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Application of density clustering based K-nearest
neighbor method for fluid identification
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2. Sinopec Northwest Oilfield Branch, Urumqi 830013, China)

Abstract ; Reservoir fluid identification is an indispensable link in logging interpretation. In order to remove the defects of tra-
ditional approaches, such as unsatisfying accuracy, excessive computation, undue dependence on personal experience, a
density clustering based K-nearest neighbor method was proposed. According to the spatial distribution of the interval logging
data under test, data clusters are formed based on relative density. And then with K-nearest neighbor voting method, the cat-
egories of all clusters become available. Comparing with other commonly used identification methods, tested on the carbonate
reservoir of Ordovician Yingshan Formation in an oil field, this approach shows a high accuracy, strong generalization and ro-
bustness, as well as better effects on oil-water layer identification which is usually difficult for the compared methods. The
method has a good application prospect and provides a new thought on solving complex problems in oilfield exploration and
development with data mining methods.
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