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Abstract: Objective Gesture recognition often neglects the correlation between fingers and pays excessive attention to the
node features, which is crucial for the low gesture recognition rate. For example, the index finger and thumb are physically
disconnected, but their interaction is important for recognizing the “pinch” action. Thus, the low recognition rate is due to
the inability to encode the spatial position of the hand node properly. Dividing the joint of the hand part into blocks is pro-
posed to address the correlation between fingers. The aforementioned problem can be addressed byencoding the two-
dimensional position of the joint through its projection coordinates. The authors believe that this study is the first to encode

the two-dimensional position of the node in space. Method The spatiotemporal graph is generated from the gesture
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sequence. This graph contains the physical connection of the node and its temporal information. Thus, the spatial and tem-
poral characteristics are learned using mask operations. According to the three-dimensional space coordinates of joint
nodes, the two-dimensional projection coordinates are obtained, and the two-dimensional projection coordinates are input-
ted into the two-dimensional space position encoder, which comprises sine and cosine functions with different frequencies.
The plane where the projection coordinates are located is divided into several grid cells, and the encoder comprising sine
and cosine functions is calculated in each grid cell. The encoders in all grids are combined to form sine and cosine func-
tions with different frequencies to generate the final spatial two-dimensional position code. Embedding the encoded informa-
tion into the spatial features of the nodes not only strengthens the spatial structure between them but also avoids the disorder
of the nodes in the movement process. Using the graph convolutional network to aggregate and embed the spatial encoded
node and neighbor features, the spatiotemporal graph features after the graph convolution are inputted into the spatial self-
attention module to extract the inter-finger correlation. Taking each finger as the research object, the distribution of nodes
in the spatiotemporal graph is divided into blocks according to the biological structure of the human hand. Each finger
through a linear learnable change to generate the eigenvector of the finger query (Q), key (K), value (V). The self-
attention mechanism is then used to calculate the correlation between fingers in each frame of the space-time graph, the cor-
relation weight between fingers is obtained by combining the spatial mask matrix, and each finger feature is updated. While
updating the finger features, the spatial mask matrix is used to disconnect the time relationship between fingers in the spa-
tiotemporal graph, avoiding the influence of time dimension on the spatial correlation weight matrix. The time self-attention
module is similarly used to learn the timing features of fingers in the spatiotemporal graph. First, temporal sequence
embedding is conducted for each frame through temporal one-dimensional position coding to obtain the temporal sequence
information of each frame during model learning. The time dimension expansion strategy is used to fuse the features of the
two adjacent frames to capture the interframe correlation at a long distance. A learnable linear change then generates a fea-
ture vector query (Q), key (K), and value (V) for each frame. Finally, the self-attention mechanism is utilized to calcu-
late the correlation between each frame in the space-time graph. Simultaneously, the correlation weight matrix between
frames in the space-time graph is obtained by combining the time mask matrix, and the features of each frame are updated.
Updating the features of each frame also uses the temporal mask matrix to avoid the influence of spatial dimension on the
temporal correlation weight matrix. The fully connected network, ReLU activation function, and layer normalization are
added to the end of each attention module to improve the training efficiency of the model, and the model finally outputs the
learned feature vector for gesture recognition. Result The model is tested on two challenging datasets: DHG-14/28 and
SHREC’ 17 track. The experimental results show that the model achieves the best recognition rate on DHG-14/28, which is
4. 47% and 2. 71% higher than the HPEV and the MS-ISTGCN algorithms, respectively, on average. On the SHREC’ 17
track dataset, the algorithm is 0. 47% higher than the HPEV algorithm on average. The ablation experiment proves the
need of two-dimensional location coding in space. The experimental test shows that the model has the best recognition rate
when node features are 64 dimensions and the number of self-attention head is 8. Conclusion Numerous experimental
evaluations verified that the network model constructed by the block strategy and spatial two-dimensional position coding
not only improves the spatial structure of the nodes but also enhances the recognition rate of gestures using the self-attention
mechanism to learn the correlation between non-physically connected fingers.
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55 H A 5 25 RO PERE XS LE R BN 1 Fros o AR SOt
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Table 1 Comparison results of recognition rate between

our method and other advanced methods on DHG dataset
1%

THINEL
7k
14 28
ST-GCN (Yan%,2018) 91.20 87.10
PCNN (Devineau%%,2018) 91.28 91.28
DG-STA (Chen%5,2019) 91.90 88.00
MBABG (Miah %5,2023) 92.00 88.78
HPEV (Liu%,2020) 92.54 88.86
MVHAN(Li%§,2023) 92.36 89.56
SP-Stream (Li 5§ ,2021) 93.10 89.82
MS-ISTGCN(Song %5 ,2022) 93.70 91.20

AL 98.17 92.20

AR RIR 5 5 AL 45 5 . HPEV : hand posture evolu-
tion volume; SP-Stream: spatial perception stream
R TR O SRR AE R S ), AR SGHEAT T
TH Rl S5 , SHR DG SRR DA 3 4E42 71 3] 128 ZE A
3245, N3k 2 I AR SCREAMTY IR BA B i EUn AL
x2 BEHEERARHIRERIAGIR

Table 2 Recognition rate ofter feature dimension on

enhancennet
/%
N B FHK A
FRAIF LS A A
14 28

32 94.28 91.66

64 98.17 92.20

128 95.00 89.28

R ARBA 64 QERFIER I 4, A SN Y s 4
JE T, T RESE OG5S )RR IR TUAR A 2 3t 1
B YRR R TG 1 783 27 > 43 [ AFAIE
3.2 SHREC’17 track ##E &

SHREC 17 track £ % (de Smedt 55, 2017) 2
HI TR BE BRI 3, f & 4RI BE MG OR 22 6y
AR = Al AR BRI S — AR PR AR ) 3l 3 T A
YA IR T i 28 A SR HRAT Y 14 2531k
O30 14 F1 28 D FH P . 2B R 2 80017
H, Ho A B4 05 1960 47 51 FH T A A I 25
840 M Fr 81 T, BN FEAS T 3 A 1 BEAE 20 it
F 50 M7 47, [FIFE, XF SHREC 17 track ¥l 5 4
A SIHRAT I 2 R A SR IBCH R 8 WiTA Sy Sl £
PP, 225 A 45 2 0 OG0 U R IR 48 2 RS
64,75 [8) TR 1SR B h R 8, AN 1T B ) 2 () 4R A
d, 29 32, R 4R U A — iR R RE AT A% RN
W7 45 B T4 (Nadiez 5, 2018) , FHZ J5 1Y
S 1R T 5L BRI 2 A B A 8 DL T X 5
(de Smedt%5,2017) , FF-FI 1% 1 54 0. 001 ) Adam
AR RIS AT I DR

ARSCHERIAE SHREC 17 track ¥4 YRS
HABTT X8 AR 3 Fls o A SRS 144> T34k
TR R 95. 79%, 7E 28 T IRy
92.35%. SLEREER WoR A SO A S k5 12

&3 FESHREC’17 track H#E & TATiR 7 A S H At stitt
FiEIRANE IG5 R
Table 3 Comparison results of recognition rate between
our method and other advanced methods on

SHREC’ 17 track dataset
1%

THHEL
7k
14 28
STA-Res-TCN (Hou%:,2018) 91.10 91.10
ST-GCN (Yan%,2018) 92.70 92.70
DG-STA (Chen%%,2019) 94.40 90.70
MVHAN(Li%,2023) 94.84 92.56
HPEV (Liu %, 2020) 94.90 92.30
MS-ISTGCN (Song %% ,2022) 96.70 94.90
MBABG (Miah%%,2023) 97.01 92.78
AL 95.79 92.35

T IR R 3R0R 4% 91 e 45 2R . STA-Res-TCN: spatial-

temporal attention residual temporal convolutional network o
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FH R TR AN 8.3, 5 DHG-14/28 B di 48 11y
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TR , A BRI RN 5, 25 i AR 1) 2
AR, AT REE A 3 B B AR R -

R4 FHEEHMHIRER
Table 4 Experimental results of feature
dimension mapping
1%

N F AR
Bl BES
14 28
32 91.66 88.57
64 95.79 92.35
128 92.03 86.30
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TRUAE R AR 208 B by 128 2 i1 32 4k, 75 B 2 kAL
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Fig. 6 Recognition rate of the model for different
dimensions of DHG-14 and SHREC-14
((a) DHG-14; (b) SHREC-14)
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Fig. 7 Confusion matrix of the model on DHG-14 dataset
and SHREC-14 dataset ((a) DHG-14; (b) SHREC-14)

x5 EERNLEIHRRERAFLWLER
Table 5 Experimental results of the number of
attention heads versus recognition rate
/%

[EN=WIBS 4 DHG-14 SHREC’ 17 track
6 96.42 93.27
8 98.17 95.79
10 97.85 94.79
12 97.85 94.71

Ay, T LB L A6 S 5 AT 4 BRI 7 2 [ 4
TR SERMER . N T IRAMEX T HaE A7 1)

F6 THERHEARBENERH
Table 6 The importance of spatial two-dimensional

coding for our model

PUI/%
EICIIE S FIMAZEE —4E AZEE 4
8 {37 7 S
DHG_14 92.14 98.17
DHG_28 85.71 92.20
SHREC_14 91.30 95.79
SHREC_28 82.97 92.35
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