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Pretreatment. jpeg file: Set of images;
) — jpeg_file;
ReadNb - images_i;
for j: 1 to Nb -images do
Get Current Image(j) — image j;
GaussianBlur(image_j) — image_GB;;
jpeg file U image GBj — jpeg file;
end for
return jpeg_file;
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Algorithm 2 Binary_Tree_Generation(S_Features)
Require: S_Features: Set of features;
Ensure: Table Root: Table contains the position of the nodes.
root <-random(features) ;
root —>Table_Root;
(y—>Features_Left;
()—>Features Right;
length(S_Features)—Nb - features ;
if Nb — features = 1 then
for : : 1 to Nb — features do
if ( feature i7root) then
Distance( feature_i, root)—>Dist ;
if (Dist<C0.5) then
Features Left U feature i —
Features_Left;
else
Features Right U feature i —
Features_ Right;
end if
end if
end for
Binary_Tree_Generation(Features Left);
Binary_Tree_Generation(Features_Right) ;
else
Break;
end if

return Table _Root;
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On Large Scale Image Indexing Technology Based on PCA-Binary Tree

ZHOU Xue-mei, PAN Duo

Department of Information Engineering , Sichuan Technology and Business College , Dujiangyan Sichuan 611830, China

Abstract: In order to solve the problem of dimension disaster in the image index in large data database, a
large scale image retrieval technology based on cloud has been proposed in this paper. In the method, prin-
cipal component analysis and binary trees have innovatively been introduced into image retrieval technolo-
gy. First, scale invariant feature transform and speeded up robust features descriptor are used as the frame
features. In the face of large-scale dimension features, the principal component analysis method is used to
reduce the dimension of the frame feature, and a binary tree is used to represent the features after the di-
mension reduction to accelerate the research phase and reduce the storage space. Finally, image retrieval is
realized. Experiments show that under the condition of reducing the dimension by 70%, the PR value of
this method can reach the PR value under the traditional method of 20% dimensionality reduction. Com-
pared with normal search, the search speed of this method is increased by 30% ~50%.

Key words: big data; large scale image indexing; principal component analysis; binary trees; scale invari-

ant feature transform
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