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Abstract. In recent years, with the prominent population aging prob-
lem, health conditions of aged solitaries are inherently gaining more and
more attentions. Among the techniques allowing real-time health moni-
toring, activity perception has become an important and promising eld
in both academia and industry. In this paper, a human activity percep-
tion recognition model, named MSHNet (Multi-Stream-Hybrid-Network)
based on Deep Learning is proposed to solve the problems of difficulty in
extracting perceptual features of Wi-Fi signals and low recognition accu-
racy in traditional Machine Learning methods. MSHNet adopts passive
wireless sensing technology, it uses commercial off-the-shelf Wi-Fi devices
to collect Channel State Information (CSI) based on underlying physical
equipment and automatically extracts human activity features character-
ized by amplitude in CSI. Then MSHNet aggregates the data streams of
the same receiving antenna using the wireless signal transceiving charac-
teristics of Multiple Input Multiple Output (MIMO) and trains the aggre-
gated data streams respectively. At last, the voting mechanism is adopted
to select the best training result. The experimental results demonstrate
that MSHNet’s results on the public dataset have reached the state-of-
the-art and on the datasets of four environments collected by ourselves
the average recognition accuracy rate has reached 97.41%, satisfying the
daily activity monitoring of the elderly, especially those living alone.

Keywords: Human activity recognition - Wi-Fi - CSI - MIMO -
Voting mechanism

1 Introduction

Recently, with the aging of the population, it is a long-term obligation of society
and families to protect the health of the elderly, especially those who living
alone and independently [9]. The detection and recognition of falls [14] and
certain diseases, such as Parkinson’s disease [29], can be realized by monitoring
the daily activities of people. In order to realize human activity monitoring and
recognition, researchers mainly use APT, which is obtain information such as the
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current position, activity and action trajectory of the target through hardware
or software, to realize analysis and understanding of the current activity of the
target. There are mainly three kinds of APTs: computer vision, special sensors
and wireless sensing technology.

Computer vision technology [8,16,24] has high recognition accuracy and wide
application range, but its shortcomings are obvious, which is easily affected by
illumination and obstacles, invasion of user privacy, and existence of blind spot.
Special sensors technology [18,22,27] uses special sensors or wearable devices to
collect relevant human actions, thus realizing human activity perception. They
can realize fine-grained activity perception with high accuracy, but their instal-
lation and maintenance usually require high cost, therefore preventing this tech-
nique to be widely used.

Wireless sensing technology overcomes the shortcomings of the aforemen-
tioned technologies and has gained increasing attention in recent years. It fur-
ther consists of RF-based and Wi-Fi-based approaches. RF-based [11,35] requires
special equipment to be customized, and the cost is usually relatively high, so it
is not suitable for large-scale installation. In recent years, with the widespread
deployment of Wi-Fi hotspots [1], using Wi-Fi signals to implement some wire-
less sensing applications [4,5,10] has attracted great attention of researchers. By
utilizing the ubiquitous in-house Wi-Fi signals, freeing the personel from any on-
body equipment, as well as avoiding the effect of illumination and unnecessary
personal privacy invasion.

Initially, researchers realized indoor localization, gesture recognition and sim-
ple motion detection based on Received Signal Strength (RSS) in Wi-Fi signals.
Due to RSS contains too single information to recognize fine-grained human
activity, Channel State Information (CSI) has emerged to replace it. The raw CSI
is not sufficient to represent human activity, in practical applications, researchers
often use Machine Learning method to extract features from CSI manually, but
this method is easy to cause feature loss and requires experts in signal field. With
the development of Deep Learning, researchers use Deep Learning methods to
automatically extract features from CSI and achieve better results.

In Deep Learning, for time series data, such as human activity data, RNN and
its variants are often used for feature extraction. Recently, Convolution Neural
Network (CNN) has shown excellent performance in processing time series data.
Full convolution network (FCN) [31], residual network (ResNet) [31] and multi-
scale convolution network (MCNN) [7] have full advantages in the processing
of time series data. Inspired by these two network structures, this paper com-
bines RNN’s variant Bi-directional LSTM (BLSTM) with Temporal Convolution
Network (TCN) to improve feature extraction and recognition performance, and
proposed a Multi-Stream Hybrid Network (MSHNet) as shown in Fig. 1, which is
used to realize automatic feature extraction and autonomous learning in human
activity recognition perception based on CSI. MSHNet firstly extracts the ampli-
tude information from CSI, and then according to the Multi Input Multi Output
(MIMO) characteristics of Wi-Fi signals, it aggregates the data streams of dif-
ferent antennas and trains the aggregated data streams respectively. Finally,
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it adopts the voting mechanism to select the classification results. Experiments
demonstrate that MSHNet results are superior to the current several Deep Learn-
ing methods, and its accuracy rate in the experimental environment reaches
97.41%.

The contributions of this paper are summarized as follows:

— MSHNet is proposed to extract deep features of raw CSI obtained from Wi-Fi
signals, and we conducted a lot of experiments to verify MSHNet is the best
network structure.

— Based on the MIMO characteristics of Wi-Fi signals, this paper proposes a
voting mechanism to improve the accuracy of activity recognition of MSHNet.

— On the public dataset, we compared the results of MSHNet and other models.
The results demonstrate that MSHNet has best performance.

— To evaluate MSHNet’s performance in other environments, we collect datasets
from different environments and conduct training. The experimental results
demonstrate that MSHNet has good environmental adaptability.

The remaining of this paper is organized as follows: Sect.2 provides related
work and progress of Wi-Fi sensing. We will introduce MSHNet architecture and
analyze the function of each part in Sect. 3, followed by experimental results and
evaluation in Sect.4. We finally conclude the work in Sect. 5.

2 Related Work

Bahl et al. proposed—RADAR, an indoor localization system based on Wi-Fi
RSS, which is the first research work based on wireless Wi-Fi sensing and pro-
vides a new idea for wireless Wi-Fi contactless sensing [4]. Nuzzer realized simple
action detection based on RSS, but it can only identify whether there are actions
in the environment, and cannot distinguish different actions [26]. WiGest used
the influence of gestures on RSS to identify different gestures [3]. Due to multi-
path and fading effects in the process of signal propagation, RSS will be unstable
and contain a large amount of noise during collection, resulting in limited per-
formance, which is difficult to apply to fine-grained activity recognition.

However, in 2011, Halperin et al. released the CSI Tool [13], which greatly
facilitates the extraction of CSI based on physical layer from commercial off-
the-shelf Wi-Fi devices. CSI contains abundant and stable amplitude and phase
information [13], which enables to be applied in finer-grained human activity
monitoring and recognition systems, such as sleep monitoring [5], fall detec-
tion [14], gesture recognition [20], identity recognization [34], activity recogni-
tion [6,12,33], etc.

Affected by multipath effect, CSI contains environment and other noises, so
the raw CSI is not sufficient to represent different human activities. In practice,
the commonly used processing method is to manually extract relevant features
from the raw CSI to distinguish different human activities [30]. However, man-
ually extract features not only requires experts in relevant fields, but also easily
ignores some features, resulting in unsatisfactory results. With the development
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of Deep Learning, a large number of Deep Learning models have been applied
in Wi-Fi sensing fields to automatically extract features and improve recogni-
tion performance. For Sleep monitoring, CBMR is based on CSI and uses Deep
Learning model to realize single sleep monitoring, achieving better results [5].
In [36], authors combine CSI and Deep Learning model to realize number gesture
recognition. In human activity recognition, Long short-term memory (LSTM)
network was used to automatically extract features from CSI, which is superior
to the traditional Machine Learning method of manually extract features [33].
ABLSTM model was used to extract features from the raw CSI data for action
recognition in [6], achieving satisfactory performance.

To avoid hand-crafted feature extraction, we proposed a hybrid neural net-
work model—BLSTM-TCN by combining BLSTM and TCN with deep learning
knowledge. BLSTM simultaneously extracts features from the past and feature of
human activity data to improve the classification performance of different human
activities. TCN is a new type of time series feature extraction network and has
good performance in some applications. In order to realize high-performance
human activity recognition, we proposed MSHNet model, which first extract the
amplitude from CSI, and then according to the MIMO characteristics of Wi-Fi
signals, it aggregates and trains the data streams received by different antennas,
and adopts a voting mechanism for the training results. The experimental results
demonstrate that MSHNet we designed has very good performance not only on
public dataset, but also on our own datasets.

3 MSHNet Architecture

This section introduces the overall process of MSHNet, as shown in Fig.1. In
Sects. 3.1 and 3.2, we focus on Wi-Fi signal characteristics and voting mechanism,
In Sect. 3.3 network model construction and technologies are introduced.

3.1 Channel State Information

Channel State Information (CSI) is used to estimate channel attributes of com-
munication links in orthogonal frequency division multiplexing (OFDM) technol-
ogy [32]. Assuming physical space (including environmental objects and people)
is described as a wireless channel, refraction, diffraction and scattering phenom-
ena will occur when signals propagate in the wireless channel. Therefore, the
received signals are the superposition of multipath signals. CSI data integrates
the time delay, amplitude attenuation and phase shift effects of all signals prop-
agating in wireless channels. In the frequency domain, a wireless channel having
a plurality of transmit and receive antennas is described as y = Hz + 6, where
y, x, § and H represent the reception vector, transmission vector, noise vector
and channel matrix respectively. Channel matrix is the estimation of CSI.

In OFDM, CSI is presented in the form of subcarriers, and CSI of a single sub-
carrier can be described by the following mathematical expression h = |h|e/sne,
where |h| represent amplitude and « represents phase. CSI provides a more
fine-grained description of wireless channels.
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Fig. 1. The structure of MSHNet.

3.2 Multiple Input Multiple Output and Voting Mechanism

Multiple Input Multiple Output (MIMO) represents multiple transmit antennas
and multiple receive antennas in a wireless signal transceiving system. MIMO
uses multiple antennas to improve signal data throughput and transmission dis-
tance without increasing bandwidth and total transmission power. The CSI Tool
used in this paper is a MIMO wireless signal under 802.11n standard. Figure 2
is a 2 x 3 MIMO system model. Assuming that there are N; transmit antennas

Fig. 2. MIMO system model.
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and N, receive antennas in the MIMO system, all data streams (i.e., channel
matrix H) in the wireless channel can be expressed as a matrix of Ny x Nj.:

Hyy -+ Hyn,
H= S : (1)

Hpy, - Hn, N,

Under 802.11n standard, there are n CSI subcarriers in each data stream. All
CSI subcarriers in each data stream can be expressed as

HNtNT _ {h]\/}]\fﬁl7 I’LNtN"V’z, . ,hNtN,,.,n} (2)

refraction, diffraction and scattering phenomena will occur when signals propa-
gate in wireless channel, resulting in multipath effect. Different data streams go
through different paths, so that receive antennas receive different CSI [2,23].

The transmission and reception of Wi-Fi signals are carried out in MIMO
mode, so multiple antennas receive multiple data streams. The amplitude infor-
mation of the data streams corresponding to the three antennas is shown in
Fig. 3. From the figure, it can be seen that the amplitude information of dif-
ferent data streams are all affected by human activity, moreover, owing to the
subcarriers in the data streams tend to fade independently in OFDM, it provides
an opportunity to study different data streams separately, and provides a basis
for the voting mechanism to be used for the results of different antenna training.
All the received data streams are treated as a whole in [6,33]. In this paper, the
data received by different antennas are aggregated, and then the aggregated data
streams are studied separately. MSHNet uses BLSTM-TCN model to train each
data stream separately, and then uses voting mechanism to select the training
results of all data streams. The experimental results reach the expectation, and
the method provides a new idea for subsequent Wi-Fi signals research.

3.3 Network Model Construction

Bi-directional Long Short-Term Memory. Traditional Recurrent Neural
Network (RNN) processing long sequence data will cause gradient vanishing
and explosion. To solve those problems, Hochreiter and Schmidhuber proposed
a variant of RNN called long short-term memory network (LSTM) in [15]. LSTM
uses some gates with memory cells to solve the phenomena of gradient vanishing
and explosion. LSTM introduces a connection of cell states, which are used to
store information that needs to be memorized. Therefore, LSTM can handle the
long-term information dependence in the sequence well. The internal structure
of LSTM is shown in Fig. 4.

At time ¢, LSTM reads data C;_1, hy—1, and X;_1, then updates and outputs
information through forget gate f;, input gate i;, and output gate Oy in the cell.
fi decides which information to discard from the cell state. i; has two functions,
one is to find the cell state that needs updating, and the other is to update the
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Fig. 3. Amplitude information of different antenna subcarriers. These three diagrams
show that the amplitude information contained in the data stream received by different
antennas is different, and each antenna has its own characteristics, which provides a
basis for the voting mechanism to be used for the data stream training results of
different antennas.
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Fig. 4. The structure of LSTM.
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information into the cell state. The internal mathematical calculation of LSTM
can be described as

Ji=0Wy - [hy—1, Xe1] + by),

iy = o (Wi - [he—1, Xp—1] + b;),

C; = tanh(W, - [hy—1, Xy—1] + be),
Cy = o(fr % Cr1 + iy % Cy),
Oy = (W * [hi—1, Xyi—1] + Do),
he = Oy x tanh(Cy).

Where Wy, Wi, W., W, and by, b;, b, b, respectively represent correspond-
ing weight and bias. o(-) and tanh(-) represent sigmoid and tanh activation
functions, respectively. h; indicates the hidden state of cells. C; represents the
updated cell state.

Traditional RNN and its variants can only remember the past information
when extracting data features. However, for sequence data, the feature informa-
tion is also of great significance to the current moment. Therefore, Bi-directional
recurrent neural network (Bi-RNN) is proposed [25], which can extract not only
the past information but also the feature information, Bi-RNN can be defined

as follows: - -
h,t = ht @ ht (4)

Temporal Convolution Network. Temporal Convolution Network (TCN) is
used to solve the classification of time series data. The validity of TCN in time
series data classification is fully proved in [19]. In [19], let X; € R0 be the input
feature vector of length F for time step ¢ (0 < ¢t < T). Note that the length
of time T is fixed in this paper. The true label for each time series is given by
ye € {1,--- ,C}, where C is the number of classes.

Consider L convolutional layers. We apply a set of 1D filters on each of these
layers that capture how the input signals evolve over the course of an action.
According to [19], the filters for each layer are parameterized by tensor W' €
RExdxFi—1 and biases b' € R, where [ € {1,---, L} is the layer index and d is
the filter duration. For the I-th layer, the i-th component of the (unnormalized)
activation E! € R is a function of the incoming (normalized) activation matrix
Ef_l € RFi-1xT from the previous layer

d
Bl = Relu(bi' + Y (W}, | E' o) (5)
t'=1

for each time t where Relu(-) is a Rectified Linear Unit.

When extracting data features, LSTM extracts potential information in
chronological order, while TCN extracts potential information layer by layer.
Considering the difference between the two, we designed a hybrid network—
BLSTM-TCN as shown in Fig.5. On the left side of Fig.5, we use TCN to
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extract data features, each 1D convolution layer is followed by Batch Normal-
ization (BN) [17], Activation and Dropout layer [28]. BN layer prevents data dis-
tribution from changing during model training and accelerates the convergence
and training speed [17], and Dropout layer prevents model from overfitting [28].
To make full use of the low-dimensional information and improve the model per-
formance, BLSTM-TCN refers to the residual mechanism in [31] and concats the
features extracted from the first TCN block with the features extracted from the
second and third TCN blocks respectively. At the end of the left is the global
average pooling, which regularizes the structure of the entire network to prevent
overfitting, and reduces the data dimension and parameter amount [21]. On the
right side of Fig. 5 is a Bi-directional Recurrent Neural Network based on LSTM,
the purpose of which is to extract the past and future information of data simul-
taneously. The BLSTM-TCN model finally concats the features extracted from
the left and right sides.

In the model training part of Fig. 1, the aggregated data streams are respec-
tively input into BLSTM-TCN for training. In order to obtain best performance,
all data streams are respectively concat with training results of different data
streams after being trained by BLSTM-TCN, and then input into Softmax layer
for classification. Finally, voting mechanism is used to select the results, if the
results are different, the classification results of the data streams with the highest
training accuracy are selected as the result.

4 Experiment and Evaluation

In this section, we experimentally confirm the effectiveness of the proposed MSH-
Net using real human activity data. Firstly, the dataset we used is described in
Sect.4.1. The evaluation metrics in Sect.4.2. Finally, the experimental results
are presented and discussed in detail in Sect. 4.3.

4.1 Dataset Description

Four datasets are used in this paper, one is public dataset, and the others are
the datasets of different environments that we collected.

The public dataset [33] was collected in an indoor office area where the trans-
mitter (Tx) and receiver (Rx) are 3 m apart in line-of-sight (LOS) condition. The
Rx is equipped with a commercial Intel 5300 NIC. During data collection, each
subject starts moving and doing an activity within a period of 20s in LOS con-
dition, while in the beginning and at the end of the time period the subject
remains stationary. The whole data collection process is recorded by the camera
to label the data. The dataset includes 6 persons, 6 activities, denoted as “Lie
down, Fall, Walk, Run, Sit down, Stand up” and 20 trials for each one.

To comprehensively evaluate the impact of environment on MSHNet per-
formance, we collected our own datasets. We considered four environments,
i.e., Data Collection Room (DCRoom), Conference Room (CRoom), Exhibition
Room (ERoom) and Psychology Consultation Room (PCRoom). The layout of
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Fig. 5. The structure of BLSTM-TCN.

the four environments is shown in Fig. 6. We use the same equipment in the four
environments. The TP_LINK AC1750 wireless router as the Tx, and a desktop
computer equipped with an Intel 5300 802.11n Wi-Fi NIC as the Rx. In the
process of data collection, each subject has been doing an action repeatedly. We
take 5s as a segment to collect data. To make the data more diversified, we col-
lected 10 subjects, each with six common activities, including “noAction, Walk,
Run, Sit down, Stand up and Squat”. Each action was repeated 10 times. For
the case of noAction, we divide it into two kinds of situations, one is that there is
someone in the environment and the other is no one. To improve the robustness
of MSHNet, we arranged non-subjects to move freely on the non-LOS (outside
the red circle in Fig. 6) during data collection.

The sampling rate of all datasets is 1kHz and Rx has three antennas, each
receiving 30 subcarriers, so the amplitude extracted from the raw CSI is 90
dimensions. Note that an Intel 5300 NIC can only be connected with three
antennas, if multiple 5300 NICs are used to expand more antennas, it is difficult
to achieve synchronous communication between different NICs, therefore, in this
paper, we only use one 5300 NIC (i.e. only three receiving antennas). In addition,
we use a time sliding window size of T' = 800 ms to segment data in this paper.
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4.2 Evaluation Metrics

57

To evaluate MSHNet performance, we use the following four metrics. The first is
the most commonly used Accuracy, and others are Precision, Recall and F1. Take
current category as a True or Positive (TP) example and non-current category
as a False or Negative (FN) example. TP refers to the number of samples that
current category is correctly judged as current category; FN refers to the number
of samples that current category is judged as non-current category; FP refers to
the number of sample that Non-current category is incorrectly judged as current
category; and TN refers to the number of samples that non-current category is
correctly judged as non-current category. The confusion matrix of TP, FN, FP

and TN is shown in Table 1.

Table 1. The confusion matrix of TP, FN, FP and TN.

Predict label

Positive | Negative

True label | True

TP FN

False

FP TN

Accuracy indicates the proportion of both current category and non-current
category that are correctly predicted, it can defined as

TP+TN

Accuracy =

TP+FP+FN+TN’

(6)



58 F. Wang et al.

Precision is defined as the ratio of the number of correctly predicted as current
category to the number of predicted as both current category and non-current
category, which is computed as

TP
Precision = ————. 7
TP+ FP ™)
Recall refers to the proportion that current category is truly predicted when
the true label is current category, which is computed as
TP
Recall = —————. 8
TP+ FN )

To avoid extreme situations in which the precision or recall is 1 and the other
one is 0, the harmonic average of precision and recall, F1, is used to evaluate the
performance of MSHNet, which is computed as

2 X Precision x Recall
Fl= . 9)

Precision + Recall

The above formulas can solve a two-class problem, but a multi-class classifi-
cation is required in this paper. Since the number of each huamn activity in our
dataset is relatively balanced, the average F1 value can be defined as

F1 (10)

2 N Z Precision;, x Recally,

Tk Niotal Precisiony, + Recally,’

where k is class index of human activity, IV is the number of samples of k-th
class, and Nyoq; is the total number of dataset. Precision; and Recally are the
Precision and Recall of human activity of k-th class, respectively.

4.3 Experimental Results

Comparison of Results of Different Structural Models. To choose the
best model structure, this paper has done a series of comparative experiments.
Comprises the following five experiments:

— Training all data streams by using BLSTM-TCN model (All streams);

— Without voting mechanism, i.e. the training results of different data streams
are concated and then classified;

— The training results of all data streams are not concated on the training
results of different data streams (Without all streams);

— Without Dropout;

— The low-dimensional features extracted from the first TCN block are not
concated (Without residual).

It can be seen from the Table2 that MSHNet has the best results on the four
metrics of Accuracy, Precision, Recall and F1, so the paper finally determines
MSHNet as the best model structure, and it also shows that adding Dropout,
adding low-dimensional features and voting mechanism can improve the gener-
alization performance and classification accuracy of the model.
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Table 2. Comparison of results of different structural models.

Precision | Accuracy | Recall | F1
All streams 0.9581 0.956 0.9606 |0.9593
Without voting mechanism | 0.9567 0.9508 0.9549 | 0.9558
Without all streams 0.9402 0.9275 0.9391 |0.9396
Without Dropout 0.9694 0.9663 0.9706 |0.97
Without residual 0.9627 0.9585 0.9641 | 0.9634
MSHNet 0.9762 0.9741 |0.9773|0.9767

Comparison of Different Model Results on Public Dataset. The confu-
sion matrix can represent the classification performance of the model for each
category. This paper takes Long short-term memory [33] and ABLSTM [6] as
benchmark experiments. Table 3, Table 4, and Table 5 are respectively the confu-
sion matrices of Long short-term memory, ABLSTM and MSHNet on the public
dataset.

From the confusion matrices, MSHNet not only performs well in the overall
classification performance, but also achieves the best performance in each cate-
gory, which mainly due to the fact that BLSTM and TCN show more powerful
advantages in feature extraction of sequence data after mixing, and the vot-
ing mechanism we designed further improves the performance of MSHNet. The
accuracy of Sit down in MSHNet’s confusion matrix is slightly lower than other
actions, because Sit down and Stand up are very similar in action characteristics.

Random Forest and Hidden Markov Model are mentioned in [33], both of
which extract features manually and then use Machine Learning for training
and classification. Table 3, Table4, and Table5 all use Deep Learning method
for automatic feature extraction. The results are obvious, Automatic feature
extraction by Deep Learning method can not only reduce labor cost but also
improve classification performance.

Table 3. Confusion matrix of long short-term memory’s classification results [33].

Predict
Lie down | Fall | Walk | Run | Sit down | Stand up
Actual | Lie down | 0.95 0.01 |0.01 |0.01 |0.00 0.02
Fall 0.01 0.94/0.05 |0.00 |0.00 0.00
Walk 0.00 0.01 |0.93 0.04 |0.01 0.01
Run 0.00 0.00 |0.02 | 0.97 0.01 0.00
Sit down | 0.03 0.01 |0.05 |0.02 |0.81 0.07
Stand up | 0.01 0.00 [0.03 |0.05 |0.07 0.83
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Table 4. Confusion matrix of ABLSTM’s classification results [6].

Predict
Lie down | Fall | Walk | Run | Sit down | Stand up
Actual | Lie down | 0.96 0.00 | 0.01 |0.00 |0.02 0.01
Fall 0.00 0.99/0.00 |0.01 | 0.00 0.00
Walk 0.00 0.00 | 0.98 | 0.02 |0.00 0.00
Run 0.00 0.00 |0.02 |0.980.00 0.00
Sit down |0.01 0.01 |{0.01 |0.00 |0.95 0.02
Stand up | 0.01 0.00 | 0.00 |0.00 |0.01 0.98

Table 5. Confusion matrix of MSHNet’s classification results.

Predict
Lie down | Fall | Walk | Run | Sit down | Stand up
Actual | Lie down | 1.00 0.00 | 0.00 |0.00 |0.00 0.00
Fall 0.00 1.00|0.00 |0.00 |0.00 0.00
Walk 0.00 0.00 |1.00 | 0.00 |0.00 0.00
Run 0.00 0.00 |0.00 |1.000.00 0.00
Sit down | 0.00 0.00 |0.00 |0.00 |0.97 0.03
Stand up | 0.00 0.00 |0.00 |0.00 |0.00 1.00

Comparison of MSHNet Results in Different Environments. To ver-
ify the adaptability of MSHNet in different environments, this paper collects
datasets in four environments: DCRoom, CRoom, ERoom and PCRoom, and
trains with MSHNet. The four evaluation metrics (Accuracy, Precision, Recall,
F1) of different environments are shown in Fig. 7 and Table 6 shows the accuracy
and overall classification performance of each action in the four environments.
As can be seen from Fig.7 and Table 6, DCRoom has the best results, because
DCRoom is an ideal experimental environment with the least obstacles and thus
has the least influence on the action characteristics. There are relatively few non-
experimental related items in CRoom and ERoom. The PCRoom experimental
environment is the most complex, and there are many non-experimental related
objects, so the results are relatively slightly worse. However, on the whole, static
objects in different environments have little influence on the results, and the
activities of non-subjects on non-LOS also have little influence.

The experimental results in different environments show that MSHNet has
good adaptability in different environments, and has good performance for indi-
vidual activity monitoring.
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Fig. 7. Comparison of MSHNet results in different environments.

Table 6. Accuracy of different activities in different environments.

noAction | Run | Sit down | Squat | Stand up | Walk | Overall
DCRoom | 1.00 0.9722 | 1.00 1.00 |0.9375 0.9538 | 0.9772
CRoom | 1.00 0.9444 | 1.00 1.00 |0.9125 0.9538 | 0.9684
ERoom |1.00 0.9583 | 1.00 1.00 |0.9125 0.9538 | 0.9702
PCRoom |1.00 0.9305 | 0.9848 1.00 |0.925 0.9583 | 0.9664

5 Conclusion

In this paper, an MSHNet deep neural network model is proposed for the daily
health monitoring of elderly people who living alone and independently. The
model not only achieves the best performance on public dataset, but also achieves
good results on datasets collected in different environments by ourselves. How-
ever, MSHNet is only for single person, so in future work, we will mainly study
human activity monitoring in multi-person situation. In addition, the paper does
not use the phase information of CSI, so we will study the relationship between
phase and human activity in the future. For multi-environment situations, we
hope that the model trained in one environment can adapt to other environments
quickly, which is also the focus of our future research.
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