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Abstract ;

slide window and used a high dimension features to represent the human objects for a better classification taking high memory

Since a traditional human object detection system searched the human object in a huge region with the method of

resources and time consummations, this paper proposed an improved method. An application of Gaussian mixture model
(GMM) can coarsely extract the foreground and reduce the region, then the system searching human objects only in the fore-
ground area, which speeded up the detection velocity and reduced the false positives error rate in a practical application. Ow-
ing to the high dimension of histogram of oriented gradient (HOG) feature vector, it proposed a novel descriptor which was
called PCA-HOG. This descriptor used a classical dimension reduction method called principal component analysis (PCA) to
reduce the dimension of raw HOG. The novel descriptor had a lower dimension feature vector than that of HOG, so it gave a
much faster speed of the detect window classification. The detect rate of PCA-HOG was almost as high as that of HOG. The ex-
periment shows that the human object detection system combined with the PCA-HOG descriptor and Gaussian mixture model
gives a remarkable performance of detection rate.
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rate_vector = null ;

time_vector = null;

train_hog_list = [ train_hog, ;train_hog, ; -+ ;train_hog; ;- |

test_hog_list = [ test_hog; ;test_hog, ; -+~ ;test_hog; ;-] ;

positive samples number negative samples number

labels = [ TI12 T, -1, -T,~];

PCA_matrix = [ eigenvector, , eigenvector, , -+, eigenvector; , =+ | ;

low_limit_rate = best_hog_rate —0.65% ;

N = eigenvector_number;

i A ;train_hog _list, test _hog_list, PCA _matrix, SVMparams, labels,

low_limit_rate
& . best_dimension
fori=1to N do

temp_PCA = SelectFirstNColumns ( PCA_matrix, i) ;

new_train_hog = train_hog_list x temp_PCA ;

trainparams = SVMTrain ( new_train_hog, labels , SVMparams) ;

new_test_hog = test_hog_list x temp_PCA ;

[ time_vector (i) , predict _values ] = SVMClassify ( trainparams, new_
test_hog) ;

rate_vector( 1) = GetDetectRate ( predict_values) ;

indexs = find ( rate_vector > = low_limit_rate) ;

new_time_vector = time_vector( indexs) ;

[ best_dimension , min_value ] = min( new_time_vector) ;

end
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