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Human Fall Detection using CHLAC Features with Skeletal Image Sequences

W Mgy 1
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&1 !
Takumi KANEKO

Abstract — This paper describes a human fall detection approach using CHLAC features with skeletal image

sequences obtained from Kinect on a mobile robot. In the proposed approach, the spatio-temporal local geometric

features of moving-image sequences are extracted with CHLAC (the cubic higher-order local auto-correlation) method

firstly. Then the 251-dimensional CHLAC feature vectors are projected to a low-dimensional eigenspace by principal

components analysis method. The skeletal image sequences of 3 kinds of motions (walking and lying down as normal

motion, fall as abnormal motion) are learned in the low-dimensional eigenspace and the basis of the eigenspace can

be obtained in off-line. The CHLAC feature vectors of skeletal image sequences obtained in real time are projected to

the eigenspace obtained off-line. The degree of similarity to the 3 kinds of motions is evaluated and the motion is

classified by k-Nearest Neighbor algorithm. The performance of the classification is evaluated with F*measure.

Key Words: human fall detection; cubic higher-order local auto-correlation; eigenspace; k-Nearest Neighbor; F-

measure; Kinect; mobile robot
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TABLE 1. A Confusion Matrix for Binary Classification
Truth Fall Non-fall
Results (Positive) (Negative)
Fall
(as Positive) TP Fp
Non-fall
(as Negative) FN TN

Fig. 3 Measurement experiment setting
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walking falling down lying down

Fig. 4 One example of experiments

(1) Eigenspace 1 (from the training
data of participants B, C, D, E, F)

(2) Eigenspace 2 (from the training
data of participants A, C, D, E,F)

(3) Eigenspace 1 (from the training
data of participants A, B, D, E, F)

(4) Eigenspace 2 (from the training
data of participants A, B, C, E, F)

(5) Eigenspace 1 (from the training
data of participants A, B, C, D, F)

(6) Eigenspace 2 (from the training
data of participants A, B, C, D, E)

Fig. 5 Projection points of CHLAC feature vectors of training data to
different CHLAC feature eigenspaces
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(1) Projection to the eigenspace 1  (2) Projection to the eigenspace 2
of the test data of the test data

(3) Projection to the eigenspace 3  (4) Projection to the eigenspace 4
of the test data of the test data

(5) Projection to the eigenspace 5  (6) Projection to the eigenspace 6
of the test data of the test data

Fig. 6 Projection points of CHLAC feature vectors of test data to
different CHLAC feature eigenspaces

Fig. 7 F-measure results of motion classification (“A” is the case
when the test data of participant A are projected to the CHLAC
feature eigenspace 1 shown in Fig. 5(1) and et al.)
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