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Abstract: Aim at the low real-time performance and high false alarm rate of the traditional fall detection mod-

el , AdaBoost multi-core support vector machine model ( ADB-MKSVM) was proposed which was used to detect

and identify the falling action. Based on the improved AdaBoost model framework, the model took multi-core

support vector machine as the basis classifier and assembled these basis classifiers to form a stronger final clas-

sifier. According to the distribution of human movement data and whether the classification of each sample in

each training set is correct or not, and the overall classification accuracy last time, the weight of each sample

was determined. The dynamic weight allocation method was used to improve the recognition rate of the fall

action. The test results showed that this model had good classification performance, and the method of binding

the sensor on the waist position could effectively improve the detection effect of the fall action. The accuracy

rate was 99.33% , the fall detection rate was 63.6% ,and the false detection rate was 1.62% .
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Table 1

The evaluation of the four classifiers using

data from four different positions %
[DA=RE L7 GE
SVM  S-MKSVM  MK-LSSVM ADB-MKSVM
AR 97.49 98. 32 97. 64 98. 59
Mg DR 56.25 63. 25 65.32 73.51
FAR 2.60 2.32 2.46 2.12
AR 98.33 99. 12 99. 26 99.33
i DR 52.50 54.20 55.4 63. 60
FAR 2.30 2.01 1.92 1.62
AR 92.48 92.48 92.48 92.48
/%;ézﬂ DR 33.33 34.23 35.42 43.45
FAR 4.30 3.40 3.60 2.80
AR 92.12 94. 45 93.24 95. 61
ZE}&*H DR 43.75 45.21 44.27 48.73
FAR 3.20 2.84 2.57 2.20
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