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ｔｏｍｅｔｒｙ［Ｊ］．ＪｏｕｒｎａｌｏｆＡｎｈｕｉＡｇｒｉｃｕｌｔｕｒａｌＳｃｉｅｎｃｅｓ，２０１１，３９（２９）：１８２４０，
１８２６１．（ｉｎＣｈｉｎｅｓｅ）．

２２１ ＡｓｉａｎＡｇｒｉｃｕｌｔｕｒａｌＲｅｓｅａｒｃｈ ２０１３


