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Abstract

Human body recognition is widely used in smart home. The current mainstream per-
ception modalities, i.e., camera and wearable device, are vulnerable under challeng-
ing lighting conditions and poor convenience. On the other hand, Multi-human body
recognition remains as one of the most challenging tasks in a dynamic and complex
environment. In this work, we introduce the low-cost multiple-input-multiple-output
(MIMO) millimeter-wave radar without exposing user’s private information for human
body recognition in smart home. We propose a human body recognition scheme with
the clustering based on the human body tracking using the sparse point cloud data
of MIMO millimeter-wave radar. Firstly, the possible position of human body is pre-
dicted based on Kalman filter. Then, the point cloud data is clustered based on the
human body shape in the prediction range of the human position. Finally, label tags
are used to mark the human body targets detected by each frame of the radar. We apply
human body recognition to validate the effectiveness of the proposed scheme. It can
achieve single-person and double-person recognition using the sparse point cloud data
of MIMO millimeter-wave radar. The results show that our proposed scheme reduces
the error probability by 23.4% for the single-person recognition and by 31.1% for the
double-person recognition. Extensive evaluations on the application of human activity
recognition well demonstrate the practicability of the proposed scheme.
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1 Introduction

Human body recognition (HBR) becomes increasingly attractive in many applications,
such as smart home, elderly care and health management [14, 15, 24]. In particular, a large
number of elderly people live independently at home most of the time, and it is extremely
necessary to monitor their activities, especially falls. In recent years, although great pro-
gress has been made in the development of HBR, there are still substantial challenges. For
instance, privacy exposure limits the application of HBR in the real world and the complex
environment with occlusion and lighting conditions might negatively impact on the recog-
nition performance. In fact, many people reluctant to expose too much private information,
but the abnormal activities have to be monitored in real-world situations. For example,
people might get falling or slipping while doing house-work. Particularly, the abnormal
activities might occur to the elderly at their homes. In this situation, the proactive or situ-
ated services based on HBR at home would alleviate the dangerous situation.

There are many competing devices for human body recognition, which may be catego-
rized into two main branches: the wearable and the unwearable [3]. The wearable devices,
usually the accelerometers, need be worn on the body all the time to sense the human
action [9]. It is not convenient for some people, such as the elderly, to use the wearable
devices in practice. On the other hand, the unwearable devices, usually the camera and the
radar, are typically installed in the fixed location to detect human activities [10]. Although
the camera can directly image the persons and recognize their activities from the images,
it is vulnerable to the lighting conditions and often brings significant privacy concerns. In
contrast, radar actively transmits electromagnetic waves and processes the reflections to
sense the objects’ locations and moving speed [28]. It works even under poor lighting, and
it does not expose user’s private information. Therefore, the radar carries great potential to
be the prevailing HBR technologies in smart home.

Many HBR studies have used range, Doppler and micro-Doppler signatures [5]. For
example, the pre-defined or self-learned features were extracted and classified to recog-
nize human body. Some feature extraction methods, such as Mel-frequency Cepstral Coef-
ficients (MFCCs), pseudo-Zernike moments, shape spectrum features and L1-norm linear
discriminant analysis, were explored to differentiate the radar echo behaviors [4, 16, 17,
20]. As deep learning technique shows strong advantages in high-level deep feature extrac-
tion, many different deep-learning models had been proposed to act as feature extractors
and classifiers for identifying human action from radar signatures [2]. However, these
methods often face challenges such as large amount of calculation, complex model design
and high hardware requirements.

Although the related work have shown many radar-based HBR methods, it is still a huge
challenge when apply to the HBR in smart home. The Doppler information from human
motion at the same distance in different directions will alias each other when there is only
range and Doppler information, thereby increasing the probability of the HBR errors. In
contrast, multiple-input-multiple-output (MIMO) millimeter-wave radar can provide not
only distance and Doppler information, but also angle information [1]. Therefore, MIMO
millimeter-wave radar can adapt to the scenarios of multi-person presence. Admittedly,
compared with expensive lidar that can provide the dense point cloud data, the point cloud
data from MIMO millimeter-wave radar is sparse, but the sparse point cloud data is enough
for the HBR at indoor and home deployment. In addition, the sparse point cloud data has
good real-time performance with less computation. Furthermore, the MIMO millimeter-
wave radar is suitable with reasonable price for application of the health management and
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elderly care in smart home. Considering these advantage, this paper explores HBR meth-
ods based on sparse point cloud data from MIMO millimeter-wave radar in smart home.
Our core contributions are three folds:

(1) We propose a HBR scheme using the point cloud data from MIMO millimeter-wave
radar, which is especially suitable for the application of the monitoring equipment in
smart home.

(2) We develop the clustering method of the point cloud data based on the human body
tracking, which can achieve significantly improved accuracy of the HBR in a dynamic
and complex environment with low computational complexity.

(3) We test HBR based on the sparse point cloud data from MIMO millimeter-wave radar.
Extensive evaluations well demonstrate the superiority of the proposed HBR scheme
for the single-person and double-person recognition.

Our work is distinctive from other works in two main points: The MIMO millimeter-
wave radar is introduced for human body recognition in smart home without exposing
user’s private information. Compared with the vision-based detection approaches, it is
not easy to be affected by lighting conditions and other responsible environments. Com-
pared with expensive Lidar, it has the advantages of reasonable price for application of the
elderly care in smart home. In addition, our proposed framework with the clustering based
on the human body tracking achieves single-person and double-person recognition, which
we anticipate that this would be effective in Multi-human body recognition.

The remainder of the paper is organized as follows. Section 2 describes the generation
of the point cloud data from MIMO millimeter-wave radar. The proposed the HBR scheme
is presented in Section 3, while the experimental results are shown in Section 4. The paper
ends up with the conclusion and future research directions in Section 5.

2 Point cloud data generation

The radar is a multiple-input-multiple-output (MIMO) structure with three transmitters
antennas (TX) and four receivers antennas (RX) collocated together [11]. In order to facili-
tate mathematical analysis, it is equivalent to a single-input-multiple-output (SIMO) vir-
tual antennas array, as shown in Fig. 1. Frequency-Modulated Continuous-Wave (FMCW)
millimeter-wave radar is used to detect the targets (human body) in our work. The radar
continuously transmits the chirp signals at each frame to the specified airspace [6, 26, 27].
The reflection signals are obtained from different targets or different parts of the target, and
they are processed into the differential frequency signals at the receiving end [19]. After
2D-FFT and 1D-FFT, the spatial coordinate position and the radial velocity corresponding
to the different reflected signals can be calculated, which constitute the point cloud data of
the target. Process of the point cloud data generation is shown in Fig. 2.
Define a single chirp signal emitted by radar as [8]:

5, = ej(w0+§t>t (1)
Where, o, is the starting frequency, p is the sweep rate. On the propagation path of the

radar signal, the virtual antenna receives K plane wave signals reflected from the far-field
position, which is defined as [21]:
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Fig. 1 Diagrammatic sketch of transformation from MIMO to SIMO
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Where, a,, represents the attenuation coefficient of the signal on the path. r,,, is the
coordinate position vector of the virtual antenna numbered R, A is the wavelength of the
radar signal at the starting frequency. I', is the wavenumber vector of the k-th plane wave.
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Fig.2 Process of the point cloud data generation
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0, and @, represent the azimuth and elevation angle of the arriving beam respectively. t;,
is the time delay of the k-th plane wave signal arriving at the Ry, antenna. d, and v, are the
starting distance and the radial velocity of the target reflecting the k-th plane wave respec-
tively. At the receiving end, the receiving and transmitting signals are subjected to gain
correction, quadrature mixing, and intermediate frequency filtering. The difference fre-
quency signal is obtained [13]:

K . .
Sq(m, n) = Zk:l akelrmnrk @l (@ Tt @M tHHT L) (6)

Generally, the radar detects targets frame-by-frame. The radar transmits P chirp signals
each frame at a period T. The starting time of each chirp signal is defined as t, (p=0, 1,
..., P-1). The target radial velocity is approximately constant during the detection time of
the frame. Suppose T, is the signal delay of the target reflecting the k-th plane wave at the
starting point of the p-th transmitting signal, then [25]:

Tip = Tio + Nilp (7

Substituting formula (7) into formula (6), the difference frequency signal generated by
the p-th transmitting signal at the receiving end can be obtained, as shown in Eq. (8). Using
(t,t,) as a binary variable to perform 2D-FFT on P difference frequency signals, as shown
in formula (9)(10) (11).

K K
. . . . . . B png T : png PT
84 (m’ n,t, tp) = E akeﬂmnrk &®0Tko eJ‘”n']k‘pe.l(‘“ﬂﬂkﬂ“-'kn*“ﬂk‘p)‘ ~ z akelr ||||| Iy el‘”r»'fkrjel((“oﬂk+ zk 'S ej((“0"k+}lrk0+ 2 )[
k=1 k=1

(®)
F[sd] =S(m.n,u,v)= ) Akef"""rkejwofkoé(u —wg)8(v—wpy) )
pn PT
Ogic = Oy + Py + — (10)
pn, T
Opy = 091 + — (11

Where, oy, op, are the distance frequency and the Doppler frequency of the target
reflecting the k-th plane wave respectively. The above formulas show that the local extreme
point coordinates of the amplitude correspond to the distance frequency and the Doppler
frequency of the target after performing 2D-FFT on one frame of the difference frequency
signals received by each antenna. Thus, the distance and radial velocity of the target can
be calculated. In order to further calculate the spatial position of the target, 2D-FFT val-
ues corresponding to the same distance and the same radial velocity of each antenna are
extracted and combined into the new data as:

Q(m, n) = Alejrmnrlei“)o“m (12)

1=1

Among them, the data with different numbers m and the same n is used to calculate the
elevation angle. The data with the same number m and different n is used to calculate the
azimuth. According to the virtual antenna position in Fig. 1, there are two valid data for
solving the elevation angle. At this time, it is impossible to distinguish the difference in the
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elevation direction of the target, that is, the target with the same distance and radial veloc-
ity has the same elevation angle and corresponding space. The z coordinate value is:
£Q(1,n) — £Q(0,n)

z=dsinp =d - (13)

Where, d is the distance to the target. The symbol £ represents the phase angle of the
data. There are eight valid data to calculate the azimuth. At this time, it is possible to fur-
ther distinguish the difference in azimuth between targets with the same distance and radial
velocity. For Q(0, n), the new data is:

Q(0,n) = ZLI Alejworlo glnmsin;cosd, (14)
The 1D-FFT is performed with n as a parameter, there is:

F[Q(0,n)] = Qp(w) = Z|L=1 A0 (w — msind,cosg,) (15)
The local extreme point coordinate of the amplitude after 1D-FFT is:
o, = msind;cosy, (16)

The spatial coordinate values of the target are obtained as follows:

®
x=d—= (17

y = \/(12—)(2—Z2 (18)

In this way, the point cloud data including the distance, Doppler velocity and angle
information can be obtained.

3 Human body recognition

The proposed HBR scheme consists of four components: Coordinate transformation, Pro-
jection of human body position, Point cloud data clustering and Label the human body.
The architecture of the scheme is illustrated in Fig. 3. The point cloud data are converted
through coordinate transformation. The processed data are then passed through projection
of human body position to describe the motion process. Generally, the point cloud data
obtained by millimeter-wave radar are reflections from different targets in space. In order to
use accurately the point cloud data for the HBR, the point cloud data reflected by different
targets need to be clustered separately. After clustering the point cloud data, the tags are
used to mark the human body detected by radar in each frame. The final result of HBR is
decided by the tags.

Specifically, because the point cloud data collected by MIMO millimeter-wave radar
is based on the radar antenna coordinate system, in order to eliminate the influence of
the installation position of the radar antenna, firstly, the point cloud data from the radar
is converted to the ground coordinate system. Then, the possible position of the human
body is predicted based on the Kalman filter method. Furthermore, the point cloud data
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Fig.3 Process of the HBR

conforming to human body characteristics is clustered based on human body shape in the
prediction interval of human body position. Finally, tags are used to mark the human tar-
gets detected by the radar in each frame with tracking, losing, removing and possible. For
the target with ‘tracking’ tag, the target state is updated. The clustering result can be used
for further human action recognition and other applications [18, 22].

3.1 Coordinate transformation

In order to eliminate the influence of the radar antenna installation position, it is necessary
to convert the point cloud data from the radar to ground coordinate system. The formula of
the coordinate transformation is [7]:

X, =RX;+T (19)
v - X, - X y 0)
EONX XN

Where, X, and X, are the space position in the ground coordinate system and the
antenna coordinate system respectively. R is the coordinate rotation matrix. T is the coor-
dinate translation matrix. v, and v, represent the radial velocity in the ground coordinate
system and the antenna coordinates respectively.

X2 ([xyz]|" @D

cosy siny O |[ cosp O —sinf [[1 O 0
R =] —siny cosy 0 01 0 0 cosa sino (22)
0 0O 1] sinfp O cosp || O —sinax cosa
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T={x ¥ 2]" (23)

Where, a,  and vy respectively represent the rotation angles required for the antenna coor-
dinate system to be parallel to the coordinate axis of the ground coordinate system after clock-
wise rotation.(X,y.Zo)is the spatial position of the antenna in the ground coordinate system.

3.2 Projection of human body position

Within the range of radar measurement, although human body motion is a complex process, it
can still be equivalent to a particle. In this case, the Kalman model can be used to describe the
motion process [23]. The motion model is as follows:

Xp1 = Ax + Bw (24)

Vi = Cx + v (25)

Where, x, is the state vector at k time. y, is the measured value at k time, and it is the posi-
tion in this paper. A and C represent the state transition matrix and the observation matrix
respectively. w and v describe the process noise and observation noise respectively which is
independent of each other. 62 and o2 are the variances respectively. Suppose X, and P, are the
mean value and variance at the initial state. Using Kalman recursive estimation method, the
mean value and variance of the state vector x, at k time are estimated to be x,and P, respec-
tively according to the observed value y,. Then the mean value § and variance l3y of Py q i at
k + 1time are predicted to be:

¥ = CAx, (26)

P, = CAP,ATC" + CBB'C"c? + o7 27)

within the range of § +r

Obviously, most of the point cloud data reflected by the target at k + 1 time is included
ﬁf’y. There are many such intervals in the case of multiple human

bodies. In this way, the clustering is to search point data in this interval according to certain
criteria and associate with the corresponding human body. Here, it is considered that the
human body only moves on the ground, and the uniform motion model is adopted.

After the clustering of the point cloud, the center of gravity for the point cloud is calcu-
lated, and it is used as the center of gravity for the human body to update the human motion
state [12]. The state update process is:

Xir1 = §k+1|k + G 1 Vi1 — §k+1|k) (28)

-1
Gyt = Py C(CP , CT +0) (29)

Where, Gy, is the gain matrix of the Kalman.

3.3 Point cloud data clustering

In order to cluster the point cloud data conforming to human characteristics, the cluster-
ing method of the point cloud data based on human volume is proposed. To be specific, a
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cuboid with a certain volume is equivalent to a human body, and the cuboid is moved in
the human body position prediction interval to search the most point cloud data contained
in the cuboid. The location area with the highest density of the point cloud data under the
fixed volume is regarded as the location area of human body. The center point of the loca-
tion area is regarded as the location of human body, and it is regarded as the update value
of human motion position prediction. Thus, the target clustering and location generation
are completed. The steps of the cloud data clustering are shown in Table 1.

3.4 Label the human body

After clustering the point cloud data, four types of the tags are used to mark the human
body detected by radar in each frame. They are tracking, losing, removing and possible.
To be specific, if the current frame of the target is assigned a specified number of point
cloud data, and the previous frame is marked as tracking or possible. The target is marked
as ‘tracking’. If the current frame of the target is not assigned a specified number of point
cloud data, and the previous frame is marked as tracking or losing. The target is marked
as ‘losing’. For the ‘losing’ target, the position prediction of the target is maintained, but
the target motion state is not updated. When previous continuous frames of the target are
marked as losing, the target is marked as removing. Once the target is marked as removing,
the target position prediction is no longer maintained. When the radar detects a new target,
it is marked as possible.

In particular, for the possible target, it is necessary to establish the possible trajectory.
The process is as follows:

Table 1 Steps of the cloud data clustering

Input: Dataset, Prediction information P; = {(x;,y;) e;}, Minimum
number of point cloud for the target M, Human body shape
L = {1,00,0.-,Ly---- L }-

Output: Serial number of the point cloud assigned human body I4.

begin
for P; = {(xy,y1) ei}
forx =x;-e;<x <x t e
fory=yi-ei<yi <V *ei
N« Maximum number of point cloud included in the
human body shape L
qg={NLI13 &y}
end for
end for
Minimum distance between (x,y) and (x;y;)
Pi—q
end for
if N>M
Return Iy
end if
end
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Fig.4 Experimental setup

Step1: Get the possible target position. The radar detection interval is gridded. The point
cloud data assigned to the target is deleted. The number of the point cloud data in each
grid is calculated. If the grid with the largest number of the point cloud data exceeds
the threshold, it is considered that there is a possible target in the grid. The center of the
grid is regarded as the possible target position.

Step 2: Initialize the motion state of the possible target. The velocity value is obtained
by the difference between the possible target position of the current frame and the pos-
sible target position of the front and rear frames. The velocity value is taken as the mean
value of the initial state vector of the possible target motion, and the variance of the
initial state vector is calculated according to the double grid error.

Step 3: Update the motion state of the possible target. After the Step 2, the subsequent
new possible target is judged according to the above method described in Section 3.2 to
determine whether it falls within the position prediction interval and to update the state.
If the possible target of the continuous frames falls in the position prediction interval, it
is marked as tracking. Otherwise, the initialization process of the possible target state is
carried out again according to Step2.

4 Experiments
4.1 Datasets

Data are collected through a millimeter-wave radar platform with three-TX and four-
RX antennas. The radar installation height is about 1.8 m. The pitch angle is about
10°. The active test area of 4.5 m X 4.5 m is marked at 1.1 m in front of the radar. At
the same time, the video is used to mark the human body corresponding to the frame
of the radar. The frame period of the radar signal is 100ms. 48 chirp signals are sent
out in each frame period. The chirp start frequency is 77 GHz. The chirp sweep band-
width is 3.2 GHz. The chirp sweep rate is 100 MHz/us. The experimental setup is
shown in Fig. 4.

During the experiment, ten groups of data were collected, including six single-person
groups and four double-person groups. The data collection duration of each group was
about 10 min. There were five different activities involved in the groups, including stand-
ing, walking, falling, lying and rising. Different activities were completed randomly and
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Table 2 Data statistics of the

. Group Human Activity Times of
single-person groups

the activity

Single-person Standing 246
Walking 120
Falling 240
Lying 240
Rising 240
Table 3 Data statistics of the Pl Standing  Walking  Fallng  Lying  Rising
double-person groups
P2
Standing 41 30 30 30 30
Walking 15 20 15 15 15
Falling 30 30 40 30 30
Lying 30 30 30 40 30
Rising 30 30 30 30 40

collected by millimeter-wave radar. Meanwhile, the video was used to mark the human
body corresponding to the frame data of the radar for the result verification of the HBR.
The data set are shown in Tables 2 and 3.

4.2 Clustering test

In order to test the effect of the HBR, DBSCAN was used as a comparative analysis method
with our clustering method based on human tracking model (CBBT). The single-person
groups and double-person groups with different activities in data set of Tables 2 and 3 were
selected to perform clustering test. Clustering parameters of different methods are shown
in Table 4. DBSCAN algorithm needs to be given two parameters. One of the parameters
is radius (EPS), which represents the range of circular neighborhood centered on a given
point. Another parameter is the number of minimum points (MinPts). Within the radius

Table 4 Clustering parameters of different methods

Method Parameter Value Unit

DBSCAN Neighbor radius(EPS) 0.4 m
Minimum number of core point (MinPts) 5 -

CBBT Number of activity types 5 -
Number of clustering cuboid types 6 -
Search step size 0.05 m
Search radius 0.6 m
Target label category Tracking,Losing, -

Removing,possible.
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Fig.5 Single-person clustering results of three-dimensional point cloud data (Red and green dots represent p
objects. Blue dots represent backgrounds. Pink dots represent possible objects. Black solid lines represent
cubes used by CBBT clustering. Red dashed lines represent cube boundaries of possible objects. Light blue
box points represent losing objects)

of a neighborhood, the neighborhood of MinPts number is considered as a cluster. If the
distance between data points is less than or equal to the specified EPS, they will be of the
same class.

4.2.1 Single-person clustering

In the single-person groups, the point cloud data were used to cluster by DBSCAN and
CBBT. Only one person with different activities was recorded in different frames of the
millimeter-wave radar. The video was used to mark the human body responding to each
frame data of the radar. Here, we present the clustering results corresponding to four dif-
ferent frames, as shown in Fig. 5. We can see that two methods in single-person clustering
results at the 97th Frame are consistent. However, the clustering result based on DBSCAN
is incorrect at 117th Frame and the 349th Frame, while the clustering based on CBBT can
still keep correct results. Notably, one losing object has emerged at the 1664th Frame for
CBBT because of changes of human action. This shows indirectly that CBBT can indicate
changes of human action.

To analyze the performance of different methods, we provide statistical results of
the HBR in the single-person groups. As can be seen from Fig. 6, the absolute error
probability of CBBT on the clustering objects number (Object=1) is lower than that
of DBSCAN for the same point cloud data of the single-person groups. In addition,
the joint probability distribution of the clustering objects is shown in Table 5. It shows
that the error probability of DBSCAN with 30.5% is higher than that of CBBT with
7.1% in this experiment, which means our proposed method reduces the error probabil-
ity by 23.4%. Furthermore, the consistency of the two clustering methods in the case of
single-person is compared. We extract the point cloud data of single-person clustered by
DBSCAN and CBBT and calculate the proportion of the same data in the total cluster
points. The statistical result of the proportion of the same cluster points in the whole
data is shown in Fig. 7. It can be seen that the same data accounts for 90% in the cluster
points with the proportion of more than 80%, which means that the consistency of the
cluster points is good.

To further evaluate the performance of our proposed HBR scheme, we apply the
clustering results to human activity recognition (HAR) in different frames of the mil-
limeter-wave radar. The video was used to mark the human activity responding to each
frame data of the radar. We processed the point cloud data with the above clustering
results of one object for the HAR. The statistical characteristics of the point cloud data
were extracted as the feature parameters of the behavior recognition. Gaussian kernel
SVM was adopted as the classifier of the behavior recognition. The confusion matrix
on feature dataset for different activities is shown in Fig. 8. The HAR result in dif-
ferent frames of the millimeter-wave radar is provided in Fig. 9. Obviously, different
frames can be very good corresponding to human activity. For instance, human activity
is standing at the 97th Frame, walking at the 117th Frame, rising at the 349th Frame,
and falling at the 1664th Frame respectively, which is well corresponding to the cluster-
ing objects and the video record.
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(d) Single-person clustering at 1664th Frame (DBSCAN : 1 object. CBBT : 1 possible object, 1 losing
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Fig. 6 Histogram of the number of objects for the single-person groups clustering

Table 5 Joint probability

distribution of the clustering Method/Objects CBBT
objects 0 1 2 3 >4
DBSCAN 0 0.02 0.009 0 0 0
1 0.06 0.66 0.002 0 0
2 0.014 0.16 0.007 0 0
3 0.002 0.05 0.006 0. 0
>4 0 0.01 0 0 0

4.2.2 Double-person clustering

In the double-person group, we also use DBSCAN and CBBT to cluster the point cloud
data. Two persons with different activities were recorded in different frames of the mil-
limeter-wave radar. Here, we present the clustering results corresponding to four different
frames, as shown in Fig. 10. We can see that two methods in double-person clustering
results at 833th Frame are consistent. However, the clustering result based on DBSCAN
is incorrect at 1178th Frame, 1272th Frame and 1275th Frame, while the clustering based
on CBBT can still keep correct results. Notably, one losing object at 1275th Frame has

Fig.7 Proportional histogram 1 T T T T
of the same cluster points for _Z“‘
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person groups clustering) -c% )
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Fig. 8 Confusion matrix on Accuracy: 90.04%
feature dataset using 5-fold cross- . ) ) . .
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emerged for CBBT because of changes of human action. This shows further that CBBT
can indicate changes of human action.

Similarly, we also provide statistical results of the HBR in the double-person groups.
As can be seen from Fig. 11, the absolute error probability of CBBT on clustering objects
number (Objects=2) is lower than that of DBSCAN for the same point cloud data of
the double-person groups. In addition, the joint probability distribution of the clustering
objects is shown in Table 6. It shows that the error probability of DBSCAN with 58.6%
is higher than that of CBBT with 27.5% in this experiment, which means our proposed
method reduces the error probability by 31.1%. Furthermore, the consistency of the two
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Fig.9 Different actions corresponding to different frames
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Fig. 10 Double-person clustering results of three-dimensional point cloud data
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Fig. 11 Target number histogram of clustering

clustering methods in the case of double-person is compared. We extract the point cloud
data of double-person clustered by DBSCAN and CBBT and calculate the proportion of
the same data in the total clustered data. The statistical result of the same clustered data
proportion in the total cluster points is shown in Fig. 12. It can be seen that the same data
accounts for 65% in the cluster points with the proportion of more than 80%. It is true that
the consistency of double-person is lower than that of single-person, but it still meets the
requirement of the clustering consistency.

Likewise, we processed the point cloud data with the above clustering results of two
objects for the HAR. The feature extraction method, classifier and confusion matrix are all
consistent with the single-person HAR. The HAR result in different frames of the millime-
ter-wave radar is provided in Fig. 13. For instance, the two persons are both standing at the
833th Frame and walking at the1272th Frame. One person is standing and the other is lying
at the 1178th Frame. One person is walking and the other is falling at the 1275th Frame.
Obviously, the different frames can also be very good corresponding to the clustering
results and video record. This further illustrates the applicability of our proposed scheme.

5 Conclusion

The MIMO millimeter-wave radar has been adopted in automotive electronics, intelligent
transportation, and security applications. In this paper, we mark the important step in HBR
based on the sparse point cloud data from MIMO millimeter-wave radar for smart home.
The MIMO millimeter-wave radar is used to avoid exposing personal privacy information

Table Joint probability Method/Objects CBBT
distribution of clustering objects
0 1 2 3 >4
DBSCAN 0 0.005 0.001 0 0 0
1 0.028 0.14 0.06 0.001 0
2 0.02 0.16 0.25 0.005 0
3 0.006 0.065 0.13 0.005 0
>4 0.002 0.03 0.084 0.008 0
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Fig. 12 Proportional histogram 1 T T T T
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and suitable with low cost for smart home. We develop the clustering method of the point
cloud data based on the human body tracking, which realizes the single-person and double-
person recognition.

From the clustering experiments, it can be seen that CBBT has good consistency
with DBSCAN for the point cloud data with the same number of objects from MIMO
millimeter-wave radar, which can be considered that most of the clustering data are
from the same object reflection. Especially, for the radar data with the wrong cluster-
ing results of DBSCAN and the correct clustering results of CBBT, it is reasonable
to believe that most of the data clustered by CBBT are still from the points reflected
by the object. It is worth noting that DBSCAN is easy to cluster some sudden scene
disturbances (such as slight movement of objects) into objects, which will improve
the false alarm rate in the scene of multi-person body recognition. While CBBT takes
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Fig. 13 Different actions corresponding to different frames
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into account the correlation of human body tracking, and has the ability to resist scene
disturbance. Therefore, compared with DBSCAN, the clustering accuracy of CBBT is
higher, and the clustering effect of CBBT is better than that of DBSCAN in the scene
disturbance. In summary, our proposed HBR scheme can achieve single-person and
double-person recognition using the sparse point cloud data of MIMO millimeter-wave
radar with satisfactory recognition accuracy.

Though HBR based on the sparse point cloud data from MIMO millimeter-wave radar
has achieved good experimental results, there is still the work to develop the research in
future. This research aims at HBR of smart home application, the environment is rela-
tively simple. In general, human body activities are complex and diverse. How to com-
bine situational and environmental information for higher semantic behavior recognition
is also a further research. Currently, there is a growing demand for body part estimation
(e.g. finger joints, facial parts). MIMO millimeter-wave radar can become an alternative
or complementary solution to the camera or wearable devices applied in smart home, and
it can be better developed by combining machine learning and the vision-based detection
approaches. The HBR scheme may also inspire new human activity recognition algorithms
for the multi-human activity recognition in a dynamic and complex environment.
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