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犃狆狆犾犻犲犱犈犪狉狋犺犗犫狊犲狉狏犪狋犻狅狀狊犪狀犱 犚犲犿狅狋犲犛犲狀狊犻狀犵，２０１４，７

（１）：７０９１．
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ａｎａｌｙｓｉｓ：Ａｆａｓｔａｌｇｏｒｉｔｈｍｔｏｕｎｍｉｘｈｙｐｅｒｓｐｅｃｔｒａｌｄａｔａ［Ｊ］．
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犗犫狊犲狉狏犪狋犻狅狀狊犪狀犱犚犲犿狅狋犲犛犲狀狊犻狀犵，２０１４，７（８）：３６５０３６５９．

［７］　ＬＩＪ，ＡＧＡＴＨＯＳＡ，ＺＡＨＡＲＩＥＤ，犲狋犪犾．Ｍｉｎｉｍｕｍｖｏｌｕｍｅ

ｓｉｍｐｌｅｘａｎａｌｙｓｉｓ：ａｆａｓｔａｌｇｏｒｉｔｈｍｆｏｒｌｉｎｅａｒｈｙｐｅｒｓｐｅｃｔｒａｌ
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