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Abstract. Gesture recognition plays a pivotal role in enabling natural
and intuitive human-computer interaction (HCI), finding applications in
diverse domains such as smart homes, robot control, and virtual reality.
Thanks to advances in computer vision, the most popular method cur-
rently is to use the camera for gesture recognition. However, the camera
struggles to function properly in poor lighting and inclement weather,
and risks invading privacy. Due to the robust and non-invasive features
of millimeter-wave radar, gesture recognition based on millimeter-wave
radar has received extensive attention from researchers in recent years.
In this paper, we propose a novel graph neural network named STA-
PointGNN for gesture recognition using millimeter-wave radar. In order
to better extract features in the spatial and temporal dimensions of point
clouds collected by millimeter-wave radar, we designed a spatial-temporal
attention mechanism based on graph neural network. We also propose
a novel point flow embedding method to capture the motion features
of the point clouds in adjacent frames. To verify the superiority of our
method, we conduct experiments on two public millimeter-wave radar
gesture recognition datasets. The results show that our model outper-
forms existing mainstream algorithms.

Keywords: Human-computer interaction - Millimeter-wave radar -
Gesture recognition + Graph neural network - Attention mechanism

1 Introduction

Gesture recognition is the key to human-computer interaction (HCI) and has a
wide range of applications, such as smart home [6], robot control [3] and virtual
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reality [27], etc. Traditional work uses wearable devices [4,22] for gesture recog-
nition, but it has the obvious disadvantages of not being readily available and
uncomfortable to wear. Camera-based approaches [26,28] can avoid the above
disadvantages, but the fatal drawback is the risk of privacy leakage, which will
not be used in some scenarios with high privacy requirements. To realize natural
HCI, researchers turn their attention to wireless sensing devices, such as Wi-Fi
signals [10,40]. However, this solution is unable to recognize fine-grained gestures
and is susceptible to interference from the surrounding environment. Beyond
Wi-Fi signals, millimeter-wave radar as another wireless sensing device is gradu-
ally attracting extensive attention from researchers due to its unique advantages.
Compared to other wireless sensors, millimeter-wave radar has better fine resolu-
tion of range and velocity, and has a certain penetration. Millimeter-wave radar
can work in all-weather conditions, including rain, fog and low-light environ-
ments. Moreover, millimeter-wave signals, as the main venue of 5G technology,
will be deployed on a huge number of IoT devices and smart home appliances,
promising to become a ubiquitous sensing device.

There have been some studies on gesture recognition using millimeter-wave
radar. MHomeGes [18] customizes a lightweight convolution neural network for
millimeter-wave gesture recognition in smart homes. M-Gesture [19] proposes a
person-independent real-time millimeter-wave gesture recognition solution and
releases the MMGesture dataset. MTransSee [17] proposes a novel transfer-
learning approach that can achieve decent recognition accuracy for new users
using fewer training samples. However, all of the above tasks require manually
designing the inputs to the network and ignore the 3D coordinate information,
and more importantly they do not consider the connection between adjacent
frames.

Compared with existing methods [17-19] that manually design network input
and use convolutional neural network (CNN) processing, we retain the 3D coor-
dinate of the original point and process data from the perspective of point cloud,
which can make full use of spatial information. Unlike LiDAR, the point clouds
captured by millimeter-wave radar in each frame are sparse and uneven, which
increases the complexity of neural network structure design [8]. We use graph
neural network (GNN) to extract point cloud features because graph constitutes
a succinct, abstractive, and intuitively apprehensible mathematical representa-
tion delineating entities and their interconnections. Several studies [8,34] have
demonstrated the effectiveness of adopting GNN to process sparse point clouds
collected by millimeter-wave radar.

In this work, we propose a novel graph neural network named STAPoint GNN
for gesture recognition using millimeter-wave radar. Inspired by the success of
attention mechanism in natural language processing [33] and image processing
[21], we designed a spatial-temporal attention mechanism based on graph neural
network, which better extracts features in the spatial and temporal dimensions of
sparse point clouds collected by millimeter-wave radar. Moreover, since gesture
movements are continuous, the information between adjacent frames has great
potential for capturing motion features. Motivated by [12], we propose a novel
point flow embedding method designed for millimeter-wave radar point clouds,
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which can efficiently capture the motion features of the point clouds in adjacent
frames. The proposed method is evaluated on the MMGesture dataset [19] and
the MTransSee dataset [17], achieving the state-of-the-art accuracy.

In summary, the main contributions of this work are as follows:

— We propose a spatial-temporal attention graph neural network (STAPoint-
GNN) for point cloud processing.

— We propose a novel point flow embedding method designed for millimeter-
wave radar point clouds, which can efficiently capture the motion features of
the point clouds in adjacent frames.

— We propose an end-to-end model for gesture recognition using millimeter-
wave radar.

2 Related Work

2.1 MmWave and Wireless Sensing

With the rapid development of 5G, non-contact wireless sensing devices have
gradually become a research hotspot. WiFall [37] implements a device-free fall
detection system using WiFi signals to detect the fall of the elderly. WiTrack
[1] is a WiFi-based system that enables precise 3D motion tracking through
reflected radio signals. Chen et al. [5] uses FM broadcast radio signals for robust
indoor localization.

Compared with other wireless sensing devices, millimeter-wave radar has
attracted much attention due to its advantages of higher range and veloc-
ity resolution, penetrating capability, fine-grained and robust sensing ability.
Millimeter-wave radar can be used for simultaneous localization and environment
mapping, due to its high localization accuracy and obstacle detection capability
[39]. MBeats [42] is a robot-mounted millimeter wave radar system for dynamic
heart rate monitoring during diverse user activities. In addition, there are many
other research areas of millimeter-wave radar such as human activity recognition
[8,31], gesture recognition [17-19] and gait recognition [12,34].

2.2 Gesture Recognition

Gestures are a form of non-verbal communication that can be used in a variety of
areas such as robot control, human-computer interaction and home automation.
There are many sensing technologies used for gesture recognition. Data gloves as
a wearable device are a common form of implementing gesture recognition [7,14].
Vision-based gesture recognition is a relatively mature technique that utilizes a
camera to capture a scene containing a gesture, and then uses computer vision
algorithms to recognize, extract, and classify the image [13,16,32]. WiG [10]
utilizes WiF1i signals for gesture recognition. In addition, there are researchers
using surface electromyography [15] and ultrasound [11] for gesture recognition.

Gesture recognition through millimeter-wave radar has garnered noteworthy
academic attention. Due to the diversity of data captured by millimeter-wave
radar, current research can be broadly categorized into three categories. The
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first way uses range doppler images, range angle image or doppler angle image
[2,35,38]. However, this approach does not fully utilize the three-dimensional
coordinate information. The second approach is to manually design the inputs
to the model [18,19]. Nevertheless, hand-designed features need to be carefully
designed by experienced domain experts, and the quality of the design features
directly determines the model accuracy. The third method is to utilize point
cloud data [20], which can fully leverage spatial information. The method pro-
posed in this paper deals directly with point clouds and belongs to the third.

2.3 Graph Neural Network

CNN is suitable for processing images, recurrent neural network is suitable for
processing sequential data. However, these two networks are not suitable for
directly processing point clouds. Point clouds can be naturally viewed as graph
structures and thus processed using graph neural networks. Point-GNN [29] is
the first work to use graph neural networks to process point clouds. In millimeter-
wave radar-based human activity recognition, RADHAR [31] uses CNN to pro-
cess voxelized representations of point clouds, however, this is computationally
prohibitive, and MMPoint-GNN [8] uses graphs to represent point clouds and
achieves better results on the same dataset. In millimeter-wave radar-based gait
recognition, STPoint GCN [34] uses graph convolutional networks to extract fea-
tures from point clouds superior to mmGait [23] using CNN. The temporal edges
in STPointGCN are similar to the temporal attention module of our proposed
method. A certain point in STPointGCN is only connected to the closest point
in the adjacent frames. However, in our proposed method, a certain point is con-
nected to all points in the adjacent frames and the connection is learned through
the attention mechanism.

In this work, we propose a new graph neural network which is suitable
for extracting spatial-temporal features of sparse point clouds collected by
millimeter-wave radar. Specially, we designed a spatial-temporal attention mech-
anism based on graph neural network, which effectively integrates the attention
mechanism into graph neural network. Moreover, we propose a novel point flow
embedding method designed for millimeter-wave radar point clouds, which can
efficiently capture the motion features of the point clouds in adjacent frames.

3 Method

3.1 Point Flow Embedding

The data generated by millimeter-wave radar is usually returned in the form
of frames, with each frame containing several points and each point containing
several features. Formally, we define a frame containing N points as a set P =
{p1,p2,...,pn}, where p; = (x;,s;) denotes a point with 3D coordinates z; €
R3 and state features s; € R¥. In this work, s; contains two properties, the
doppler velocity v; and the reflection intensity ¢;. So p; can be represented as
Pi = (%3, v;,€).
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Fig. 1. Point flow embedding method.

Optical flow has been shown to be effective in the field of video based human
action recognition [30]. It can effectively capture the features of motion. Ges-
ture recognition as a subtask of human action recognition also has the above
properties. Video based and millimeter-wave radar based gesture recognition are
very similar, both consisting of many frames of data. The difference is that the
former frame is an image, while the latter frame is a point cloud. On the other
hand, millimeter wave radar senses the target at a certain sampling rate and
therefore loses the information between two adjacent frames. Inspired by [12],
We use point flow to capture motion information between adjacent frames.

Here is the specific description of point flow embedding method. As shown
in Fig. 1, take two adjacent frames P! and P**! as examples. For a certain point
in the frame P’ denoted as pf, to find the motion relationship between adjacent
frames, we find the point with the closest spatial distance to it in the frame

P+l denoted as pﬁ-“. Subtracting the doppler velocity of these two points, we

obtain the characteristic of acceleration a} = ’U§-+1 — vf. Then add acceleration
as an additional property to the state features of the point cloud, so now the

point p} can be represented as p! = (xf, v, €, al). Then we take the point clouds

17 1) ) e

through point flow embedding method as the input of model.

3.2 STAPointGNN

The overall architecture of the proposed STAPointGNN is illustrated in Fig. 2.
The whole network consists of three components: (a) spatial-temporal feature
extraction, (b) temporal aggregation and (c) classification. Given several frames
of raw point clouds, a module composed of PointGNN, spatial attention, and
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Fig. 2. The overall architecture of proposed STAPointGNN. It consists of three com-
ponents: (a) spatial-temporal feature extraction, (b) temporal aggregation and (c) clas-
sification.

temporal attention extracts spatial-temporal features. After K iterations, we
use max aggregation with each frame to obtain feature vectors representing
each frame, then use bidirectional LSTM to further extract features from the
time dimension. Finally, the output of bidirectional LSTM is processed through
multi-layer perceptron (MLP) to obtain the prediction probabilities of different
gestures. Next, we will introduce PointGNN and spatial-temporal attention in
detail.

3.3 PointGNN

Unlike LiDAR, the points collected by millimeter-wave radar are sparse. We
don’t need to use voxel downsampling like [29] for the graph construction. The
proposed method directly construct each point in the point cloud as each vertex
in the graph. We use state features s; as the initial vertex features. Then, we
construct a fully connected graph G(P, E) using P as vertices and define edges
as:

E = {(pi,p;) | i,j € N} (1)

In an image, the convolution operation updates the current pixel value
through adjacent pixel values. Similarly, message passing in a graph structure
can be achieved by aggregating features along the edges [29]. Figure 3 takes the
central vertex as an example to show the process of one iteration of PointGNN.
In the (k + 1)*" iteration, the features of vertex are represented as follows:

oF T = gF(p({ek; | () € E}),0f)
6?2- = fk(’l)f,’l)f)

(2)
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Fig. 3. Architecture of the proposed Point GNN. It takes the central vertex as an exam-
ple to show the process of one iteration of PointGNN.

where v}’ represents the vertex features of vertex ¢ in the k™ iteration, e; rep-
resents the features of the directed edge from vertex j to vertex i in the k'*
iteration. f*(-) calculates the edge features between two vertices. p(-) is a per-
mutation invariant function, which can be Max, Mean or Sum operations, used
to aggregate the features of edges for each vertex. ¢*(-) updates vertex features
using aggregated edge features.

We use relative coordinates to extract edge features and model f*(-) using
MLP. Specifically, the difference between vertex ¢ coordinates z; and vertex j
coordinates x; is concatenated onto vertex j features v;, and then MLP is used
to update the edge features:

We use the Maz operation as p(-) to aggregate edge features, model g*(-)
using MLP to update vertex features, and add a residual connection in g*(-):

vt = MLF; (Max({e}; | (j.i) € E})) + vf (4)

3.4 Spatial-Temporal Attention

After PointGNN, the vertex features are further extracted through the spatial-
temporal attention module. The spatial attention module is shown in Fig. 4.

Similar to natural language processing tasks, we treat a frame of point cloud
as a sentence and each point as a token. For the spatial attention, we adopt
the self-attention introduced in Transformer [33], as shown in Fig. 4. We define
the dimension of the input feature and the dimension of the output feature
as d; and d,, respectively. Let Q, K, and V represent query, key, and value
respectively. They are respectively passed through a linear transformation by
the input feature Fj, € RN*% as follows:
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Q:an Wq
K = F,, - W,

Wy, Wi, W, € R4 m
Q,K,V c RVXdn

where W, W}, and W, are shared learnable linear transformation, aiming to

place semantically similar points closer together in the new space. d,, is the
dimension of the query, key, and value.

We compute attention weights via matrix dot product using query and key:

A=Q KT AcRV¥ (6)
Divide A by d,n, and apply softmax function for normalization:

=)
N
We use the attention score and value to do dot product to get the attention

output feature. In order to meet the requirements of the output dimension, we
add MLP transformation with residual connection:

A = softmax( A c RNV (7)

Nxd
FOUt:MLP(AV)+MLP(an)a FouteR Xdo (8)
Nxd N X dy, Nxd,
Y4
Nxd Nxd
» MLP ||
CJ
Transpose Scale + SoftMax
Input Query Key Value Attention Map  Attention Feature Output  Matrix Multiple  Matrix Add

Fig. 4. Architecture of the proposed spatial attention module.
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For the temporal attention module, the input is two adjacent frames, as

shown in Fig. 5. For a certain point p§-+1 in the frame P**!, all points features

in the frame P! are weighted and summed to update pz-“.
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Fig. 5. Illustration of temporal attention module. For a certain point p;H in the frame

P*t1 all points features in the frame P* are weighted and summed to update p'*'.

In terms of specific implementation, we still use the spatial attention module,
just set point features in frame P! as query, point features in the frame P! as
key and wvalue.

3.5 Loss Function

Gesture recognition is a multi-class classification task, softmax and cross entropy
are adopted as the loss function:

e (e
ST e (410

Cc-1
~yld]+ log( 3 exp ()

loss(y, ¢)

9)

where C' is the number of gesture categories, ¢ is the ground truth label, y =
[Yo,¥1,---,Yn—1] is the confidence vector predicted by the model.

4 Experiments

4.1 Datasets

We use two public gesture datasets MMGesture dataset [19] and MTransSee
dataset [17] to evaluate our proposed STAPointGNN method.
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MMGesture Dataset' MMGesture dataset is the first gesture dataset col-
lected with millimeter-wave radar. It has 56420 gesture sample instances with a
total duration of 1357 min involving 144 volunteers (64 men and 80 women). The
dataset contains two scenarios, short range gesture (less than 0.5m) for inter-
acting with accessory devices and long range gesture (between 2m and 5m) for
interacting with smart homes. We use long range gestures because it provides
point cloud data consistent with our method. There are 4 gestures, and the cor-
responding relationship between the gesture category name and its actual action
is as follows: “knock” means dual knock, “rotate” means hand rotation, “Iswipe”
means left swipe, and “rswipe” means right swipe.

MTransSee Dataset? MTransSee dataset aims to control smart home appli-
ances and contains 54080 samples, including 5 predefined gestures: draw a circle
(CR), knock a virtual table twice (KO), pull a hand (PL), push a hand (PS)
and lift up a hand (UP). The dataset considers the influence of different user
habits and distances, involving 32 different volunteers and 13 different distances
between 1.2m and 4.8m. In addition, the influence of the reflection of uneven
objects on the data collected by the millimeter-wave radar is also considered.
Volunteers perform gestures near different objects: such as chair, metal table,
metal oven, TV, etc.

4.2 Implementation Details

We divide the dataset into training and testing set in proportion 80% and 20%.
We use a sliding window with length 7' = 20 and moving step s = 20 to generate
the data to fit the model input. Since the point flow is only calculated in adjacent
frames, one input sample contains 19 frames.

Spatial-temporal feature extraction module repeats for 3 iterations, where the
feature dimensions for each iteration are [16, 64, 128]. In the temporal aggre-
gation module, the LSTM used is a bidirectional LSTM with 1 layer and 16
hidden units. The optimizer is Adam and the initial learning rate is 0.001. We
implement the model in PyTorch.

4.3 Experimental Results

We evaluated different benchmark algorithms on two datasets including PointNet
[24] combined with LSTM, PointNet++ [25] combined with LSTM, Point cloud
transformer [9] combined with LSTM, Point Transformer [41] combined with
LSTM and DGCNN [36] combined with LSTM. In Table 1, the results of methods
[1-3] are baselines from [8], including PointNet combined with LSTM, Point-
GNN combined with LSTM and MMPoint-GNN combined with LSTM.

Table 1 reports the accuracy of different algorithms on MMGesture dataset.
The best baseline on MMGesture dataset is MMPoint-GNN + LSTM, achieving
92.67% accuracy. MMPoint-GNN has strong spatial feature extraction ability

! https://github.com/fengxudi/mmWave-gesture-dataset.
2 https://github.com/mmTransCes/mTransSee_Dataset.
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Table 1. Test accuracy of different algorithms on MMGesture dataset.

STAPointGNN

S. No | Method Accuracy (%)
1 PointNet + LSTM 61.51
2 Point-GNN + LSTM 92.10
3 MMPoint-GNN + LSTM 92.67
4 PointNet++ + LSTM 89.62
5 Point cloud transformer + LSTM | 87.09
6 Point Transformer + LSTM 91.66
7 DGCNN + LSTM 88.03
8 STAPointGNN (Ours) 94.61

Confusion Matrix
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Fig. 6. Confusion matrix of STAPointGNN in MMGesture dataset.
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Table 2. Test accuracy of different algorithms on MTransSee dataset.

S. No | Method Accuracy (%)
1 PointNet + LSTM 95.45
2 PointNet++ + LSTM 95.96
3 Point cloud transformer + LSTM | 93.57
4 Point Transformer + LSTM 96.67
5 DGCNN + LSTM 96.11
6 STAPointGNN (Ours) 97.56

Confusion Matrix

CR 0.01 0.01
0.8
KO A
= 0.6
S
g PL
&= -0.4
PS -
-0.2
UP A 0 0
T T T T - 0.0
CR KO PL PS UP
Predict label

Fig. 7. Confusion matrix of STAPointGNN in MTransSee dataset.

due to its dynamic edge design [8]. Among other comparative algorithms such as
PointNet++ 4+ LSTM, Point cloud transformer + LSTM, Point Transformer +
LSTM and DGCNN + LSTM, only Point Transformer + LSTM has an accuracy
rate exceeding 90%, reaching 91.66%, but it is still inferior to MMPoint-GNN
+ LSTM. However, our method STAPointGNN achieves an accuracy of 94.61%,
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surpassing MMPoint-GNN + LSTM by about 2%, which is currently the state-
of-the-art method on MMGesture dataset. Figure 6 shows the confusion matrix
of STAPointGNN in MMGesture dataset. It can be seen that our method can
accurately distinguish various gestures. Rotate is the easiest action to distinguish
because it is distinctly different from the other gestures. Left swipe and right
swipe gestures are difficult to distinguish because they are similar except that
they move in opposite directions. Moreover, left swipe and right swipe are easily
recognized as dual knock.

Table 2 reports the accuracy of different algorithms on MTransSee dataset.
The different algorithms perform well on this dataset compared to the previ-
ous dataset, all exceeding 93% accuracy. Mainly because the dataset has more
samples and considers the influence of distance. The method PointNet + LSTM
based on the set representation reached 95.45%, and the improved PointNet++
+ LSTM based on PointNet + LSTM reached 95.96%. The method based on
graph representation DGCNN + LSTM reached 96.11%, which shows that GNN
is more suitable for the extraction of millimeter-wave radar point cloud features.
The Point Transformer + LSTM of the attention-based method reaches 96.67%,
which shows that the attention mechanism is effective. Our method STAPoint-
GNN achieves 97.56%, surpassing the best baseline by about 1%. The confu-
sion matrix of STAPointGNN in MTransSee dataset is shown in Fig. 7. Overall,
although the number of gesture categories increases, the classification accuracy of
gestures generally improves. PS and UP gestures are the most easily recognized
gestures, while KO is easily recognized as CR.

Compared to existing methods, STAPointGNN incorporates graph neural
networks and attention mechanisms to establish associations between adjacent
frames, which can extract spatial and temporal features more efficiently. As a
result, STAPoint GNN excels in the field of millimeter-wave radar gesture recog-
nition.

5 Conclusion

In this paper, we propose a novel graph neural network named STAPointGNN for
gesture recognition using millimeter-wave radar. Our method based on spatial-
temporal attention mechanism of graph neural network can extract spatial and
temporal features of point clouds generated by millimeter-wave radar more effi-
ciently. In addition, we propose a novel point flow embedding method to capture
the motion features of the point clouds in adjacent frames. In the public datasets
MMGesture and MTransSee, our method achieves leading accuracy compared
to existing methods. In the future, we will consider real-time and multi-person
gesture recognition issues to get closer to real scenarios.

Acknowledgement. This work was supported by National Key R&D Program
of China (2021ZD0113502) and Shanghai Municipal Science and Technology Major
Project (2021SHZDZX0103).
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