⲴ㿶㿹ᡆੜ㿹ࡪ◰, 㿶ੜࡪ◰㔃ਸⲴᯩᔿᴤ䍤䘁

ᇎ䱵⭏⍫, ,ᇩ઼ᛵ㢲ҏᴤѠᇼ޵ ֻྲ⭥ᖡ⡷⇥ǃ丣Ҁ㿶仁ㅹ, 䘉⿽ᯩᔿлӗ⭏Ⲵ㝁⭥ؑਧާᴹ㢟ྭⲴ

ࣘᘱᙗǃнਟⅪ僇ᙗ઼儈⭏ᘱ᭸ᓖ [80].

(2) 䘸⭞ӄѣള⽴Րૂᮽौ㜂Ქ. ⭡Ҿ᮷ॆ㛼ᲟⲴᐞᔲ, ⧠ᴹഭཆḷ߶ᓃ䳮ԕⴤ᧕⭘Ҿᡁഭ㻛䈅,

ഐ↔ᔪ・䪸ሩᡁഭӪ㗔Ⲵḷ߶ᓃާᴹᶱབྷⲴᓄ⭘ԧ٬.

(3) ⏫ⴌᴪཐⲺ↙ᙝ᛻㔠㊱ࡡ਀ṭᵢᮦ. 䘁ᒤᶕᴹޣᛵ㔚Ⲵᴰᯠ㹼Ѫᆖ⹄ウ䇔Ѫ, 〟ᶱᛵ㔚㠣ቁ

ਟԕ࠶Ѫ 10 ⿽ԓ㺘ᙗ㊫ර [81], वᤜ儈ޤǃᝏᚙǃᆱ䶉ǃޤ䏓ǃᐼᵋǃ㠚䊚ǃᩎㅁǃ◰࣡ǃᮜ⭿ǃ⡡. ൘

ᇎ䐥ᓄ⭘ᡆ⽮Պ䴰≲Ⲵ䀂ᓖ, 〟ᶱᛵ㔚∄⎸ᶱᛵ㔚ᴤ䟽㾱. 〟ᶱᛵ㔚ᴹࣙҾᢙབྷ⌘᜿ǃ䇔⸕৺㹼ѪⲴ

㤳ത, .ᓧਁኅڕⲴ࣋о⽮Ӕ㜭࣋䘋䓛փǃᲪ׳ նᐢᴹᛵ㔚ᓃѝⲴ↓ᙗᛵ㔚⿽㊫䖳ቁ, ↓䍏ᛵ㔚ᶀᯉ઼

ṧᵜᮠ䟿нᒣ㺑, н࡙Ҿᛵ㔚⁑රᔪ・઼ᓄ⭘, ഐ↔㝁⭥ؑਧᮠᦞᓃᓄ⏥ⴆᴤཊⲴ↓ᙗᛵ㔚⿽㊫৺ṧ

ᵜᮠ.

(4) ታ䠅ᧈ䲚ࡰ◶ᶆᯏᵢ䓡ሯ㻡䈋Ⲻᖧଃ. ᓄቭ䟿ᧂ䲔ࡪ◰ᶀᯉᵜ䓛޵ᇩ (ྲ⭫䶒Ⲵ᰾᳇ǃ༠丣

Ⲵᕪᕡㅹ) ӗ⭏Ⲵᖡ૽, 䇙䟷䳶Ⲵ EEG ؑਧⴤ᧕৽᱐ᛵ㔚ሩ㻛䈅Ⲵᖡ૽.

4.2 ⨼䇰⹊ガ

(1) Ԅཐᆜ〇Ӛ৿䀈ᓜ᷆࠼㝇⭫⢯ᖷф᛻㔠䇼ࡡ㔉᷒Ⲻީ㌱. สҾ EEG ؑਧⲴᛵ㔚䇶࡛ᱟཊᆖ

、Ӕ৹Ⲵ⹄ウ䰞仈. 㘼⧠ᴹⲴᛵ㔚䇶࡛⹄ウѝ, ⢩ᖱ䇑㇇ᯩ⌅ཊᶕ㠚⭥ؑਧ༴⨶亶ฏ, ሩ⢩ᖱⲴ䇘䇪

ѫ㾱ڌ⮉൘ᇎ傼߶⺞⦷Ⲵቲ䶒, 勌ᴹ⢩ᖱоᛵ㔚ᵜ䓛㚄㌫Ⲵ᧒䇘. ྲ᷌Ӿ⭏⨶ǃᗳ⨶઼⾎㓿、ᆖⲴ⨶

䇪ቲ䶒᷀࠶⢩ᖱоᛵ㔚Ⲵޣ㌫, ሶᴹࣙҾ⨶䀓ᛵ㔚ӗ⭏Ⲵᵪࡦ, 䘋㘼䇮䇑ࠪоᛵ㔚ᴰ⴨ޣⲴ㝁⭥⢩ᖱ,

Ոॆ䇶࡛᭸᷌.

(2) ཐӰ㝇ࣕ㜳ᖧ܅ᮦᦤ㚊ਾᯯ᷆࠼⌋. 䙊䗷㚄ਸ᷀࠶ཊ਽㻛䈅൘⢩ᇊԫ࣑⣦ᘱлབྷ㝁⍫ࣘѻ䰤

Ⲵޣ㌫, ⹄ウ㻛䈅൘ᆼᡀԫ࣑ᰦⲴ䇔⸕䗷〻, ਟᨀਆ㔍ሩᕪᓖнབྷ, նᤱ㔝ᰦ䰤䖳䮯ǃњփ䰤а㠤ᙗ䖳

ྭⲴ “ᗞᕡ”⾎㓿૽ᓄ.䘉аᯩ⌅ਟ㜭ࠪ᷀࠶൘Ր㔏һԦ⴨᷀࠶ޣѝ㻛վՠⲴ⾎㓿૽ᓄ,ᴹ࡙Ҿᨀਆᴤ

␡ቲ⅑Ⲵᛵ㔚૽ᓄ⢩ᙗ.

(3) ␧ᓜᆜҖᯯ⌋. 䘁ᒤᶕޤ䎧Ⲵ␡ᓖᆖҐ (deep learning) ᯩ⌅䟷⭘࠶ቲ㔃ᶴ, ሶ৏オ䰤Ⲵ⢩ݸ

ᖱ㺘⽪䖜ᦒࡠᯠⲴオ䰤, .㊫࠶䘋㹼ਾ㔝޽ оӪᐕᶴ䙐Ⲵ⢩ᖱ⴨∄, ࡙⭘⎧䟿ᮠᦞᆖҐࡠⲴ⢩ᖱᴤ㜭

৽᱐ᮠᦞⲴ޵൘ᵜ䍘 [82], ,։䰞仈߇ᴽ⢩ᖱݻ ᨀ儈ᛵ㔚䇶࡛ⲴᲪ㜭઼Პ䘲ᙗ.

5 ᙱ㔉

ᛵ㔚䇶࡛ᱟӪᵪӔӂѝⲴ䟽㾱㓴ᡀ䜘࠶, ൘५ᆖǃᮉ㛢઼ߋһㅹᯩ䶒䜭ާᴹ࠷ᇎⲴ⹄ウ䴰㾱઼ᒯ

䱄Ⲵᓄ⭘ࡽᲟ, 㝁⭥ؑਧᱟⴞࡽᛵ㔚䇶࡛亶ฏѝ䇶࡛᭸᷌䖳ྭⲴ⭏⨶ᤷḷ. Ӿؑਧѝᨀਆоᛵ㔚ޣ㚄

ᓖ儈ǃ४࠶ᓖབྷⲴ⢩ᖱᴹࣙҾ䗮ࡠ䖳儈Ⲵᛵ㔚䇶࡛߶⺞⦷.

ᵜ᮷ത㔅䶒ੁᛵ㔚䇶࡛Ⲵ㝁⭥⢩ᖱ,Ӿᰦฏǃ仁ฏǃᰦ仁ฏ઼オ䰤ฏ 4њᯩ䶒ӻ㓽Ҷ⢩ᖱⲴᇊѹǃ

䇑㇇ᯩ⌅઼оᛵ㔚Ⲵ㚄㌫,൘ᙫ㔃ᐢᴹᐕ֌Ⲵส⹰к,൘ SEED, DREAMER઼ CAS-THU 3њޜᔰⲴ

㝁⭥ – ᛵ㔚ᮠᦞ䳶к, ሩ਴㊫⢩ᖱⲴ᭸ԧ४࠶㜭࣋䘋㹼䇴ՠ઼∄䖳, ᒦኅᵋᵚᶕਟ㹼Ⲵ⹄ウᯩੁ, Ѫ

ᔰኅ䘋а↕⹄ウᨀ׋ᙍ䐟.
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A review of EEG features for emotion recognition
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Abstract Emotion recognition is an important research topic in human-machine interaction field, which can

be applied to medicine, education, psychology, military and other areas. EEG (electroencephalogram) signal is

mostly used among various indices of emotion recognition. Higher accuracy of emotion classifiers benefits from

extracting the most relevant and discriminant features of emotion states. The paper surveys EEG features that

are widely used in current emotion recognition study, introducing EEG features from four viewpoints, i.e., time

domain, frequency domain, time-frequency domain and space domain. SLDA algorithm is imported to three public

EEG-emotion datasets-SEED, DREAMER and CAS-THU-in order to evaluate feature capabilities distinguishing

emotion valence. Existing problems and future investigations are also discussed in this paper.

Keywords emotion recognition, electroencephalograms, feature extraction, feature selection, valence
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