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Human body action recognition based on quaternion spatial-temporal
convolutional neural network

Meng Bo, Liu Xuejun, Wang Xiaolin

(School of Information Engineering, Northeast Electric Power University, Jilin 132012, China)

Abstract: Traditional CNN models are suitable for the feature extraction of gray image sequences or the color image separate channels,
which ignores the interdependency among the channels and destroys the color features of real world objects, thereby affects the accuracy
rate of human body action recognition. In order to solve this problem, a human body action recognition method is proposed based on
quaternion spatial-temporal convolutional neural network ( QST-CNN). Firstly, codebook algorithm is adopted to process all the images
in the sample set and extract the key regions of human body motion in the images. Then,the quaternion matrix expression of the color
images is taken as the input of the QST-CNN. The spatial convolutional layer of CNN is expended as a quaternion spatial convolutional
layer. The values of the red, green, and blue channels of the color images are considered simultaneously as a whole in a spatial
convolutional layer to conduct the extraction of the action spatial features, and avoid the loss of spatial relationships. The dynamical
information of adjacent frames is extracted in a temporal convolutional layer. Finally, experiment was conducted, in which QST-CNN,
gray single channel CNN ( Gray-CNN) and RGB three channel CNN (3 Channel-CNN) were compared. The experiment result
demonstrates that the QST-CNN boosts the performance of action recognition, the proposed method is superior to other popular methods
and achieves the recognition rates of 85.34% and 80.2% in the Weizmann and UCF sports datasets, respectively.
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Fig.3  Architectures of Gray-CNN and 3 Channel-CNN
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Table 1 Experiment result for different number

of iterations

AR HER 3/ % YR/ min
1 69.70 2.37
5 85.34 9.85
10 85.67 25.82
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CNN S IR FRAE [T A7 B0 30 3 J3E R B 4 =



55 11 3 i

B A T PUTT R 23 B R 22 10 2% (1 AR AT ) 2647

F Gray-CNN, B QST-CNN % % {0, [ 1 FR 1iF B2 BUA
B, 23 XFEHL T Weizmann 30445 & 3 Fy ik
HOF- 2O ME R R AR 22 . X L, MERR R IR 5 IR SE
I ZE LS5 . Gray-CNN [ 35 50 E 5 2%y 78. 00%
3Channel-CNN [ U5l HE ) 58 66. 67% , T A SCHE Hi 11
QST-CNN 3545 T 85.34% (R, 15 B 2R FH U oo B0k
TR R I REAE B BURB A% A RO o A ARAT SRy i) 1 o

R, 75h, 8 ‘?X]‘H:/’M%$E’J$T{E%T%ﬂ,QST-CNN

H_AI_JO

TF'TF"

HIRREZE B )N, wﬁ%ﬁﬁ/ﬁaﬁ’ﬁ%

"
50

100 F

400

=50 0 50 100 150 200 250 300 350 400 450
FEAE P 58
(a) Gray-CNNAFE & a4k
(a) Visualization of example feature diagram for Gray-CNN

A A P T ' P R
sof PR

TR P P e
- (RS
1
o R IR ' P

FEAE R v

Ul ISR
1 N
o RN

300

-50 0 50 100 150 200 250 300 350 400 450

AL P 5
(b) QST-CNNHFE E nf ¥4k
(b) Visualization of example feature diagram for QST-CNN
¥ 4  Gray-CNN £ QST-CNN %8 1 J2&FH )2
i L4 RRAE BT AL
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Table 2 Objective evaluation data of feature diagram

Tk IR IS fe B
Gray-CNN 3.54 35.08 5.51
QST-CNN 4.37 35.92 6.47
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Table 3 Recognition accuracy for the Weizmann
dataset with different methods

Jrik HEB R/ % FrifE2z
Gray-CNN 78.00 2.54
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QST-CNN 85.34 1.63
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Fig.5 Confusion matrix for the UCF sports dataset

with the proposed method
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Table 4 Recognition accuracy for the UCF sports
dataset with different methods
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