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Metacognitive Model-based Intelligent Gaussian Mixture Background Modeling
CHEN Zhen, WANG Zhao
(Electronic Information Engineering, China \Universify of Petroleum, Qingdao 266580, China)

Abstract: Traditional Gaussian Mixture Model (GMM) can’t adapt quickly to the sudden changes in the dynamic scene.
A Metacognitive Model-based Intelligent Gaussian Mixture background modeling method is proposed. For each pixel,
decision making must pass the three elements which are called as Metacognitive Monitoring (MM) element,
Metacognitive Cognitive Knowledge (MCK) element and Metacognitive Experience (ME) element. MM element
monitors the modeling scheme, stimulates to get ME element, and extracts cognitive knowledge from MCK element.
MCK element is composed of the background models cognized ever. ME element is composed of the experiences from
success or failure matching. In the complex scene, the proposed method can intelligently cognize background, quickly
adapt to the sudden changes of backgrounds cognized ever and describe real background more accurately.
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Builderstring. Append("}");
Response.ContentType = "application/json";
Response. Write(Builderstring. ToString());
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public static DataTable GetPagedTable(DataTable
dtable, int PageIndex, int PageSize)
{
if (Pagelndex == 0)
return dtable;
DataTable NewDataTable = dtable.Copy();
NewDataTable.Clear();
int rowbegin = (Pagelndex - 1) * PageSize;
int rowend = Pagelndex * PageSize;
if (rowbegin >= dtable.Rows;Count)
return NewDataTable;
if (rowend > dtal';le.Rows.Count)

rowend = dtable.Rows.Count;
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