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Motion recognition based on weighted three-view motion
history image coupled time segmentation
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Abstract: Aiming at the problem of poor recognition accuracy caused by human trunk occlusion in current human motion recognition
algorithms, an action recognition algorithm based on weighted three-view motion history image coupling time series segmentation was
proposed. Firstly, in order to effectively describe the shape and spatial distribution of the action, motion history image ( MHI) is
extracted from the video sequence. Subsequently, the Kinect camera was used to extract the depth image to obtain the outline of the
human target’s action foreground. In order to recognize the self-occlusion caused by body parts, the outline of action foreground was
projected to three view angles (3V) planes to form 3V-MHI, which enhances the correct extraction of action. Using 3V-MHI, a MII for
recording and observing trajectories was constructed, which overcomes the information limitation of single-view MHI. Then, according to
the adjacent 3V-MHI, the energy and direction of motion are calculated by using temporal segmentation to detect the beginning and end
of motion and output the result of motion. In addition, the gradient value of MHI was calculated as the weight corresponding to each
plane, and the weighted 3V-MHI was obtained. Finally, the extracted histogram motion template was compared with the pre-established
database to complete the action classification and recognition. Experiments show that the method can effectively solve the problem of self-
occlusion and has high accuracy and robustness for motion recognition under complex background and illumination changes.
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Fig. 1 Key frame and corresponding MHI
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Fig. 2  Foreground image extraction using different methods
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Fig. 3 The process of action recognition proposed algorithm
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Fig.4 The main process of time division
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Fig.5 Motion direction calculation
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FhAT R, Ak« Walk” SRR AR X A%, N 92%
HEFEG BRI Run”

#* 2 KTH#EEREEER
Table 2 Confusion matrix of KTH data set

e AR

Walk Jog Run Punch Wave HC
Walk 0.92 0.02 0. 06

Jog 0.95 0.03 0.02
Run 0.02 0. 96 0.02
Punch 0.97 0.03
Wave 0.01 0.99
HC 1

3.2 UCF Sport ##E& iz

UCF Sport B &H 11 FEM (X1, N T
TSR0 %, 44 B P AR | XX S8 s/ 2R 17 4
3 9ic A N1.N2 N3 N4 N5 N6 N7 N8 N9 N10 Nil,
Hat e , ¥ basketball shooting” bric A N1, Ji5 1 i B4 LA
H2EHE, UCF Sport BUREAM M R B2 |
ZHEDT TS8R, Z BRI H MR DAL
HTE, B DA PR P v i & R 2 B LA — 2 I MEBE
WA REAR I 10 R,

[ 10 UCF Sport ££4 H 843 FE il
Fig. 10 Some examples in UCF Sport set

7% 3 J27E UCF Sport £ L #4752 55 i iy th VR VA
FEFE, HSEI O R, A SCEIE XN IZE A TR TR 3
YRR AT BRAR A U HE A B o NS ONS LU0 3
100% ;N6 N7 1 N11 BRI #H 97% ., 53 5b, 4% N6 1K
SR N3 LR FA 0. 05538 N1 N7 B LSRR/,
VA 0.01,

£33 WR1H 11 MEERRINFITER

Table 3 Identification statistics results of 11 actions in table 1

N1 N2 N3 N4 N5 N6 N7 N8 N9 N10 N11
N1 0.94
N2 0.94 0. 06 0.03
N3 0.94 0.03
N4 0.03 0.95 0.03 0.07 0.02
N5 1.00
N6 0.05 0.97 0.01
N7 0. 05 0.97 0.03
N8 0. 04 0.01 1. 00 0.01
N9 0. 06 0.02 0.92
N10 0.92
N11 0.01 0.02 0.97
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3.3 AEEEMEENR

itV AR AR RE K T B RS S 0 IR Bk
Fo#, 3 4 5 5 43945 H T 7E KTH 55 UCF Sport FRiH 5
R, WRYER 455 B TR SIES S, HPUI R
FEAE—E 25, M FRIZEMN PN, A SCRIE IS T8
KIPEH, 78 KTH H, S5 AR IE AR R 515k 92. 04% , i
4 99. 77% , #£ UCF Sport "R IR BN 91. 26% ,
ERAIR A 99. 56% . AN, X FE 4 5 5 KB, #E KTH
H R SF 2R B 2655 T UCF Sport, 7 SCEL VR HUS 4 1 5%
FEIHTF I Kinect FHHLA $E HUR B EIUZ , SREA 1A
HARMITRT SRR . JFRT st ARSI 2 2] 3V V1,
PeT BRSO 1S B B IR R, SRS, IR TS, AR 5 AH
AR AT BRI Az Bh R B AR AR, X B AR S
FOEHRAS LA T R FEBUS Bar OR 3 o T st S5
BEE, (4] B Z RN AR, R[5 H T
CNN 7ETHE R R 5 40 2% Jm B A5 2., AR T RRAE 25 18] 43 B
I BX RN IR J1 885 . SCHR[ 6 >R H A RRAIE
PEERF AT A FRAE RS, DA S A2 45 S s 8] 2% Ak 45 1) G
A RURYE, IF FLARRR RS U 5 52 )0 AR fb M e 45

S

# 4 KTHHIBEIRGIX
Table 4 KTH data set recognition rate (%)

e k[ 4] R[S ] SCHR(6] AW
Walk 78.69 85.26 88. 66 92.04
Jog 81.36 86. 54 89.98 95.31
Run 83. 62 88.21 92. 81 96. 14
Punch 83.98 87.91 91.67 97.33
Wave 84.52 88. 66 92.24 98.65
HC 85.63 87. 85 93.88 99.77

%5 UCF Sport H#E&EIRFIZE
Table 5 UCEF sport data set recognition rate ( %)

i SCHR[ 4] SCHRES] SCHRL6) AR
N1 74.32 78. 86 84.95 94.22
N2 75.39 81.56 85.62 94. 46
N3 78.25 81.20 83.71 94.15
N4 81.56 84. 65 89.20 95.56
N5 82. 63 84. 88 91.20 99. 52
N6 81.57 83. 64 88. 81 96. 21
N7 82.36 85.75 91.69 96. 14
N8 85. 65 88. 48 93.29 99. 54
N9 81.73 83.46 85.02 91.32
N10 74.30 78.10 83. 14 91.26
N11 80. 63 82. 61 88. 68 96. 56

HARE B TERE, 2 W TSR B AE A B 4R
FRI% P-R BER, NIE 11 fizs, B 11 (a) N7E KTH &5
Bl 11(b) >~ UCF Sport 558, ME 11 &, W —5 4R

erb AW P-R MR R M 57 R by, i T
M2t Jf HAE KTH IR IEF UCF Sport,
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L6 (a) KTH image database
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& 11 KTH 5 UCF Sport 34 rh i AE it 45 5

Fig. 11  Performance test results in KTH and UCF sport datasets
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