
DEVICE-FREE WIFI SENSING FOR HUMAN

ACTIVITY RECOGNITION

by
Zhenguo Shi

Dissertation submitted in fulfilment of the requirements
for the degree of

DOCTOR OF PHILOSOPHY

under the supervision of

A/Prof. J. Andrew Zhang
A/Prof. Richard Yida Xu

School of Electrical and Data Engineering
University of Technology Sydney

Sydney, Australia

July 2021





ABSTRACT

Human activity recognition (HAR) using WiFi signals (WiFi-based HAR)

has drawn considerable interest from the research community. In contrast

to traditional device-based sensing techniques, WiFi-based HAR possesses

several advantages, including convenience, wide availability, and privacy

protection, making it an attractive sensing solution for a wide range of

applications in smart home, health care, and intelligent monitoring.

Recently, applying deep learning (DL) to WiFi-based HAR has received

strong research interest. Assisted by signal processing techniques, DL-based

HAR methods are able to automatically extract deep features from input

signals, contributing to successful recognitions. Despite its effectiveness in

improving recognition performance, DL-based HAR methods suffer from

several inherent drawbacks. First, feature extraction is a challenging task

that always bottlenecks the recognition performance. Second, DL-based

HAR requires a large number of training examples from the testing/targeted

environment or/and previously seen environments (PSEs) to train the cor-

responding DL architectures. When the number of required samples is

not sufficient, the sensing performance will drop dramatically. Third, the

trained model in one environment cannot be directly applied to another

environment without additional effort.

My PhD thesis aims to provide novel solutions to the above WiFi-

based HAR issues. Specifically, to extract effective features, we propose two

advanced methods together with leveraging the property of DL architectures

to enhance the quality of input signals of DL networks and extracted repre-





sentative features. For a reliable recognition with limited training samples,

we propose a novel HAR scheme by developing innovative signal processing

methods and exploring the characteristics of one-shot learning to reduce the

number of required training samples. The proposed HAR scheme is able to

accomplish successful recognitions when both the number of PSEs and the

amount of samples from the testing environment are quite limited (e.g., one

PSE and at the minimum one sample for each activity from the testing

environment). To achieve environmental robustness, we propose two novel

signal processing algorithms and leverage the features of the matching net-

work. The proposed models are trained once and can be directly applied to

various new/testing environments for reliable recognitions without requiring

an additional retraining process.
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Chapter 1

Introduction

This chapter provides an overview of the thesis. The background information about

human activity recognition is introduced in Section 1.1, including advanced human

activity recognition technologies together with their advantages and disadvantages.

Section 1.2 describes the motivations and main contributions of the thesis. Finally,

the organization of the thesis is provided in Section 1.3.

1.1 Background

Over the past decades, human activity recognition (HAR) has embraced tremendous

momentum with the recent advancement of sensing technologies [1]. HAR plays an

influential role in humanity, which has been widely applied to assist people’s daily

life, covering a wide range of compelling applications such as elder care, smart-home

appliances, safety surveillance [2]. The main principle of HAR is to recognize the

undergoing activities by monitoring and analyzing a person’s behaviors. Many tasks

need to be accomplished for a successful HAR, including environment and activity

monitoring (i.e., data collection), data processing and pattern classification [3]. In

this regards, for a successful HAR, it is critical to:

• select appropriate sensors/devices to monitor and collect the information about

a person’s activities together with the corresponding changes of the environ-

ment;

1



2 Chapter 1. Introduction

• design behavior models that enable agents (e.g., software systems) to perform

manipulation;

• process and manage the collected data through fusion or aggregation for ex-

tracting high-level and informative features;

• develop and propose desirable approaches to infer behaviors using the acquired

data from deployed sensors;

• determine the conducted behaviors based on pattern classification.

To facilitate HAR, numerous attempts have been developed over the recent years,

mainly including wearable device-based HAR, video-based HAR [4], wireless signal-

based HAR [5]. For wearable device-based HAR systems, the target individual is

required to wear special sensors or devices to acquire data that is influenced by

human behaviors. For the stage of feature extraction, the data is either processed

by the wearable device locally or sent to the central server. This type of HAR

is capable of recognizing human behaviors reliably utilizing the data collected by

special devices. However, wearable sensor-based sensing methods need the person

involved to wear or be equipped with some devices for data collection, which limits

its practical applications. Moreover, these sensor-based sensing solutions need extra

devices, resulting in a surge in the cost of deployment and maintenance [6].

Apart from the wearable device-based HAR, widely deployed cameras make the

video-based HAR a feasible solution. Cameras have been widely deployed almost

everywhere for providing people with a safe and convenient life. The installed

cameras can collect a lot of videos and images, which are critical features for

facilitating a sensing task [7]. Although a fair HAR can be performed with the

information collected by cameras, this type of HAR is vulnerable to light conditions

and restricted to line-of-sight (LOS) scenarios. Another drawback of video-based

sensing techniques is that they would expose users’ face information, raising privacy

concerns. Given the above, there is an urgent demand for developing a new sensing

technology with features of low-cost, privacy safe, and convenience [8].

In recent years, wireless networks have gained rapid development and been

ubiquitously deployed to meet the demand for wireless data traffic. This stimulated
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a surge growth for wireless signals, bringing new chances for reliable and non-

intrusive wireless detection techniques, including estimation, detection, tracking,

and recognition of human behaviors [9]. The fundamental insight of wireless sensing

is that the wireless signals would be affected by obstacles when traveling from the

transmitter to the receiver. This may induce various changes on its propagation

links, including diffraction, attenuation, multipath effects, reflection, and refraction

[10]. In other words, wireless signals would carry the environmental variations in

the transmission space. In this regards, when a person performs activities, it leads

to variations on the wireless signal propagation, and different activities may have

their particular influences. Therefore, it is possible to accomplish the sensing task

by utilizing the unique impact of human behaviors on wireless signal propagation.

The wireless sensing can offer many appealing advantages, compared to the con-

ventional video-based and sensor-based sensing solutions [11,12]. First, the sensing

approach using wireless signal does not require extra communication infrastructures.

It can be compatible with the existing communication architectures, significantly

saving the deployment cost and overhead. Second, the wireless sensing technique

is a type of non-intrusive and privacy-preservation detection solution, as it does

not expose users’ private data such as the face information of a person, which is

a common concern for video-based sensing methods. Third, it is convenient to

deploy the wireless sensing methods which do not need the target individual to wear

additional devices, which however is necessary for sensor-based sensing algorithms.

Thanks to the promising features of the wireless sensing technique, it has been

commonly applied to a wide range of applications, including activity recognition, ac-

tion detection, motion estimation, motion tracking, and indoor localization [13,14].

Among these applications, employing wireless signals for human activity recognition

(wireless signal-based HAR) has gained considerable momentum and has been used

in a variety of fields, such as sport, health care, and monitoring systems [15].

In the context of wireless signal-based HAR, various wireless signals have been

investigated for detecting a person’s behaviors by leveraging unique properties of

those signals, such as millimeter wave (mmWave) signals [16] and WiFi signals [17].

Among these signals, WiFi signals, one of the most pervasive wireless signals, have
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received paramount interest as a promising source for device-free HAR using wireless

signals [18,19]. In such a system, WiFi-based devices are placed at different locations

in the targeted environment [20]. Human activities would modulate various changes

on the propagation of WiFi information, which can be collected and analyzed to de-

tect different behaviors [21]. To collect and quantify the variations of received WiFi

signals, some properties of the physical layer over wireless links can be measured

and utilized, including received signal strength indicator (RSSI) and channel state

information (CSI) [22, 23]. These properties are readily available using modified

software and commercial network interface cards such as Atheors 9580 network

interface card (NIC) [24] and Intel 5300 NIC [25].

For RSSI-based HAR, the critical task is to detect human behaviors by utilizing

the changes on WiFi signals during the propagation, e.g., attenuation. Since it is

easy to obtain RSSI in any commercial WiFi device without the requirement of

extra devices or hardware, RSSI-based HAR has drawn tremendous attention from

both the academic and industrial communities [26]. It is noteworthy that RSSI can

only provide coarse-grained information of channel characteristics, such as the value

of single-path loss for each packet, dramatically limiting its sensing capabilities.

Consequently, RSSI-based HAR can only perform HAR for limited kinds of human

behaviors, restricting its applicability in practice. Moreover, it is difficult for RSSI-

based HAR to guarantee a statable sensing performance, especially in complex

environments [27]. Therefore, it is necessary to utilize more fine-grained information

for HAR, so as to achieve better sensing performance. Given that purpose, CSI

has been extensively used for HAR, as it can reflect more complex changes of

wireless links such as fading, power decay based on distance and scattering [28,29].

Consequently, CSI is able to provide more fine-grained features, e.g., phase or

amplitude information, which is essential for accomplishing reliable HAR. Compared

to RSSI-based HAR, CSI-based HAR is able to offer a reliable recognition for more

types of behaviors and to work well even in complex environments [30,31]. Despite

the appealing sensing capability, some challenging issues in CSI-based HAR need to

be addressed. For instance, how to select and design proper features is critical for

CSI-based HAR, which directly influences the sensing performance [32]. To deal with
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this concern, many works have made attempts to develop various signal processing

techniques, while feature extraction is still an open research problem.

To address the above problem, recent advances in CSI-based HAR have leveraged

the properties of various deep learning (DL) networks [33, 34]. With DL networks

and advanced signal processing techniques, representative features can be effectively

learned from the input signals of DL architectures. Then the extracted information

is processed and classified into different domains or types, accomplishing a successful

activity recognition [35]. Many DL architectures have proven their effectiveness for

CSI-based HAR, such as the sparse autoencoder (SAE), recurrent neural network-

ing (RNN), convolutional neural network (CNN), and one-shot learning [36, 37].

Although DL-based HAR schemes can achieve desirable sensing results, they suffer

from some challenges that severely limit their performance. First, DL-based HAR

solutions are relying highly on the extracted features which are directly influenced

by the selection of input signals. Designing proper signal input for DL networks

always requires an elaborate process and is dependent on designers’ experiences [38].

Second, most DL-based HAR approaches would undergo a dramatic performance

degradation with a limited number of training/labeled samples. In other words, the

recognition model can be trained well only with a sufficient number of training

data from the required environments, e.g., previously seen environments or the

testing/new environment. However, acquiring an adequate number of labeled data

is not always accessible in practical scenarios [39]. Third, another drawback of DL-

based HAR methods is that they are heavily specific to environments. A sensing

model trained in one environment cannot work well if directly applied it to a new

environment, resulting in a notable performance drop. Additional efforts or training

processes are required to re-train the model, severely restricting the applicabilities

of DL-based methods in practice [40].

1.2 Motivations and Contributions

Given these significant and challenging issues, in this thesis, we design and propose

various DL-based HAR schemes/methods by leveraging the features of DL networks
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and advanced signal processing algorithms. The main work of the thesis concentrates

on three critical issues in DL-based HAR using CSI. Specifically, we first investigate

the sensing accuracy of DL-based HAR with sufficient training samples from the

required environments, e.g., previously seen environments and the target/testing

environment. For that, we design two novel schemes to facilitate high-performance

recognitions, by leveraging the properties of advanced signal processing methods

and DL architectures. Second, we study the DL-based HAR in a scenario with a

limited number of training data from the required environments. Towards this goal,

we develop an innovative framework/scheme with the help of one-shot learning and

signal processing methods. Third, we focus on the environment-independent HAR

to explore the environmental robustness. To do that, we propose two novel DL-

based HAR schemes to mitigate the impact of environment-dependent but activity-

unrelated data; meanwhile, we enhance the quality of behavior-related information,

thereby achieving environmental robustness. We summarize the main contributions

of the thesis as follows.

• We design two novel HAR schemes leveraging the features of DL networks

and advanced signal processing algorithms. To be specific, we first propose

a human activity recognition scheme using Deep Learning Networks with

enhanced Channel State information (DLN-eCSI). We develop a CSI feature

enhancement scheme (CFES), including two modules of background reduction

and correlation feature enhancement, for preprocessing the data input to the

DL architectures. To further improve the sensing performance, we develop

a novel scheme for CSI-based HAR using activity filter-based deep learning

network (HAR-AF-DLN) with enhanced correlation features. We first develop

a novel CSI compensation and enhancement (CCE) method to compensate

for the timing offset between the WiFi transmitter and receiver, enhance

activity-related signals and reduce input dimension to DL networks. Then,

we design a novel activity filter (AF) to differentiate similar activities (e.g.,

standing and lying) based on the enhanced CSI correlation features obtained

from CCE. Therefore, the proposed HAR-AF-DLN scheme gains the capability

of detecting similar activities with reliable sensing results. (Chapter 3)
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• We study the DL-based HAR when the number of training samples from the

required environment is limited. To achieve that, we develop a novel scheme

using Matching Network with enhanced channel state information (MatNet-

eCSI) to facilitate one-shot learning HAR. We propose a CSI Correlation

Feature Extraction (CCFE) method to improve and condense the activity-

related information in input signals. It can also significantly reduce the com-

putational complexity by decreasing the dimensions of input signals. We

employ one-shot learning to learn and extract distinguishable features from

the input signals. We also propose a novel training strategy that effectively

utilizes the data set from the previously seen environments, and bridges an

effective connection between features from previously seen environments and

from the target environment. In the least, the strategy can effectively realize

activity recognition using only one sample for each activity from the testing

environment and the data set from one previously seen environment. The

extensive experimental results demonstrate the effectiveness of the developed

Mat-Net-eCSI, in both sensing accuracy and training complexity. (Chapter 4)

• We investigate the environmental robustness of DL-based HAR and propose

two innovative schemes. We first propose an environment-robust CSI-based

HAR, drawing support from a matching network and enhanced features (HAR-

MN-EF). Under the proposed HAR-MN-EF scheme, an architecture trained

with a limited number of previously seen environments (i.e., source environ-

ments) can be used to directly identify different activities in a new/testing

environment, without the requirement of a re-training process. To further

improve the environmental robustness, we propose an activity-related fea-

ture extraction and enhancement method (AFEE) and Matching Network

(AFEE-MatNet). The proposed method facilitates the “one-fits-all” recog-

nition scheme, meaning that the trained model can be directly applied in

new/unseen environments without any re-training. We design the AFEE

method to enhance CSI quality by eliminating the impact of noise. Specifically,

the approach mitigates environmental noises unrelated to activity while better

compressing and preserving the behaviour-related information. Moreover, the



8 Chapter 1. Introduction

Figure 1.1: Thesis organization

feature signals generated by AFEE are anticipated to have a decreased size,

which in turn significantly shortens the training time. For effective feature

extraction, we propose to use the matching network to learn transferable fea-

tures shared among source environments. Further, we introduce a prediction

checking and correction scheme to rectify some classification errors that do

not abide by the state transition of human behaviours. (Chapter 5)

1.3 Thesis Organization

We structure the remainder of the thesis as follow, which is also shown in Fig. 1.1.

In Chapter 2, we review and study a significant number of previous literature

and on-going work to show the up-to-date development of HAR technology. We

first present the evolution of HAR including three conventional HAR approaches in

Section 2.1. Then, we introduce the development of device-free HAR adopting

wireless signals as well as their corresponding features in Section 2.2. Section

2.3 discusses the recent advances in DL-based HAR methods, and the associated
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challenges are stated in Section 2.4.

In Chapter 3, we investigate DL-based HAR in a scenario with sufficient required

training samples. To achieve accurate sensing results, we propose two novel HAR

schemes by leveraging the properties of signal processing methods and DL networks.

We first review the cutting-edge work in this area in Section 3.1. The system model

of CSI-based HAR and problem formulation are described in Section 3.2. In Section

3.3, we provide the detailed information of our proposed HAR scheme drawing

support from DL architectures and enhanced CSI measures. To further improve the

sensing accuracy, we propose a second HAR scheme to mitigate the effect of time

offset and improve the CSI quality in Section 3.4. The proposed scheme is able to

effectively differentiate activities, especially for similar activities. The experiment

and evaluation of the designed HAR schemes are stated in Section 3.5. The extensive

results demonstrate that the proposed schemes significantly outperform the other

relevant HAR works, with notable higher accuracies and reduced complexity. The

conclusion of this chapter is summarized in Section 3.6.

In Chapter 4, we investigate DL-based HAR in a scenario with a limited number

of required training samples. The up-to-date relevant works in this field are discussed

in Section 4.1. Section 4.2 provides an overview of the proposed scheme, including

three key stages. In Section 4.3, we present the designed data preprocessing method

to improve the CSI quality by enhancing the activity-related features and mitigating

activity-unrelated data. Section 4.4 demonstrates the process of recognizing activi-

ties using the developed HAR scheme. The performance evaluation of the presented

scheme is provided in Section 4.5, demonstrating that the proposed scheme is greatly

superior to the other related HAR methods when the number of required training

samples is limited. Section 4.6 concludes the main contributions of this chapter.

In Chapter 5, we investigate the environmental robustness of DL-based HAR.

For that purpose, we propose two innovative HAR schemes in which the HAR

models trained with previously seen environments (i.e., source environments) can

be directly applied to the testing environment without extra efforts. In Section

5.1, we introduce state-of-the-art advances of environmental-independent DL-based

HAR methods. Then, we state details of the first proposed HAR framework in
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Section 5.2, including stages of data collection, feature extraction and behavior

classification. To further improve the detection performance, we design a second

scheme in Section 5.3, which is able to extract more transferable and generalized

features from source environments utilizing the properties of proposed advanced

signal processing methods and DL architectures. We conduct numerous experiments

to evaluate the performance of developed schemes in Section 5.4, before summarizing

the conclusion of this chapter in Section 5.5.



Chapter 2

Literature Review

This chapter reviews and studies a comprehensive number of previous literature and

ongoing work to demonstrate the up-to-date development of HAR. To be specific,

Section 2.1 provides an overview on the evolution of HAR. Section 2.2 presents the

current discussions on HAR schemes utilizing the characteristics of wireless signals.

Section 2.3 describes state-of-the-art development of using deep learning (DL) for

channel state information-based HAR. Section 2.4 discusses the associated challenges

of CSI-based HAR using deep learning.

2.1 Evolution of Human Activity Recognition

Over the past decades, sensing technology has experienced very extensive develop-

ment and has demonstrated its great potential for HAR, covering a wide range of

promising applications, e.g., elder care, safety surveillance, smart home appliances

[41–43]. To effectively facilitate HAR, considerable research has been dedicated to

detect and identify human activities successfully. As a result, numerous studies

for HAR technology have been conducted, mainly concentrating on wearable-device

based HAR [44,45], vision based HAR [46,47], and acoustic based HAR [48].

2.1.1 Wearable-device based HAR

The critical insight of wearable-device based HAR is that the activity data is first

collected by the wearable devices/sensors equipped with the target (e.g., smart-

11
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watches or smart-glasses). Then, the acquired data is processed in the local sensors

or transmitted to the central server for feature extraction. As a result, the key

features can be extracted, which will be used to detect different behaviors. To

effectively facilitate the wearable-device based HAR, plenty of effort has been made

from various perspectives. To name a few, a solution proposed in [49] was targeting

to realize recognition with the signals acquired by a smartwatch. The basic idea

is that human activities or gestures would induce changes of motion energy in

the accelerometer and gyroscope of the smartwatch. By studying and classifying

these unique variations, the proposed scheme was capable of achieving fair sensing

results. The work in [50] proposed a framework to enable the interactions between

users’ actions and a computing device. By attaching a radio-frequency identifica-

tion (RFID) tag on the target’s fingers, the movements or gestures signals can be

interpreted to the computing devices for feature extraction and classification. For

sensing performance improvement, the authors in [51] proposed to employ a series of

wearable devices to capture the changes of data caused by human actions. Then, the

collected data was processed to obtain the distinguishable features before feeding

them into the classifier. The authors employed three types of classifiers to cluster

extracted features into different categories, achieving a fair recognition. Despite the

effectiveness in recognizing behaviors, wearable-device based HAR schemes need

the target person to wear specialized sensors or devices anywhere and anytime for

data collection, which is not always convenient or feasible in practical scenarios [52].

Moreover, there is extra overheads of wearable-device based HAR with respect to the

hardware installation and maintenance requirements, which may severely restrict its

applicabilities in practice [53,54].

2.1.2 Vision based HAR

For the vision based HAR, the core idea is that the video information of human

behaviors is acquired via sensors (e.g., cameras). On this basis, the obtained data

is then processed into image information for feature extraction and corresponding

action classification [55]. To achieve that, a considerable amount of research has been

conducted in this direction. To be specific, the authors in [56] proposed a camera-
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based HAR scheme and applied it to health services. They first used a camera to

capture the video data of human actions in daily life. Then the collected signals

were processed to extract the image features, classify the obtained information into

different categories and identify human behaviors. For a reliable HAR, recent work

in [57] developed a camera-based HAR using multilevel wavelet decomposition.

Upon receiving the video recording of human behaviors, the multilevel wavelet

decomposition was proposed to extract distinguishable features from activity frames.

Next, the captured information was clustered into different types for identifying

human actions. To improve detection accuracy, the authors of [58] designed a HAR

scheme using data collected from the camera. For that purpose, they processed the

sequence of depth images captured by a camera to extract spatiotemporal multi-

fused features. These features were used to indicate the characteristics of human

activities and differentiate different behaviors. Although the vision based HAR is

able to perform activity recognition, it still has some limitations. For instance,

these methods heavily rely on visible light sensors or cameras, increasing the cost of

installation and maintenance. When this requirement cannot be met, it is difficult

to achieve a reliable sensing result. Even with those required devices, the light

condition in the sensing environment is another factor restricting the recognition

performance. In other words, the vision based HAR can only perform successful

recognitions under certain light conditions. In such a case, the sensing results

would be easily affected by some issues, e.g., opaque obstructions, fog, illumination

condition, or smoke. Another associated drawback of vision based HAR is that it

performs HAR intrusively, as it may expose the target’s private information (e.g.,

face information) to others when collecting the video data [59,60].

2.1.3 Acoustic based HAR

For the acoustic based HAR approaches, they perform HAR by first collecting the

audio signals of individuals’ activities using some audio sensors such as microphones

[61,62]. Then the stored data is processed to extract proper audio features which are

essential for classifying different behaviors [63,64]. Recently, more and more research

works have focused their attention on the audio based HAR methods. For instance,
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a recognition model was designed in [65] by exploring the properties of channel

impulse response (CIR) measurements for precise detection. With that purpose,

the authors first acquired CSI measurements indicating the essential information of

ultrasound signals, such as the strength and propagation paths of reflected signals.

The collected CSI measurements were mapped into images, and then classified into

different categories for recognition. Another solution in [66] concentrated on active

ultrasonic sensing for activity recognition. In particular, a smartphone was used as

a receiver to collect ultrasonic signals emitted by the speaker. On this basis, this

stored data was processed to extract informative features such as the doppler effect

of received signals. Then, the obtained features were used for classifying different

activities or gestures. For better sensing performance, the authors of [67] designed

an acoustic based HAR scheme to improve the recognition accuracy and robustness.

Towards that target, they elaborated on a mechanism to eliminate the effect of signal

interference and frequency selective fading. Moreover, data augmentation methods

were developed using a small number of received data to increase the robustness of

the proposed scheme. As a consequence, the proposed framework is able to achieve

reliable sensing results even with a limited amount of collected signals. In spite

of the promising capability in differentiating different behaviors, the acoustic based

methods are highly susceptible to many factors in our daily life, such as surrounding

sound noise and ambient interference [68]. Moreover, since the acoustic signals suffer

from fast attenuation when travelling in space, the detection range is quite limited,

which severely limits its potential in practical applications. Apart from that, the

high cost of specialized devices is another issue that needs to be considered [69,70].

Based on the discussion mentioned above, it is obvious that the conventional

HAR techniques fail to provide non-intrusive, reliable, and low-cost solutions. To

overcome the limitations associated with these traditional HAR methods, a more ad-

vanced and promising technique is urgently required to meet the increasing demand

for activity recognition.
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2.2 Human Activity Recognition adopting Wire-

less Signals

Recent advances in device-free sensing using wireless signals demonstrate its great

potential for HAR, drawing considerable interest from academia and industry [71–

73]. In contrast to traditional device-based sensing techniques, wireless signal-

based HAR (WS-HAR) removes the requirement of equipping the target with any

devices. The underlying principle of WS-HAR is that human activities induce

different effects on wireless signal propagations or links, causing e.g., shadowing,

reflection, diffraction, scattering phenomena of wireless links [74–77]. By detecting

the variations of wireless signals, e.g., differences in phase or amplitude of the

received data, one can then accomplish the classification task and classify these

activities [78–81].

Compared with conventional device-based sensing techniques (e.g., wearable

devices), WS-HAR possesses several appealing advantages. To name a few, WS-

HAR does not require the targeting users to wear any devices, so the process of

recognition becomes more feasible and convenient [82–85]. Moreover, WS-HAR is

able to complete the sensing task without exposing the user’s private information,

such as the face of the user, which is indeed a concern for camera-based HAR.

Apart from that, WS-HAR also enjoys some appealing features such as low-cost

and wide availability, making it an attractive sensing solution for a wide range of

applications in security and safety in home and office, health care, and intelligent

monitoring [86–90].

In the context of WS-HAR, various types of wireless signals have been in-

vestigated for identifying human behaviors, including mmWave and WiFi signals.

For mmWave signal, it has played an influential role in wireless sensing and been

treated as a promising solution for WS-HAR [91]. Since mmWave frequency bands

can provide more available bandwidths than low frequencies (e.g., 2.4GHz), more

information can be involved in the transmitted signals. In this regards, more

discriminative features can be effectively captured and extracted, contributing to

an accurate sensing [92, 93]. Despite the promising features of the mmWave signal,
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it suffers from severe attenuation due to its short carrier wavelength. In other

words, it is difficult for mmWave signal to bypass objects which are larger than its

wavelength. Moreover, the transmission range of the mmWave signal is quite short,

restricting its applicabilities in practical scenarios. Apart from that, mmWave-based

sensing is heavily relying on specialized devices which are always very expensive.

Given the above, mmWave-based sensing does not suit recognition in large-scale

deployments [94].

Recently, WiFi-based HAR is receiving particular attention because of its promis-

ing features. Compared to mmWave signal, WiFi signal enjoys many unique advan-

tages, such as wider availability, lower cost, longer transmission coverage, stronger

capability of passing through objects [95–97]. To boost WiFi-based HAR, numerous

studies have been conducted to capture and quantify the differences in WiFi signal

propagation induced by different human activities. The majority of the existing

techniques can be categorized into two main branches: leveraging the RSSI of WiFi

signals [98–100] and the CSI of WiFi physical layer information [101–103].

2.2.1 RSSI-based HAR

Utilizing RSSI for WiFi-based HAR (RSSI-based HAR) has drawn considerable

interest from the research community. The underlying principle of RSSI-based HAR

is that the movements of a human body within the area of the WiFi network would

induce various signal attenuations, resulting in unique fluctuation patterns on RSSI.

Through analyzing the differences in RSSI, e.g., means and peak-to-peak values of

RSSI, it is possible to achieve a fair sensing accuracy [104,105]. A recent work [106]

investigated WiFi-based HAR by leveraging the variations of RSSI. To perform

HAR, the authors in this work first extracted several features empirically from

RSSI signals, such as median signal strength and the highest signal peak. Then,

they adopted a k nearest neighborhood (KNN) classifier to classify some types of

activities, including walking, standing, crawling, and lying. With the same purpose,

another work [107] developed a system to detect human motions, specifically for

jointly detecting the fall activity and human localization. For detecting the falling

behavior, a hidden Markov model is employed to collect and track RSSI values, so as
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to discern special features of different motions. Regarding human localization, the

impact on wireless signals exerted by human beings, such as reflection, scattering and

diffraction phenomena of signals, is learned and leveraged to determine the location

of people. While focusing on improving the applicability of HAR techniques, the

authors in [108] put their attention on detecting both dynamic and static activities

in the non-ad-hoc, active and passive HAR systems, respectively. They put key

features (e.g., the maximum peak of the signal amplitude) into KNN and decision

tree classifier, respectively, to identify different motions or behaviors. The work

in [109] proposed a two-stage approach to achieve a reliable HAR result. Specifically,

the authors first collected and stored WiFi signals modulated by human motions,

and then extracted the dominant frequency component and time-difference variant

of received signals. With the extracted features, their proposed scheme was able to

classify different movements drawing support from the random forest algorithm.

The above studies demonstrate that RSSI-based schemes/methods are capable

of achieving a fair HAR performance, while they encounter some limitations which

severely restrict the sensing accuracy and stability. For instance, RSSI values can

provide coarse-grained information of wireless channels, such as single path loss for

each packet. As a consequence, HAR methods based on RSSI can only recognize

a limited range of behaviors. Moreover, it is impossible to guarantee stable RSSI

values even within a static indoor environment, leading to unreliable sensing results

and thus limiting its potential in practical applications. Another drawback of RSSI-

based HAR methods is that they are vulnerable to noise, shadow fading and the

multi-path effect, so the sensing accuracy will degrade severely if the environment

is complex [110, 111]. To overcome these challenges, it is essential to obtain and

utilize fine-grained information of WiFi signals to detect human behaviors. Different

from RSSI, CSI contains more complex values of wireless signals, e.g., phase and

amplitude information of the received signals. Thus, CSI has been treated as a

promising candidate to provide fine-grained information of WiFi signals, attracting

a considerable increase of attention from researchers.
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2.2.2 CSI-based HAR

For CSI-based human activity recognition (CSI-based HAR), the sensing task can

be accomplished by analyzing the different characteristics of the CSI that represent

more fine-grained information, such as amplitude, phase, and frequency diversi-

ty [112–114]. In such a case, CSI-based HAR is more promising for achieving

better recognition performance, compared to RSSI-based HAR [115, 116]. A lot of

existing works on CSI-based HAR have devoted to improving the sensing accuracy by

leveraging signal processing measurements [117,118]. For example, a recent solution

in [119] investigated the HAR problem and developed two models, e.g., CSI-speed

based model and CSI-activity based model, to facilitate a successful detection. To

be specific, in the CSI-speed based model, the authors built an effective connection

between the speed of human movements and the frequencies of CSI power variations.

The CSI-activity based model describes the relationship between human behaviors

and the movement speed corresponding to different parts of the human body. With

the proposed two models, a successful HAR with reliable sensing accuracy can be

achieved. Towards the same goal, the authors in [120] presented a Hilbert-Huang

Transform (HHT)-based scheme to facilitate HAR. They learnt the discriminative

features of CSI using the HHT method and also tried to eliminate the differential

interference exerted by repeating the same activity. Using the proposed method, the

connection among the CSI signal feature, activity interval time and activity duration

can be effectively bridged, which plays a significant role in classifying activities.

To further improve the CSI quality, the work in [121] investigated the co-channel

interference of CSI and developed corresponding solutions to mitigate the effect of

co-channel interference on sensing performance. To that end, the authors exploited

the phase component that is independent of co-channel interference to eliminate

its impact on the quality of CSI. Consequently, the recognition accuracy can be

improved using the enhanced CSI generated from the former step. Apart from the

above works, the authors of [122] accomplished a desirable HAR using the principal

component analysis (PCA) method. In particular, the designed framework is able to

detect stationary and moving people simultaneously. For the detection of stationary

persons, the authors took human breathing into consideration and treated it as
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an intrinsic indicator to capture the presence of people. To identify the activities

of moving people, both the phase and amplitude features of CSI were explored to

distinguish various behaviors. The works in [123] and [124] also investigated CSI-

based techniques and paid attention to dealing with the undesirable factors in the

recognition process. Specifically, these two works mainly employed discrete wavelet

transform (DWT) to remove the background noise and improve the quality of CSI.

Based on those works mentioned above, various pioneering approaches for CSI-

based HAR have been proposed by exploring the properties of signal processing tech-

niques [125–128]. While they have achieved some promising results, these methods

often face challenges such as feature selections and feature fusions. To be specific,

the performance of these methods nonetheless heavily depends on the precursor step

of feature selection. Therefore, should the precursor steps fail to achieve their goal,

the recognition accuracy may degrade significantly [129]. However, selecting and ex-

tracting a proper feature always requires elaborated designs with a complex process,

increasing the sensing overhead. Moreover, feature fusion is another challenging issue

that may bottleneck the detection performance. The reason is that, as a general

rule, it is difficult to achieve a fair sensing result using a single type of feature,

especially in complex scenarios. Consequently, fusing various features becomes an

effective way of improving recognition accuracy. However, feature fusion is an open

research problem for the existing CSI-based HAR approaches. Although some works

have investigated this issue and achieved some progress to a certain extent, more

effort and attention are still required.

2.3 Deep Learning for CSI-based Human Activity

Recognition

To overcome the above challenges, DL networks have been widely utilized in CSI-

based HAR [130, 131]. Assisted by signal processing techniques, DL-based HAR

methods are able to automatically extract and transform deep features from input

signals. As a consequence, proper features for recognition can be effectively learned

and extracted, significantly improving recognition performance [132–134]. To facili-
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tate DL-based HAR, numerous schemes have been proposed using a variety of deep

learning networks (DLNs) together with unique signal processing methods.

2.3.1 Sparse Autoencoder-based HAR

The sparse autoencoder (SAE) is a kind of fully connected DL network including

the input layer, hidden layers, and the corresponding output layer. It follows an

unsupervised manner to train the HAR model using received signals. Since SAE is

an easy-to-train and lightweight DL architecture, it has been treated as a promising

option for HAR [135]. The authors in [136] transformed CSI measurements from

multiple wireless links into radio images, followed by learning the texture and color

information from those radio images. Then, they adopted an SAE architecture to

extract representative features from CSI signals to identify different activities. Using

the same SAE architecture, the authors of [137] developed a recognition method

by transferring the CSI measurements into radio images before using the SAE

network for feature extraction. The extracted information from radio images was

then processed by the softmax regression method for activity recognition. However,

the sensing performance of the above methods is susceptible to the quality of input

features. To achieve higher sensing accuracies, a HAR solution was proposed in [138]

leveraging the property of stacking denoising autoencoder (SDAE). By leveraging

the property of SDAE, the noise was first removed from the raw received signals,

then the data was processed to extract distinguishable features for HAR following

an unsupervised learning manner.

2.3.2 Convolutional Neural Network-based HAR

The convolutional neural network (CNN) generally includes multiple layers, with

two main processing modules at each layer, e.g., the convolution module and pooling

module. Since CNN show great potential in dealing with two-dimensional data, it

has been regarded as an effective architecture for DL-based HAR, thereby gaining

very considerable momentum. The authors in [139] applied CNN and long-short

term memory (LSTM) for behavior recognition, by exploiting the characteristics
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of spatial information collected from multiple antenna pairs. With the proposed

scheme, the quality of extracted features can be improved, contributing to a reliable

sensing result. Another work in [140] accomplished the sensing task drawing support

from CNN and unique signal processing methods. They first converted the received

signals into CSI images containing spatial, frequency and time data. Then, to extract

effective features, they designed an innovative CNN architecture to automatically

learn and extract inherent features from CSI images, which plays a vital role in

classifying different behaviors. For an improved sensing performance, a DL-based

framework is proposed in [141] that targets CSI-based HAR in resource-constrained

edge devices. The authors adopted CNN to adaptively fuse the information in

both frequency and time domains, and then they extracted the informative features

from the fused data. Moreover, the point-wise grouped convolution and depth-

wise separable convolution were employed to confine the scale of the proposed

framework, speeding up the interference execution time and saving the detection

overhead. Focusing on the same goal, the authors in [142] explored CNN and

transfer learning architectures for feature extraction. They first used a stacked

CNN to capture the activity-related information from the CSI recordings acquired

within three environments. For a successful sensing result, a variety of features

were taken into consideration, such as characteristics of non-line-of-sight (Non-LOS)

links and multilevel dwellings. To minimize the training overhead, transfer learning

was employed to further simplify the calibration process. Also applying CNN and

transfer learning, the work in [143] investigated the generalization of the sensing

model. For feature extraction, a CNN architecture was adopted to capture different

information related to HAR, such as sampling rate, environment and sensor modal-

ity. For further improving the sensing performance, the authors employed transfer

learning to learn features commonly shared among different datasets and to speed up

the training process. In order to improve the domain adaptation, a novel recognition

scheme was developed by [144], in which the combinations of Bidirectional Gated

Recurrent Units (BiGRU) and CNN were employed to learn users’ independent

spatial-temporal features. Moreover, multiple domain discriminators were used to

mitigate the distribution discrepancy, which is beneficial for performing domain
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adaptation.

2.3.3 Recurrent Neural Networking-based HAR

Apart from the above DLNs, recurrent neural networking (RNN) is another typical

type of DL architecture extensively applied for HAR, which is composed of the input

layer, hidden layers, and the output layer. The unique feature of RNN is that it

enjoys appealing features in dealing with time-sequential signals. In other words,

the decision of one time instant can be used to estimate or predict that of new

time instants, by utilizing the relationship contained in the time sequence [145].

Therefore, it plays a significant role in DL-based HAR, and a considerable number

of works have been proposed. For example, the long-short term memory recurrent

neural networking (LSTM-RNN) has been adopted in [146] for feature extraction,

through which the informative features in CSI signals can be effectively learned and

extracted. Note that using the raw CSI as inputs relies completely on RNN to

separate them and extract feature signals for activities, and the volume of the input

is also large, which makes it time-consuming to train the RNN. In [147], a DeepSense

method is presented, which combines three DLNs, e.g., autoencoder, CNN module

and LSTM, for activity recognition. With the employed DL architectures, the

proposed scheme was able to sanitize the annoying factors in the received signals,

such as the noise in raw CSI recordings. Moreover, distinguishable high-level features

can be effectively captured with the help of DL networks. Although it can achieve

a better performance than [146], its complexity is significantly higher. Another

drawback of [147] is that it is susceptible to the phase shift in CSI caused by

timing offset between the WiFi transmitter and receiver. A small mismatch in the

phase domain of CSI can result in notable performance degradation. To estimate

and compensate for the timing offset, a few solutions have been proposed. For

example, a linear fitting method was developed in [148] and a phase calibration

approach is proposed in [149], but both schemes have high computational complexity.

The bi-directional long short-term memory (ABLSTM) was adopted in [150] to

accomplish reliable recognitions. To process sequential CSI data, an advanced

LSTM architecture was used to extract representative features from forward and
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backward directions. As a result, a connection between the past and future data

can be built to determine the current state of LSTM, generating representative

information for feature extraction. On top of that, the authors also proposed an

attention mechanism to further improve the quality of extracted information, by

assigning different values of weights to activities given their importance on final

HAR performance. To detect continuous motions or actions, the authors of [151]

leveraged the property of LSTM to extract special features for HAR. To improve the

quality of CSI, the authors proposed a feature enhancement scheme and employed

RNN for feature extraction. In particular, they designed a fusion layer to fuse the

raw received radar signals, so as to avoid losing information of performing data

presentation. After that, they employed LSTM to extract temporal features from

the raw radar data, and then conducted HAR using the extracted information.

2.3.4 Other DL-based HAR

Apart from SAE, CNN and RNN networks, other DL architectures, e.g., deep

adversarial network, deep reinforcement learning (DRL), matching network, and

transfer learning, are also widely applied for CSI-based HAR [152]. For instance, a

HAR solution was proposed in [153] to facilitate subject-independent HAR leverag-

ing the property of the adversarial network, through which the subject-dependent

information in the received CSI data can be removed. At the same time, the

activity-related features can be extracted, contributing to an improved sensing

result. With the same target, the work in [154] proposed a cross-scenario HAR

with the help of deep adversarial networks. To that end, the authors developed

a maximum-minimum adversarial scheme to bridge the connection between the

source features to the target features. Moreover, a strategy of center alignment

was designed to further improve the feature quality in the source domain, which is

beneficial for performance improvement. Focusing on improving sensing accuracies,

the authors in [155] presented a DRL-based HAR. To that end, two challenges need

to be jointly addressed, e.g., the feature patterns of the received signals and the

mapping of the received data to the detection results. Given that, they formulated

a joint optimization problem of the above two issues, and elaborated a DRL-based
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scheme to obtain the optimal solution by minimizing the cross-entropy loss of the

recognition results. For better sensing accuracies, a HAR solution was proposed

in [156] leveraging the property of metric learning and matching network. To extract

good feature representation, the authors adopted a matching network to map the

received signal to a high dimensional space. Then, they built an effective relationship

between the testing dataset and the previously given dataset adopting the idea of

metric learning. As a result, more informative features could be extracted and

learned, significantly improving the detection accuracy. To realize the location-

independent HAR, recent work in [157] presented a HAR framework using transfer

learning and CNN. For feature extraction, the data distribution of the received

signals and its characteristics were analyzed. Then, transfer learning and CNN

were adopted to effectively learn discriminative information, by transferring the

features from source environments to the testing environment. Consequently, sensing

performance can be improved with the extracted features.

2.4 Challenges for DL-based Human Activity Recog-

nition

Despite the effectiveness in improving recognition performance, existing DL-based

methods still suffer from several inherent drawbacks, as summarized below.

• First, the feature design and selection, which are treated as input signals of

DL networks, is a challenging issue for the current DL-based HAR schemes

[158, 159]. The type and quality of selected features directly influence the

output of DL architectures, resulting in a great impact on final recognition

performance. However, the selection of input signals for DL networks heavily

relies on the designers’ experience, and more research effort is required to

address this issue.

• The second challenging problem for DL-based HAR schemes is that most of

the existing DL-based schemes require a large number of training examples

from the particular environments (e.g., previously seen environments or the
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testing/new environment) to train the corresponding DL networks [160–162].

Consequently, the performance is dependant upon the number of training sam-

ples, which becomes particularly problematic when large amounts of required

training samples from environments are not accessible;

• Third, the problem is further exacerbated by the fact that the current DL-

based recognition solutions are highly specific to environments where the HAR

model is trained [163, 164]. As a result, the recognition accuracy usually

drops dramatically if using the classifier trained with primitive features in

sources/previously seen environments to recognize activities in new/unseen

environments. In other words, well-trained schemes in the above works cannot

be directly used for HAR in unseen environments. This may severely restrict

the applicabilities of DL-based methods in practice [165].

To solve the above problems, plenty of effort have been made from a variety

of perspectives. In particular, to address the first challenge, many works devoted

their effort to design various signal processing methods for improving the quality

of input signals [166, 167]. For example, recent work in [168] proposed an activity

segmentation method to improve the quality of input data for DL networks. For

that purpose, the authors first discretized the continuous CSI sequences into discrete

bins, and then classified them into four states. As a result, the starting point and

ending point of each activity can be identified using these state labels, enhancing the

input signals of DL networks. With the same target, the authors of [169] proposed

to utilize the property of different angle of arrival to mitigate the impact of the

background environment. Then, they adopted the PCA algorithm to eliminate the

noise and reduce the dimension of the input signal. As a result, the input signal

of DL networks is enhanced with more useful information and a smaller dimension.

Although some existing schemes can improve the quality of input signal to a certain

extent, more research attempts are required for further performance improvement.

To deal with the second and third challenges, recent DL-based HAR schemes

have attempted various advanced signal processing techniques and the corresponding

learning methodologies to reduce the number of required training samples in order
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to improve the recognition performance in an environment-invariant fashion [170].

To name a few, a recent solution in [171] exploited transfer learning to realize

environment-robust recognition. The authors in [172] exploited the property of

adversarial learning to enable environment-independent recognition. In this work, a

recognition model can be built and applied to a new environment without requiring

samples from the testing environment. Although these models can facilitate reliable

sensing results, they require many previously seen environments (PSEs) for training.

PSE is referred to the environment where a large number of training samples are

collected. These samples from PSE are used only for training deep learning networks,

but not for testing. The model in [173] does not need multiple PSEs for training,

while it still requires several hundreds of samples from the testing environment to

perform network refinement. Apart from the above, in [174] the authors developed

a cross-environment recognition model by extracting environment-independent fea-

tures.

Although environment-independent recognition has been achieved to a certain

extent, the above methods have some limits. To be specific, their recognition

accuracies rely heavily on the number of different source environments (i.e., PSEs).

When both the number of PSEs and the amount of samples from the testing

environment are quite limited (e.g., one PSE and at the minimum one sample

for each activity from the testing environment), the above methods fail to ac-

complish successful recognitions (e.g., [171, 172]). It is also challenging for them

to extract high-quality and informative features across different environments due

to the limitation of feature extraction processes and deep learning architectures.

Additionally, some works do not require multiple PSEs or many samples from the

testing environment (e.g., [174]); they concentrated on recognizing intensive (i.e.,

highly dynamic) behaviors only, so it is difficult to effectively identify the light

activities (e.g., standing and laying)

One-shot learning can be considered as a promising candidate to help address

the above challenges. It has been successfully applied in many vision-based activity

recognition and object classification problems [175–177], and this makes it a plausible

technique to solve CSI-based HAR issues. Its key insight is that, instead of learning
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the information about the testing/unseen environment with thousands of training

samples, one can accomplish the task using just one sample by drawing support

from the knowledge of PSEs [178, 179]. In other words, only one sample is enough

to learn/extract discriminating features about the environment by bridging the gap

between this environment and PSEs, no matter how different they may be. To the

best of our knowledge, most of the one-shot learning approaches have been focusing

on vision-based scenarios in which video signals are analyzed for recognition. For

CSI-based HAR, very little has been investigated so far. In particular, a shortcoming

of one-shot learning is that although it only needs one sample from the testing

environment, it still requires a large number of samples from a wide variety of

PSEs. This may not be accessible under many CSI-based HAR settings, as obtaining

samples from diverse environments is usually expensive or impractical.

2.5 Summary

In this chapter, we reviewed and studied the state-of-the-art works in HAR. First, we

introduced the evolution of HAR including three types of conventional HAR schemes

and their associated features. Second, we presented recent advances of device-free

HAR using wireless signals together with their advantages and disadvantages. Third,

the discussions on applying DL networks for CSI-based HAR were provided. Finally,

we analyzed the associated challenges of DL-based HAR.
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Chapter 3

DL-based Human Activity

Recognition with Sufficient

Training Samples

CSI-based human activity recognition (CSI-based HAR) is attracting significant

research interest. Compared with conventional device-based sensing techniques (e.g.,

wearable devices), CSI-based HAR does not require the targeted users to wear any

devices. Moreover, CSI-based HAR is able to complete the sensing task without

exposing the user’s private information, such as the face of a user. In this chapter,

we investigate the DL-based HAR in a scenario with sufficient training samples and

try to improve the sensing performance. To achieve that, two novel HAR schemes

are proposed and analyzed in this chapter.

3.1 Introduction

Recently, applying DL to CSI-based HAR has received strong research interest. With

a sufficient number of required training samples, DL-based HAR methods are able to

automatically extract deep features from input signals, which is critical for realizing

reliable recognitions [132,139]. In this field, a variety of research attempts have been

dedicated to improve recognition accuracy. For instance, the authors in [146] used

RNN to extract hidden features from the raw CSI. Consequently, representative

29
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characteristics in CSI measurements were captured and extracted effectively, result-

ing in accurate detections. Targeting the same goal, the authors in [147] adopted an

Autoencoder Long-term Recurrent Convolutional Network framework (AE-LRCN)

to extract high-level representative features in CSI. Moreover, the impact of noise

involved in the CSI sequences could also be sanitized, which was beneficial for

performance improvement. However, the performance of these methods can still

be improved in both sensing accuracy and training complexity. Moreover, they

are susceptible to phase shift in CSI caused by timing offset between the WiFi

transmitter and receiver. A small mismatch in the phase domain of CSI can result

in notable performance degradation.

Given the above challenges, in this chapter, we propose two novel DL-based HAR

schemes by leveraging the properties of deep learning architectures and advanced

signal processing methods. The main contributions of this chapter are summarized

as follows:

• We propose a HAR scheme using Deep Learning Networks with enhanced CSI

(DLN-eCSI), which can achieve significantly improved sensing performance

with reduced training complexity. We develop a CSI feature enhancement

scheme (CFES) for cleaning and compressing signals input to the DL networks.

CFES includes two modules: background reduction and correlation feature

enhancement. In background reduction, we propose two methods for removing

activity-unrelated information from CSI. In correlation feature enhancement,

we compute correlation signals over all subcarriers and streams to improve

the reliability of feature signals, as well as compressing the signals. We then

use LSTM-RNN to extract the deeper features from the enhanced correlation

signals. Therefore, the proposed DLN-eCSI is capable of achieving accurate

detection results with less training complexity.

• To further improve the detection performance, we propose a novel scheme for

CSI-based HAR using activity filter-based deep learning network (HAR-AF-

DLN) with enhanced correlation features. Our scheme can effectively solve the

phase mismatch problem caused by timing offset and significantly improve the
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identification accuracy for similar activities. Two major innovations in HAR-

AF-DLN include CSI compensation and enhancement (CCE) and activity

filter (AF). The CCE method is proposed to compensate for the timing offset

between the WiFi transmitter and receiver, so as to improve the quality of

CSI. Besides, CCE can also enhance activity-related signals and reduce the

dimension of signals input to DL networks, thereby increasing recognition

accuracy with less complexity. The AF method is designed to distinguish

similar activities (e.g., lying and standing) using the enhanced CSI correlation

features obtained from CCE.

• We design and perform numerous experiments to verify the performance of

DLN-eCSI and HAR-AF-DLN with regard to both sensing accuracies and

training time. Extensive experimental results demonstrate that our proposed

DLN-eCSI and HAR-AF-DLN schemes are superior to state-of-art HAR schemes,

with less training time and higher recognition accuracy.

The remainder of this chapter is structured as follows. In Section 3.2, the system

model of WiFi based HAR is provided. In Section 3.3 and Section 3.4, we propose

two novel HAR schemes, respectively. The experiment and performance evaluation

are discussed in Section 3.5, followed by the conclusions of this chapter in Section

3.6.

3.2 System Model of CSI-based Human Activity

Recognition

In this section, we introduce the system architecture for CSI-based HAR, as shown

in Fig. 3.1. There are three main stages: data collection, data preprocessing, and

activity classification.

In the stage of data collection, from wireless communication links between the

transmitters and receivers, the physical layer information (e.g., CSI), which reflects

the variations of the wireless environment caused by human activities, is collected

for processing at the receivers. As shown in Fig. 3.2, when a person performs certain
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Figure 3.1: Main processes of human activity recognition system.

Wall

Wall

Figure 3.2: Influence of human activity on signal propagation.

activities such as running in an indoor environment covered by a wireless network,

the wireless signal propagation is distorted with changes in both the number of

multipath signals and their amplitudes and phases. These distortions will cause the

variation of CSI. The receivers are typically WiFi access points in our considered

setup. In this paper, we use the widely adopted Intel 5300 802.11n network interface

card (NIC) for CSI acquisition [25]. The CSI at 30 subcarriers from all three

antennas is used. More details are provided in Section 3.5.1.

In the stage of data preprocessing, activity-unrelated information is removed and

unique features are extracted from CSI for detecting human activities. In this stage,

we use the proposed different algorithms to filter out activity-unrelated components

in the raw CSI and obtain enhanced CSI with information ideally solely related

to human activities. Moreover, unique correlation features from the enhanced CSI

at the OFDM subcarrier level are also extracted. In this stage, all the subcarriers

are employed to calculate the correlation feature matrix which will be used for

identifying distinctive feature patterns of different activities.

In the last stage of deeper feature extraction and classification, the deeper

features are automatically extracted from the output in the previous stage. To
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Figure 3.3: A sketch of the human activity recognition system based on WiFi
802.11n.

that end, a deep learning network ( e.g., LSTM-RNN) is employed as the features

extractor, and the softmax regression algorithm [136] is adopted as the classifier.

The deep learning network can be trained during the training process using the

training data offline. Then during the online sensing phase, the proposed scheme

classifies the human activities using the trained network coefficients.

3.3 The DLN-eCSI Scheme

In this section, we present the process of the proposed DLN-eCSI in details. The

structure of proposed scheme is shown in Fig. 3.3.

3.3.1 Data collection

Let Nt and Nr stand for the number of antennas at the transmitter and receiver,

respectively. Thus, there are N = Nt×Nr streams (links) contained in a CSI packet,
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which can be expressed as

h(i)=[h1,1(i),. . . ,h1,m(i),. . . ,hn,m(i),. . . ,hN,M(i)]T , (3.1)

where h(i) represents the CSI vector obtained at time i, n is the indicator of the

nth stream, M denotes the total number of available subcarriers in each stream,

m denotes the mth subcarrier in the stream, and T stands for the transposition

operation. Then the CSI matrix within a time period (e.g., i = 1, 2, . . . , I) is adopted

to sense the human activities, and is given by

H = [h(1), . . . ,h(i) . . . ,h(I)]. (3.2)

3.3.2 Data Preprocessing

Note that the CSI matrix H in (3.2) is only the raw information, which is not suitable

for HAR directly for the following reasons. First, H contains too much activity-

unrelated information, which will degrade the quality of extracted features. Second,

applying H directly to detect human activities (such as in [146]) is time-consuming

and increases the system overhead due to the large size of H. We use CFES,

including background reduction and correlation feature enhancement modules, to

overcome these problems.

Background reduction

The core task in the background reduction module is to filter out the activity-

unrelated information while retaining the activity-related information. Although

human activities may cause the distortion of some multipath signals, there could

generally be more multipath largely unchanged. Thus h(i) can be divided into two

parts: dynamic CSI and static CSI, which can be expressed as

h(i) = hst(i) + hdy(i), (3.3)

where hst(i) stands for the static CSI vector which is activity-unrelated; and hdy(i)

represents the dynamic CSI vector that is related to human activities. Notably,

hst(i) is the dominating component in h(i), and has much larger impact on h(i) than
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hdy(i). The reason is that the influence of human behavior on the whole environment

is generally limited, which is especially true when a person performs some minor

actions, e.g., raising hands, sitting, standing, etc. Under such a situation, applying

h(i) directly to HAR could degrade the recognition accuracy (refer to Fig. 3.13).

Therefore, it is worthwhile to subtract the static information hst(i) from h(i). To

that end, we propose two methods for mitigating hst(i) from h(i).

We call the first one as the local mean (LM) method which estimates hst(i)

over a period of time using the exponentially weighted moving average (EWMA)

approach [180]. The estimated value of hst(i) is

ĥst(i) = δh(i) + (1− δ)ĥst(i− 1), (3.4)

where ĥst(i) denotes the recursive static CSI estimation at the i-th packet, and δ is

the forgetting factor and is set with small value such as 0.01. The initial value of

ĥst(1) is set as h(1). Then the estimated dynamic CSI, ĥdy(i), is equal to

ĥdyLM(i) = h(i)− ĥst(i). (3.5)

Thus, the whole estimated dynamic CSI matrix is

Ĥdy
LM = [ĥdyLM(1), . . . , ĥdyLM(i), . . . , ĥdyLM(I)], (3.6)

We call the second one as the differential method (DM), which extracts dynamic

CSI from h(i).The DM method computes the difference of h between two time

slot and is simpler to implement. The estimated dynamic CSI vector using DM is

expressed as

ĥdyDM(i) = h(i)− h(i− 1), (3.7)

where ĥdyDM(i) denotes the estimated dynamic CSI, and ĥdyDM(1) = 0.

From (3.5) and (3.7), we can see that both LM and DM can extract the activity-

related information contained in CSI. LM is capable of providing a high level of

accuracy at the expense of relatively high complexity. The forgetting factor δ affects

the estimation performance, and its optimization is yet to be investigated. DM’s

computation complexity is lower, but with sacrificed estimation performance. The

impacts of LM and DM on the performance of human activity recognition will be

provided in more details in Section 3.5.
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Correlation Feature Enhancement

Let Ĥdy denote the estimated dynamic CSI matrix hereafter, unless stated otherwise.

The size of Ĥdy is MN × I and will lead to high computational complexity if

directly used for training and running in DL architectures. Here, we propose a novel

method for significantly reducing the dimension of the input to DL networks. This

method is capable of extracting distinctive features from Ĥdy and hence improving

the recognition performance as well.

Different from existing methods which only leverage the correlation features

of multiple subcarriers within one stream, e.g., [181], we compute the correlation

between signals at all subcarriers from all streams, given by

CD = Ĥdy × (Ĥdy)T , (3.8)

where CD denotes the MN ×MN correlation matrix. Such correlation information

compresses the signals more effectively and provides more reliable features for behav-

ior recognition. More specifically, the number of correlation features is significantly

decreased from MN × I (i.e., the size of Hdy) to MN ×MN .

3.3.3 Deeper Feature Extraction and Classification

In this section, we first extract the deeper features from CD using LSTM-RNN, then

classify human activities based on these extracted deeper features using the softmax

regression algorithm. This process is demonstrated in Fig. 3.4.

The signal CD contains compressed discriminative patterns for different human

activities. We now feed it into LSTM-RNN to extract deeper features as shown in

Fig. 3.4. The LSTM-RNN has the capability of extracting the deeper features

of input data automatically. These extracted deeper features are then used to

recognize human activities, through the softmax classifier. Note that the LSTM is

able to distinguish similar behaviors, which can improve the recognition performance

by distinguishing similar activities, such as “standing” and “stand up”. Moreover,

compared to other neural networks, RNN with LSTM can achieve much more reliable

HAR performance, as it fits for processing continuous signals such as human activ-

ities. Specifically, when a person performs a set of different activities continuously,
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Figure 3.4: Structure of deeper features extraction and classification

these behaviors are not independent but belong to a circle of continuous states.

RNN with LSTM can extract effective information from those states, contributing

to high recognition accuracy.

Conventional RNN-based sensing methods usually have a time-consuming train-

ing process, due to the large quantities of training data. By using overall correlation

matrices with dramatically reduced volume of the input data, our DLN-eCSI scheme

achieves significantly reduced training overhead.

3.4 The HAR-AF-DLN Scheme

We illustrate the diagram of the proposed HAR-AF-DLN scheme in Fig. 3.5,

including three main modules: CSI Collection, CSI Preprocessing and Activity

Recognition. In section 3.4.1 and Section 3.4.2, we provide the details of the last

two modules.

3.4.1 CCE for CSI Preprocessing

In this section, we provide details of the designed CCE for CSI preprocessing. We

will first discuss the first two steps, i.e., timing offset compensation and activity-
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Figure 3.5: Main processing modules of the HAR-AF-DLN Scheme.

related information extraction. Then we will describe the last step: correlation

feature extraction.

Timing Offset Compensation and Activity-related Information Extrac-

tion

As aforementioned, these two steps aim to calibrate the CSI phase, reduce activity-

unrelated information while retaining activity-related information. Consequently,

it is possible to extract feature signals which are more activity-related and less

environment-dependent. To achieve that, h(i) in (3.2) is partitioned into two

parts: dynamic CSI hdy(i) and static CSI hst(i). hdy(i), which is more related

to human activities, can be obtained by applying LM algorithm proposed in Section

3.3.2. However, one major problem here needs to be first resolved: the timing

offsets between the WiFi transmitters and receivers are not clock-wise synchronized,

which can vary over packets and cause linear phase shift of CSI. Therefore, before

applying the recursive operation, estimation and compensation for the timing offset

are required.
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Let the recursive static CSI estimation at the i-th packet be ĥst(i). The recursive

operation over consecutive packets can be written as

ĥst(i) = δ(Φ̂∗(i)⊗ IN)h(i) + (1− δ)ĥst(i− 1), (3.9)

where δ is the forgetting factor and is set with small value such as 0.01 empirically,

the superscript ∗ represents conjugate of a matrix/vector, IN stands for an N ×N

identity matrix, ⊗ denotes the Kronecker product, Φ̂(i) = diag{exp (jφ̂m,i)} depicts

a diagonal matrix with the m-th diagonal element exp (jφ̂m,i), and φ̂m,i is an estimate

of the actual φm,i associated with the timing offset. Note that a common local clock

is typically used for signals from/to all antennas, therefore, the timing offset due to

clock offset is the same for all antennas. The phase shift φm,i can be represented as

φm,i = mψi + θi, where ψi and θi stand for phase shifts related to the timing offset.

To estimate ψi and θi, we first compute the dot product � between h(i) and

(ĥst(i− 1))∗, by

r(i) , h(i)� (ĥst(i− 1))∗

= (hst(i) + hdy(i))� (ĥst(i− 1))∗

≈ hst(i)� (ĥst(i− 1))∗

≈ (Φ(i)⊗ IN)|ĥst(i− 1)|2, (3.10)

where |ĥst(i − 1)|2 means element-wise square of the absolute value. In (3.10), the

first approximation is obtained based on the fact that the power of static paths are

typically much more significant than dynamic ones, and the second approximation

is based on the assumption that the estimate ĥst(i− 1) is close to the actual static

CSI.

Then, r(i) is stacked into an M×N array, and each column contains CSI for one

antenna. The mean over each row is computed, getting a new M × 1 vector r̄(i).

Next, we compute the cross-correlation for neighbouring elements with equal spaced

subcarrier indices in r̄(i) and then compute the mean of the output, obtaining a

sample denoted by γi. Then the estimate for ψi is given by

ψ̂i = ∠(γi)/Ks, (3.11)
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where Ks represents the index intervals between the selected subcarriers which are

equally spaced. In this paper, we use the Intel NIC 5300 card in the experiments,

Ks = 2. Let r̄m,i denote the m-th element in r̄(i), then we estimate the parameter θi

by θ̂i = ∠
(∑

m r̄m,ie
−jmψ̂i

)
, where the sum operation is conducted over a selected

number of samples with larger energy for mitigating the noise.

Note that the proposed timing offset compensation approach in the thesis is

superior to the existing related methods. First, our approach estimates timing offset

in signals for compensation and does not change the original data structure. Thus,

the key information contained in original signals can be remained, such as amplitude

or phase features, contributing to reliable recognition results. Second, the proposed

compensation method in the thesis can be directly applied to other HAR methods

for compensating timing offset, which is difficult for the existing methods to achieve.

With the above process, the estimate Φ̂(i) and the recursive output ĥst(i) can

be obtained, respectively. Notably, we obtain the initial value of ĥst(1) using (3.9)

in a quiet environment.

As a result, the estimated value of dynamic CSI ĥdy(i), obtained at the ith

packet, can be expressed as

ĥdy(i) = (Φ̂∗(i)⊗ IN)h(i)− ĥst(i). (3.12)

The whole estimated dynamic CSI matrix Ĥdy, over I packets, is represented as

Ĥdy = [ĥdy(1), . . . , ĥdy(i), . . . , ĥdy(I)]. (3.13)

Note that, the information contained in Ĥdy is mostly activity-related, hence,

it can be utilized to extract more distinctive features that are less environment-

dependent for HAR.

Correlation Feature Extraction

It is important to note that a person’s activity can be divided into different stages.

We can use a feature signal to represent each stage, and different stages are mutually

dependent. Take the activity “stands up” as an example: a series of stages are

involved during this process, from static, standing with accelerating, standing up
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with decelerating to standing still. The features of different stages, e.g., speed and

spatial positions, are different but mutually correlated. Notably, all the feature

signals for such an activity are hidden in Ĥdy. Besides, there are also correlations

between Ĥdy in different subcarriers, which provides additional information for HAR.

We can hence compute the correlation between signals at all subcarriers from all

wireless links, given by

Ddy = Ĥdy × (Ĥdy)T , (3.14)

where Ddy represents the correlation feature matrix. Note that, the size of Ddy

(MN ×MN) is significantly smaller than the size of Ĥdy (MN × I). Consequently,

inputting Ddy, instead of Ĥdy, into DL network for training process can considerably

reduce the computational complexity.

3.4.2 AF-DLN based Human Activity Recognition

In this section, we present details of the proposed AF-DLN method, as depicted in

Fig. 3.6. The method includes two main steps: activity filter (AF), and deeper

feature extraction and classification. Note that, the first step divides similar activ-

ities into the same group, which allows DLNs (in the second step) to focus on the

feature extraction of similar motions. Consequently, more distinctive characteristics

of similar movements can be extracted, compared with obtaining features from all

the activities, which is beneficial to classify these similar behaviors. The details of

performance assessment for AF-DLN is provided in Fig. 3.14.

Step 1: Activity filter (AF)

According to the intensity and range of motions, human activities can be divided

into two main groups: light activity and intensive activities. The former group

refers to the activities with low intensity and small movement range, including lying,

standing, empty room, sitting, which cause less CSI variation. The latter group refers

to the activities with high intensity and large movement ranges, including, e.g., walk,

fall, running, which cause larger CSI variation. The key task of AF is to determine

which group the input signals Ddy belongs to (i.e., “light activity” or “intensive
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Figure 3.6: Structure of AF-DLN based activity recognition using CFM as input.

activity”). To achieve that, we apply a singular value decomposition (SVD) to Ddy

and obtain its singular values, by

Λ = svd(Ddy), (3.15)

where svd(.) stands for the SVD operation, and Λ , [λ1, λ2, . . . , λMN ] represents the

vector containing singular values of Ddy in the descending order. Since the first two

singular values (i.e., λ1 and λ2) contain most environment-dependent information

[182], we adopt λ3 as the metric for dividing human activities into two groups. To be

specific, if λ3 is smaller than a threshold β that is obtained empirically, the signal

Ddy is divided into the “light activity” group, otherwise the “intensive activity”

group.
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Step 2: Deeper Feature Extraction and Classification

In this step, for each group (i.e., “light activity” or “intensive activity”), we train

one DL architecture to distinguish human activities. For each DL architecture, we

first apply RNN with LSTM to automatically learn and extract the hidden features

from Ddy. We then utilize the softmax regression algorithm for classification using

the extracted deeper features from Ddy. The process of the proposed AF-DLN is

illustrated in Fig. 3.6.

It is noteworthy that conventional RNN-based sensing methods generally have

time-consuming training processes due to the large size of training data. In contrast,

our proposed HAR-AF-DLN scheme can effectively complete the training process

with significantly less training overhead by using Ddy with largely reduced size of

input data.

3.5 Implementation and Evaluation

In this section, we present the experimental results for evaluating the performance

of the proposed DLN-eCSI scheme and HAR-AF-DLN Scheme.

3.5.1 Experimental Setup

To implement our proposed DLN-eCSI and HAR-AF-DLN, two computers equipped

with Intel WiFi 5300 NIC are adopted as the transmitter and receiver, respectively.

The transmitter continuously sends its packets with its single antenna (Nt = 1) at

5.32 GHz frequency band, which follows the protocol of IEEE 802.11n. The receiver,

which uses the CSI tools [25], collects and stores CSI with three antennas (Nr = 3)

for 30 subcarriers (M = 30). Five persons perform six activities in total. The each

target person performs activities randomly in the experimental environment. We

demonstrate the average HAR performance by considering different locations. Since

the rate of samples is 1KHz, the CSI matrix (H) has size of 90 × 1000. We use a

3.4GHz PC with Nvidia P5000 graphic card (16GB memory) to train the presented

DLN-eCSI and HAR-AF-DLN. The total number of training iterations is 2000. We
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Figure 3.7: Layout of two indoor experimental areas:(a) 4m × 6m meeting room.
(b) 8m× 10m laboratory.

use LSTM-RNN with three hidden layers, and the hidden units for each layer are

200. We set the batch size and learning rate as 64 and 0.001, respectively. The

above hyper-parameters are obtained by using grid search method. We empirically

set the value of the threshold β of AF method to 0.6.

We conduct the experiments of the designed DLN-eCSI and HAR-AF-DLN

in two indoor configurations with different environmental complexities. Fig. 3.7

illustrates the layout of each indoor configurations. The first, with several obstacles

between the transmitter and receiver, is a 4m× 6m meeting room. The second, with

many obstacles between the transmitter and receiver, is a 8m× 10m laboratory

room. Both the training and testing data sets of each indoor configuration include

six activities, with 300 times for each activity.

3.5.2 Performance Evaluation

In this section, we evaluate the performance of our proposed DLN-eCSI and HAR-

AF-DLN by comparing them with other state-of-the-art methods. Various param-

eters and methods are used to provide a comprehensive comparison. Firstly, the

recognition performance of proposed DLN-eCSI and HAR-AF-DLN are discussed,

respectively. Then the comparison of these two schemes is provided.
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(d) Raw CSI H of sitdown
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Figure 3.8: Performance of the proposed CSI feature enhancement scheme, when
comparing two similar activities“sitting” and “sit down”.

Table 3.1: Sensing performance of different methods in the two indoor
configurations

Methods 1st Exp. 2nd Exp.

RNN [146] 87.5% 78.4%

Proposed DLN-eCSI-L 94.2% 90.7%

Proposed DLN-eCSI-D 91.2% 88.9%

Performance of DLN-eCSI

Fig. 3.8 compares the performance for two similar activities (i.e., sitting and sit

down), using the original CSI matrix H, the estimated dynamic CSI Ĥdy and the

correlation feature matrix CD, respectively. As can be seen from Figs. 3.8(a) and

3.8(d), it is challenging to differentiate between “sitting” and “sit down” based on

H. However, they can be readily separated by using CD as is clear from Figs.

3.8(c) and 3.8(f), because CD significantly enhance the differences between these

two activities. Moreover, the size of CD (i.e., 90× 90) is much smaller than H (i.e.,

90× 1000). Therefore, the training complexity is notably reduced in LSTM-RNN.
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(c) RNN [146]

Figure 3.9: Confusion matrix for different human activity recognition methods

Table 3.1 shows the average sensing accuracy for LM and DM for six different ac-

tivities. DLN-eCSI-L and DLN-eCSI-D are used to denote the cases when DLN-eCSI

adopts LM and DM to extract the dynamic CSI, respectively. DLN-eCSI-L clearly

outperforms the other two methods in both indoor configurations. Specifically, in the

first configuration, the sensing accuracy of DLN-eCSI-L and DLN-eCSI-D are 94.2%

and 91.2%, respectively. However, the sensing accuracy of RNN [146] is only 87.5%.

In addition, for each method, the sensing accuracy in the first configuration is better

than that in the second one, because the environment in the first configuration is

simpler and hence it is easier for human activity recognition.
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Figure 3.10: Impact of the number of subcarriers on the sensing accuracy

To further analyze the performance of different methods, we provide the confu-

sion matrix for different activities in the first experimental configuration in Fig 3.9.

DLN-eCSI-L achieves much higher sensing accuracy than the RNN method [146]

for all the six activities, so does DLN-eCSI-D. For instance, the overall sensing

accuracy of DLN-eCSI-L and DLN-eCSI-D for each activity is all above 0.912 and

0.877, respectively, but the accuracy for RNN is only 0.774.

Fig. 3.10 illustrates the impact of the number of subcarriers on the sensing

accuracy of various methods in two configurations. Obviously, in both config-
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Table 3.2: Training time for different methods

Methods

Hidden units
300 500

RNN [146] 3822.8s 7837.1s

Proposed DLN-eCSI-L 577.3s 1631.4s

Proposed DLN-eCSI-D 572.7s 1603.6s

Table 3.3: Average Sensing Accuracy of the three methods in the two indoor
configurations

Methods 1st Exp. 2nd Exp.

Proposed HAR-AF-DLN 98.4% 93.4%

RNN [146] 87.5% 78.4%

AE-LRCN [147] 92.4% 89.7%

urations, DLN-eCSI-L achieves the best sensing performance among these three

methods increasing the number of subcarriers. For instance, when the number of

subcarriers is 60, the sensing accuracy for DLN-eCSI-L and DLN-eCSI-D in the

second configuration are 0.869 and 0.819, respectively. By contrast, the sensing

accuracy for RNN in [146] is only 0.777. Notably, when the number of subcarriers

is less than 60, the sensing accuracy of DLN-eCSI-D is lower than that of RNN

in [146], while the training time in LSTM-RNN of DLN-eCSI-D is much smaller

than RNN (refer to Table 3.2).

Table 3.2 compares the training time of LSTM-RNN for various methods with

different Hidden units. We utilize a 3.4GHz PC with Nvidia P5000 graphic card

(16GB memory) to train the LSTM-RNN. The number of training iteration is 2000

and the training data set contains 1200 samples. It is clear that our proposed

methods are superior to the RNN method in [146]. Specifically, when the number of

hidden units is 500, the training time of LSTM-RNN for our proposed two methods

are less than about one-quarter of that for RNN in [146].
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Figure 3.11: Confusion matrix for different human activity recognition methods.

Performance of HAR-AF-DLN

In this section, we first compare the performance of our proposed HAR-AF-DLN

scheme with other state-of-the-art methods (i.e., RNN [146] and AE-LRCN [147]),

taking various parameters and configurations into consideration. We then provide

in-depth evaluations of the effect of CCE and AF-DLN on our proposed scheme,

respectively.

Table 3.3 illustrates the average recognition accuracy of three methods for the

six activities with different configurations and parameters. As can be seen, the

proposed HAR-AF-DLN clearly outperforms the other two methods in both indoor

configurations. Take the second configurations as an instance, our proposed HAR-

AF-DLN can achieve the average accuracy at 93.4%. In contrast, the corresponding

sensing accuracies for the other three methods (i.e., RNN [146] and AE-LRCN [147])
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Figure 3.12: Impact of the number of subcarriers on the recognition accuracy.

Table 3.4: Training time for different methods

Methods

Hidden units
300 500

Proposed HAR-AF-DLN 632.2s 1753.1s

RNN [146] 3822.8s 7837.1s

AE-LRCN [147] 5591.4s 8956.1s

are lower than 90%.

To examine the performance of each method in detail, we present the confusion

matrix for six activities in the first configuration in Fig. 3.11. The proposed HAR-

AF-DLN performs much better than the other two methods in identifying these

activities, particularly in differentiating similar activities such as lying and standing.

Fig. 3.12 demonstrates the impact of the number of subcarriers on average

sensing accuracy. The six activities are performed in the second experimental

configuration. Clearly, with an increasing number of subcarriers, each sensing

method can achieve better average recognition accuracy. In all the cases with

different numbers of subcarriers, HAR-AF-DLN achieves higher sensing accuracy

than the others.

We provide Table 3.4 to compare the training time for the three methods. The

DLNs are trained using a 3.4GHz workstation with Nvidia P5000 graphic card
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Figure 3.13: Impact of CCE on recognition accuracy.

(16GB memory). The numbers of training samples and iterations are 1200 and

2000, respectively. Our proposed HAR-AF-DLN scheme is shown to have much less

training time. This largely credits to the notably reduced dimension of the input

matrix Ddy.

We present Fig. 3.13 to show the impact of the proposed CCE method on

sensing performance in both experimental configurations. The average sensing

accuracy of the proposed method with CCE is significantly higher than that of

the method without CCE. This is because the CCE method can compensate for the

timing offset, reduce activity-unrelated information and enhance activity-related

information, which is beneficial to extract proper features for HAR.

The impact of the proposed AF method on recognition performance is shown

in Fig. 3.14, under the second experimental configuration. From this figure, the

sensing accuracy of the proposed method with AF in recognizing similar behaviors

(e.g., standing and lying) is notably higher than that without AF. This is because

the AF method can effectively distinguish similar activities, improving recognition

performance.

In table 3.5, we compare the performance of the proposed DLN-eCSI and the

proposed HAR-AF-DLN from various perspectives. Specifically, as observed from

this table, the proposed HAR-AF-DLN outperforms the proposed DLN-eCSI in

sensing accuracies. This is because, the proposed HAR-AF-DLN utilizes phase

features and improve their quality by compensating for timing offset. Moreover,
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Figure 3.14: Impact of AF-DLN on the recognition accuracy.

Table 3.5: Comparison for the Proposed Methods

Methods Accuracy Training Time Hardware Consumption

Proposed DLN-eCSI Fair Short Low

Proposed HAR-AF-DLN High Fair High

the proposed AF method helps to identify similar activities, contributing to better

sensing results. However, compared to the developed DLN-eCSI, the proposed HAR-

AF-DLN requires a longer time and more hardware resources to train the model

well. In a word, the user can make a selection of these two schemes based on their

requirements on sensing accuracies, training time and hardware resource.

3.6 Conclusion

In this paper, we developed two novel HAR schemes for device-free human activity

recognition, i.e., DLN-eCSI and HAR-AF-DLN. We first proposed a DLN-eCSI

with the key innovative CFES method for data preprocessing. The CFES method

enhances activity-related signals via using a recursive algorithm and condenses the
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enhanced signals via computing the correlation across segmented signals over time

and frequency domains. The CFES scheme is hence an efficient pre-processing

tool for device-free WiFi sensing, and can be potentially used with many other

sensing schemes. To further improve the sensing accuracy, we developed a HAR-

AF-DLN scheme for human activity recognition, which consists of novel CCE and

AF methods. The CCE method can compensate for the timing offset, enhance the

activity-related signals and reduce the dimension of input signals to DL networks.

The AF method is able to distinguish similar activities based on the enhanced CSI

correlation features achieved from CCE. Through extensive experimental results, we

validate that the proposed DLN-eCSI and HAR-AF-DLN schemes are superior to

state-of-the-art methods in terms of recognition accuracy and training complexity.



54
Chapter 3. DL-based Human Activity Recognition with Sufficient Training

Samples



Chapter 4

DL-based Human Activity

Recognition with Limited Training

Samples

In the previous chapter, we investigated the DL-based HAR in a scenario with a

large number of required training samples. However, those two proposed schemes

are deficient for the scenario in which the training samples are limited. In this

chapter, to address the above concern, we propose a novel HAR scheme drawing

support from the DL networks and innovative signal processing techniques. The

proposed HAR scheme aims to facilitate a successful HAR using limited training

samples, e.g., the dataset from one previously seen environment (PSE) and, at the

minimum, one sample for each activity from the testing environment.

4.1 Introduction

Numerous DL-based approaches have been developed to facilitate HAR in the s-

cenario with a limited number of training samples. Recent work in [171] leveraged

the property of transfer learning to accomplish environment-robust recognition. An-

other work in [172] proposed to employ adversarial learning to realize environment-

independent recognition. Although these two methods can identify human behav-

iors, they need many PSEs for training. The HAR model designed in [173] can

55
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accomplish HAR and does not require multiple PSEs for training. However, a large

number of training samples from the testing environment (e.g., several hundreds of

samples for each activity) is still needed for performance refinement. When both the

number of PSEs and the amount of samples from the testing environment are quite

limited (e.g., one PSE and at the minimum one sample for each activity from the

testing environment), the above methods fail to accomplish successful recognitions.

To address the challenging issues aforementioned, we propose a novel HAR

scheme to realize a reliable HAR using the dataset from one PSE and, at the

minimum, one sample for each activity from the testing environment. The major

contributions of this chapter are as follows.

• We propose a HAR scheme using Matching Network with enhanced CSI (MatNet-

eCSI) to successfully perform one-shot learning to recognize human activities

in a new environment. Our proposed scheme can largely improve the recogni-

tion accuracy in the new environment with much less training complexity, i.e.,

it requires only one training sample from the new environment.

• We propose a CSI correlation feature enhancement (CCFE) method to en-

hance the activity-dependent information and eliminate the activity-unrelated

information. CCFE consists of two steps: activity-related information extrac-

tion (ARIE) and correlation feature extraction (CFE). The proposed CCFE

can reduce the dimensions of the signals input to the MatNet, significantly

decreasing the training complexity.

• We propose a novel training strategy to leverage the properties of MatNet for

the successful HAR. The proposed strategy can facilitate a reliable recognition

performance even for the situation in which only one PSE is available. For

completing the training task, only one sample from the testing environment

and the data set from the PSE are required.

• To evaluate the performance of our proposed scheme, we conduct numer-

ous experiments. The extensive results show that the proposed MatNet-

eCSI achieves significantly higher recognition performance than state-of-the-

art sensing methods, with much less training complexity.
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We organize the remainder of this chapter as follows. In Section 4.2, we provide

an overview of the proposed MatNet-eCSI scheme. The details of the designed CCFE

is described in Section 4.3. The process of detecting activities with the developed

HAR scheme is presented in Section 4.4. Section 4.5 shows the performance evalu-

ation of the proposed MatNet-eCSI scheme. Section 4.6 summarizes conclusions of

this chapter.

4.2 The MatNet-eCSI Scheme

The diagram of the proposed MatNet-eCSI scheme is shown in Fig. 4.1, consisting

of three main modules/stages: CSI Collection, CSI Preprocessing and Activity

Recognition. In the first stage, the CSI that represents the variation of wireless

channels induced by human activities is collected at the WiFi receiver. In the second

stage, the collected CSI is then processed, including reducing activity-unrelated

information such as scattering signals from the background objects, compressing

and reducing the signal input to Stage 3 and enhancing the feature signals. Ideally,

only the activity-related signals are transferred to the next stage. In the third and

last stage, the MatNet is utilized to automatically learn and extract the hidden

features from the enhanced CSI for human behavior classification. Next, we provide

a brief overview for each stage, and then detail the last two stages in Section 4.3

and Section 4.4, respectively.

4.2.1 CSI Collection and Preprocessing

For the part of CSI collection, we adopt the Intel 5300 NIC, as stated in Section

3.2, to acquire and collect CSI.

The CSI vector h(i), acquired from the i-th packet, is written as h(i)=[H1,1(i),. . . ,

H1,m(i),. . . ,Hn,m(i),. . . ,HN,M(i)]T , where Hn,m(i) stands for the CSI measurement at

the mth subcarrier in the nth wireless link; M denotes the total number of available

subcarriers in each wireless link; N represents the total number of wireless links, and

N = Nt ×Nr where Nt and Nr are the number of antennas at the transmitter and

receiver, respectively; and T stands for the transpose operation. The CSI matrix H,
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Figure 4.1: Main processing modules of the MatNet-eCSI Scheme.

made up of CSI vectors obtained from I packets, is

H = [h(1), . . . ,h(i) . . . ,h(I)]. (4.1)

The CSI Preprocessing stage intends to reduce CSI for static background objects

and condense the CSI matrix. On the one hand, the CSI matrix H represents the raw

CSI measurements and contains multiple channel paths from static background ob-

jects and hence a lot of activity-unrelated information. Such information is generally

environment-dependent and can largely reduce the robustness of the sensing system.

It will also affect the quality of extracted features in the following processing. On the

other hand, the size of H is quite large, and it is computationally intensive and time-

consuming to utilize H directly for training and classification using neural networks.

To address these problems, we use the CCFE method that consists of two main steps:

activity-related information extraction and correlation feature extraction.

In the first step, we use a linear recursive operation to construct the CSI for static

objects and then subtract it from the received signal. The output is expected to have

significantly reduced activity-unrelated information. In the next step, we compute

the correlation of the output channel matrix from Step 1, and obtain the correlation
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feature matrix (CFM). CFM contains condensed activity-related information, with

largely reduced dimension compared to the original CSI matrix H.

4.2.2 MatNet based Activity Recognition

This module aims to recognize human activities using the MatNet technology, by

automatically learning and extracting the hidden information and features from

CFM.

To realize feature extraction, we utilize MatNet that can automatically learn

and extract deeper features from CFM. Note that, the proposed training strategy

is able to bridge a gap between the testing environment and the PSE. The training

process requires the data set from the PSE and, at the minimum, one sample from

the testing environment, facilitating one-shot learning in the testing environment.

For realizing human activity recognition, the deep learning network is firstly trained

offline using the training data; Then, the well-trained network is used online to

recognize different human activities.

4.3 CCFE for CSI Preprocessing

In this section, we present a detailed design of CCFE for CSI preprocessing. We

will first describe the linear recursive operation based activity-related information

extraction method, and then discuss the correlation feature extraction method.

One of the core tasks is to mitigate activity-unrelated information whilst retain-

ing activity-related information. Consequently, we can extract feature signals more

correlated with activities and less dependent on the environment. To that end, we

partition h(i) in (4.1) into two parts: dynamic CSI and static CSI, given by

h(i) = hst(i) + hdy(i), (4.2)

where hst(i) represents the static CSI vector that is unrelated to human activities.

hdy(i) denotes the dynamic CSI vector that is caused by human activities. In such a

case, most of the information contained in dynamic CSI vector in CCFE is activity-

related, such as multipath signals which contain the movement information of the
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object. Note that hst(i) is generally the dominating component in h(i) and much

larger than hdy(i). The reason is that the impact induced by human activities on

the whole environment is generally limited. This is especially true when a person

is performing minor actions, e.g., raising hands, sitting, standing, etc. Under this

situation, the accuracy of human activity recognition may drop severely if directly

utilizing h(i) (refer to Fig. 4.12). Therefore, we want to filter out the static

information hst(i) from h(i) by exploiting its stability over time. To that end,

we propose a recursive algorithm leveraging the EWMA approach [180].

There is one major problem here: the timing offset between the WiFi transmitter

and receiver, which are not clock-wise synchronized, varies over packets. Such

timing offset causes linear phase rotation over subcarriers. It must be estimated

and compensated before applying the recursive operation.

Let ĥst(i) denote the recursive output at the i-th packet, which is supposed to

be the estimate for the static CSI. The recursive operation from continuous packets

is respresented as ĥst(i) = δ(Φ̂∗(i)⊗ IN)h(i) + (1− δ)ĥst(i− 1), where IN represents

an N × N identity matrix, ⊗ represents the Kronecker product, δ stands for the

forgetting factor, the superscript ∗ denotes conjugate, Φ̂(i) = diag{exp (jφ̂m,i)} is

a diagonal matrix with the m-th element exp (jφ̂m,i), and φ̂m,i is an estimate of the

actual φm,i associated with the timing offset. Since signals for all the antennas are

typically tied to the same clock, the timing offset, as well as the phase shifts φm,i

are the same for all antennas at subcarrier m in packet i.

The phase shift φm,i can be represented by

φm,i = mψi + θi, (4.3)

where ψi and θi are phase shifts related to the timing offset.

In order to estimate ψ and θi, we first compute the dot product � between h(i)

and (ĥst(i− 1))∗, generating

r(i) , h(i)� (ĥst(i− 1))∗

≈ (Φ(i)⊗ IN)|ĥst(i− 1)|2 (4.4)

where |ĥst(i − 1)|2 denotes element-wise square of the absolute value. In (4.4), the

first approximation is based on the fact that static paths typically have much larger
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power than dynamic ones, and the second approximation is based on the assumption

that the estimate ĥst(i− 1) is close to the actual static CSI.

We can then stack r(i) into an M ×N array, with each column containing CSI

for one antenna, and compute the mean over each row to get a new M × 1 vector

r̄(i). Computing the cross-correlation for neighbouring elements with equal spaced

subcarrier indices in r̄(i) and then computing the mean of the output, we can obtain

a sample denoted by γi. Then we can obtain the estimate for ψi as ψ̂i = ∠(γi)/Ks,

where Ks is the index intervals between the used subcarriers that are equally spaced.

Ks is set to 2 for using the Intel NIC 5300 card in the experiments .

Let r̄m,i be the m-th element in r̄(i). The parameter θi in (4.3) can then be

estimated as

θ̂i = ∠

(∑
m

r̄m,ie
−jmψ̂i

)
, (4.5)

where the sum can be over a selected number of samples with larger energy to

mitigate the noise.

We then obtain the estimate Φ̂(i) and can obtain the recursive output ĥst(i). At

packet i, the estimated value of dynamic CSI, ĥdy(i), is then given by

ĥdy(i) = (Φ̂∗(i)⊗ IN)h(i)− ĥst(i). (4.6)

Let Âdy(i) and Ψ̂dy(i) stand for the amplitude and phase parts of ĥdy(i), respec-

tively. Thus we can decompose the dynamic CSI matrix Ĥdy into dynamic amplitude

matrix Âdy and dynamic phase matrix Ψ̂dy as

Âdy = [âdy(1), . . . ,âdy(i), . . . ,âdy(I)],

Ψ̂dy = [ψ̂ψψ
dy

(1), . . . ,ψ̂ψψ
dy

(i), . . . ,ψ̂ψψ
dy

(I)]. (4.7)

where ÂAA
dy

(i) and ψ̂ψψ
dy

(i) are amplitude and phase vector of ĥdy(i). Note thatÂdy and

Ψ̂dy contains mostly activity-related information. Thus they can be used to extract

more distinctive features that are less dependent on environment for recognizing

human activities.

It is noteworthy that we can divide a person’s activity into different stages. Each

stage can be represented by a feature signal, and different stages are dependent and
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correlated. For example, the activity “sit down” may involve a series of stages,

from static, sitting down with accelerating, and sitting down with decelerating to

sitting still. The features of different stages, e.g., speed and spatial positions of that

person, are different but mutually correlated. While for the activity “sitting”, its

features among different stages, e.g., speed and spatial positions of human beings,

remain similar, but not identical due to, e.g., the breathing activity. Hence “sit

down” and “sitting” can be largely distinguished via these differences, while relative

static activities such as “sitting”, “standing” and “empty” are differentiated via the

different impacts of these activities on signal propagation associated with both body

positions and minor body dynamics caused by, e.g., breathing.

Note that all the feature signals for each activity are contained in Ĥdy. Such

connections and dependency can typically be captured by a Markov chain, or a

Markov chain combined with Recurrent Neural Networks, which are typically applied

for natural language processing. In this paper, we investigate a correlation based

method, which can not only capture such dependency, but also significantly reduce

the complexity in at least the training stage.

We partition Âdy and Ψ̂dy into several segments and calculate the correlation

features between different segments, respectively. Besides, Âdy and Ψ̂dy in different

subcarriers are also correlated, providing additional information for recognizing

human activities. Thus, our proposed CCFE conducts correlation operation over

both packets and subcarriers, compressing correlated features between different

segments and subcarriers, as shown in Fig. 4.2.

Next we refer toÂdy to present the process of correlation operation. For Ψ̂dy, the

process is similar. Assume that I is divisible by K. Then we evenly divide Âdy into

K non-overlapped segments, with a length of I/K for each segment. The resulted

signal matrix UA is represented by

UA = [UA(1),UA(2), . . . ,UA(k), . . . ,UA(K)], (4.8)

where UA(k) stands for the NM × I/K dynamic amplitude matrix of the kth

segment. Next, we calculate the covariance matrix between different segments

CA
i,j = E

[
(UA(i)− E[UA(i)])(UA(j)− E[UA(j)])T

]
, (4.9)
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Figure 4.2: Correlation feature extraction in the proposed CCFE.

where E[.] represents the operation of taking the mean, CA
i,j is the covariance matrix

of UA(i) and UA(j), i = 1, 2, . . . , K, j = i, i + 1, . . . , K. The whole covariance

matrix, CA, is written as

CA = [CA
1,1,C

A
1,2, . . . ,C

A
1,K ,C

A
2,2,C

A
2,3, . . . ,C

A
K,K ]. (4.10)

Note that CA can only reveal the correlation between different segments. The

correlation between signals across subcarriers can be obtained by

DA
en = CA × (CA)T , (4.11)

where DA
en is the correlation feature matrix (CFM) of amplitude, which will be used

to train MatNet.

Following the above steps, we can similarly obtain the segmented signal matrix

UΨ, covariance matrix CΨ and the CFM DΨ
en for Ψ̂dy.

For clarity, the procedure of correlation feature extraction is summarized in

Algorithm 1. Note that the size of both CA and CΨ are NM × (K+1)KNM
2

. For

both DA
en and DΨ

en, their sizes are NM ×NM and much smaller. Since the training

complexity is highly influenced by the size of input data, reducing the size of

input signal can result in a notable reduction in training complexity, much higher

than the complexity associated with the correlation computation. Therefore the

computational complexity can be significantly reduced when using DA
en and DΨ

en,

instead of CA and CΨ, as the input for training MatNet (refer to Fig. 4.12).
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Algorithm 1: Correlation feature extraction.

1: begin

2: Initialize: the length of input data I,

the number of non-overlapped segments K,

the length of each segments Ls;

3: Ls = I/K;

4: For 1 ≤ k ≤ K

5: UA(k) = [Âdy((k − 1)Ls + 1), . . . , Âdy(kLs)];

UΨ(k) = [Ψ̂dy((k − 1)Ls + 1), . . . , Ψ̂dy(kLs)];

6: end

7: Construct UA and UΨ based on Eq. (4.8);

8: For 1 ≤ i ≤ K

9: For i ≤ j ≤ K

10: Compute CA
i,j and CΨ

i,j based on Eq. (4.9);

11: end

12: end

13: Construct CA and CΨ based on Eq. (4.10);

14: Compute CFM DA
en and DΨ

en:

DA
en = CA × (CA)T , DΨ

en = CΨ × (CΨ)T ;

15: end
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4.4 MatNet based Human Activity Recognition

CSI-based HAR is very sensitive to environment. In the previous section, we have

introduced CSI preprocessing to reduce the impact of environment on the feature

signals and improve its robustness to the environment. However, it cannot fully

remove the impact as dynamic CSI can also be environment-related via, for example,

signals sequentially scattered by human body and environmental objects, as well

as the residual errors in preprocessing. One approach to further improving the

robustness is to train the DL network with data from massive different environment,

which is however very costly. Although some data processing techniques, e.g., data

augmentation and regularization [183, 184], can help to alleviate the problem of

overfitting caused by insufficient training data, the improvement is limited due to

the high correlation between the generated data and the original data.

In this section, we propose to use MatNet, a neural network augmented with

external memory, to improve the environmental robustness via one-shot learning.

The input to MatNet is the enhanced CSI (i.e., DA
en and DΨ

en). In particular, we

propose a tailored training strategy for better utilizing the property of MatNet,

which is capable of realizing the sensing task using at the minimum, one set of

training data from the new environment.

4.4.1 Architecture of MatNet

The architecture of MatNet based HAR is illustrated in Fig. 4.3. For a given

reference data set R, the function of MatNet is to build a classier cR for each R,

mapping R to cR, R→ cR(.).

Let (x, y) stand for the CFM-label pairs, x = {DA
en,D

Ψ
en} is the input CFM with

a size of NM ×NM ×2, y is the output label for the corresponding human activity.

Then the reference data set R with Nk samples can be written as

R = {(xi, yi)}Nk
i=1. (4.12)

For a given target sample x̂, the probability distribution of the output ŷ can be
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defined as

P (ŷ|x̂, R) , R→ cR(x̂), (4.13)

where P stands for the probability distribution, which is parameterised by the CNN

and LSTM (shown in Fig. 4.3). As a result, the estimated output label ŷ for a

reference data set R and a given input x̂ can be obtained by

ŷ = arg max
y
P (y|x̂, R). (4.14)

One simple way to estimate ŷ is calculating the linear combination of y in the

reference data set R, so (4.14) is equal to

ŷ =

Nk∑
i=1

a(x̂, xi)yi, (4.15)

where xi, yi are the CFM and the corresponding label from the reference data set

R = {(xi, yi)}Nk
i=1, and a is an attention mechanism in the form of softmax over the

cosine similarity, which is defined as

a(x̂, xi) =
ecos(f(x̂),g(xi))∑Nk

j=1 e
cos(f(x̂),g(xj))

, (4.16)
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where cos(α, β) is the cosine similarity function [185], defined as

cos(α, β) =
α · β

‖ α ‖‖ β ‖
. (4.17)

In (4.16), f and g stand for the embedding functions to embed x̂ and xi, which

can be seen as extracting features from the input data. As is illustrated in Fig. 4.3,

both f and g are CNN with LSTM, acting as a lift to input features for achieving

the maximum accuracy via the classifier as defined in (4.15).

In order to extract distinguishable and generalised features from input data for

one-shot learning, g and f are designed to embed xi and x̂ fully conditioned on

the whole reference data set R. Thus, g and f can be represented as g(xi, R) and

f(x̂, R), respectively.

The structure of g is shown in Fig. 4.4, which consists of a CNN with a

bidirectional LSTM [186]. The CNN adopted here is a classical structure including

several stacked modules, e.g., convolution layer, Relu non-linearity and max-pooling

layer. The output of CNN, g′(xi), which can be seen as discriminative features of

xi, is the input of the bidirectional LSTM. The value of g(xi, R) can be obtained by

g(xi, R) = ~hi + ~hi + g′(xi), (4.18)

~hi,~ci = LSTM(g′(xi),~hi−1,~ci−1), (4.19)

~hi, ~ci = LSTM(g′(xi), ~hi+1, ~ci+1), (4.20)

where ~hi and ~ci represent the output and cell of the forward LSTM, respectively;

~hi and ~ci stand for the output and cell of the backward LSTM, respectively; and

LSTM(g′, h, c) follows the same definition in [187]. Note that g, a function of the

whole reference set R, can play a key role in embedding xi, which is especially useful

when an element xj is very close to xi. In other words, if xi and xj are input features

of two similar activities (e.g., sitting and sitdown), respectively, g can be trained to

map xi and xj to two distinguishable spaces considering the whole reference data

set.
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The embedding function f is also composed by CNN and LSTM. The architecture

of CNN is the same as the one in g, while the structure of LSTM is different which

is the read-attention based LSTM [188]. Let attLSTM(.) denote the read-attention

based LSTM, then for a given target sample x̂, the output of attLSTM(.) over the

whole reference data set R can be written as

f(x̂, R) = attLSTM(f ′(x̂), g(R), Np), (4.21)

where f ′(x̂), the extracted feature via CNN (similar to g above), is the input of

read-attention based LSTM; g(R) denotes the data set obtained by embedding each

sample xi from the reference data set R via g; and Np represents the number of

unrolling steps in LSTM. Thus, for the npth processing step, the state of the read-

attention based LSTM can be expressed as follows:

hnp = ĥnp + f ′(x̂), (4.22)

ĥnp , cnp = LSTM(f ′(x̂), [hnp−1, rnp−1], cnp−1), (4.23)
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where LSTM(f ′(x̂), [hnp−1, rnp−1], cnp−1) follows the implementation described in

[187]; rnp−1 stands for the read-out from g(R) and is concatenated to hk−1. We

can represent rnp−1 as

rnp−1 =
Ns∑
i=1

a(hnp−1, g(xi))g(xi), (4.24)

where Ns is the length of g(R); a(·, ·) denotes the attention function in the form of

softmax, and is given by

a(hnp−1, g(xi)) = softmax(hTnp−1g(xi)). (4.25)

Since Np steps of “reads” are conducted, we have attLSTM(f ′(x̂), g(S), Np) = hNp ,

where hnp is given in (4.22).

4.4.2 Training Strategy and Testing procedure

In this subsection, we propose a tailored training procedure to realize HAR in a

new (testing) environment using the training data set from one PSE and at the

minimum, one sample, from the new testing environment. Our training procedure

borrows the idea from episode-based training [189]. However, the training process

in [189] requires many PSEs for feature extraction, hence, it cannot be directly

applied to our problem. To overcome this issue, we develop a two-step training

process to bridge the PSE and the new testing environment, so as to extract desired

signal features using the training data from one PSE only.

Let T denote a task which can be seen as a distribution over possible label sets

of human activities. In each episode, L, a set of human activities, is sampled from

T , L ∼ T . L can be a label set {sitting, running, walk, running, standup, sitdown,

empty}. Then L is used to sample the reference data set R and a batch of target

set B, obtaining R = R ∼ L and B = B ∼ L. The basic idea of training MatNet is

to minimize the error from estimating the labels in the batch B conditional on R.

Thus, the loss function of MatNet based human activity recognition, L, is expressed

as

L = −EL∼T

ER,B

 ∑
(x,y)∈B

logPΩ (y|x,R)

 , (4.26)
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where Ω = {Ω1,Ω2}, Ω1 and Ω2 are the parameter sets of embedding functions g

and f , respectively. The training objective is to minimize the loss function over a

batch for a given reference data set R, which can be represented as

Ω = arg min
Ω
L(Ω). (4.27)

It is important to note that, for each episode, our proposed training strategy

includes two key steps with different data in R and B. Specifically, in the first step,

the samples in R are only from the PSE, while the samples in B are from both the

testing environment and the PSE. Notably, there is no overlap between R and B.

The aim of this step is to build a relationship between the testing environment and

the PSE. The essential features for recognizing different activities are also extracted.

Then, the trained network coefficients are frozen for the next training step. In the

second step, the samples in both R and B are from the testing environment. The

network is trained based on R and B using the parameters obtained from the first

step. This training step can be seen as a fine tuning process which can help the

MatNet to better learn and extract the distinguishable features of human behaviors

in the testing environment.

4.5 Implementation and Evaluation

In this section, we perform extensive experiments to validate the performance of the

proposed MatNet-eCSI scheme.

4.5.1 Experimental Setup

To implement the proposed MatNet-eCSI, we use two computers with Intel WiFi

NIC 5300 network card, serving as the transmitter and receiver. The WiFi cards

operate in the 802.11n mode. The transmitter, using one antenna (Nt = 1), operates

on the 5.32 GHz frequency band and continuously sends packets. The receiver,

equipped with three antennas (Nr = 3), keeps collecting and storing CSI using

the CSI tools in [25]. The number of subcarriers for each pair of the transmitter-

receiver antennas is 30 (S = 30). We use a sliding window with time length 2s to
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Figure 4.5: Layout of three indoor experimental areas: (a) 3m × 4m office. (b)
4m× 6m meeting room. (c) 6m× 7m laboratory.

get samples for each activity from raw CSI streams. During training, if the time

window spans over multiple activities, it is labeled as the activity with the maximum

proportion. This enables the training and the applications of the trained model to

actual recognition. It may be better if a windowing method with window length

adapting to activities can be developed and applied. However, this is a non-trivial

task and we note it as an open research problem here. The rate of samples is 1

KHz, so the size of CSI matrix (H) is 90 × 2000. The number of segments K in

the proposed CCFE method is 5. For each embedding function of MatNet-eCSI, it

contains a CNN with 8 convolutional layers. Each layer contains a 3×3 convolution,

a ReLU non-linearity operation, and a 2 × 2 max-pooling. The proposed MatNet-

eCSI is trained using a 3.4 GHz PC with Nvidia P5000 graphic card (16GB memory).

The number of training iterations is 1000. The batch size and learning rate are set

as 64 and 0.001, respectively.

We deploy our proposed MatNet-eCSI in three indoor configurations with d-

ifferent environmental complexities. The layout of each indoor configurations is

illustrated in Fig. 5.5. Specifically, the first configuration is a 3m× 4m square area.

The second one is a 4m×6m meeting room, and the third one is a 6m×7m laboratory

room. Note that the wireless environments of different configurations are determined

by not only the size of room but also several other factors, such as the locations

of the transmitter and receiver, and the objects placed between transmitter and

receiver. The latter can significantly influence the sensing performance. Moreover,
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the similarity between wireless environments in different configurations also has a

noticeable impact on recognition performance of the proposed scheme, because more

common features can be learned and extracted if wireless environments are similar.

We then compare the difference between different environments, via calculating the

similarity of wireless environments involved in different configurations. To do this,

we compute the cosine similarity function [185] for the received CSI. The similarity

of wireless environment between the first and second configurations, between the

second and third, and between the first and third configurations are 0.679, 0.616

and 0.571, respectively. In such a case, compared to the third configuration, the

wireless environment in the second configuration is more similar to that in the first

configuration.

In each indoor configuration, activities performed by five persons are collected as

the dataset, and each person performs seven activities: empty room, sitting down,

sitting, standing up, standing, walking, and running. Each activity is performed 200

times in total. The each target person performs activities randomly in the experi-

mental environment. We demonstrate the average HAR performance by considering

different locations. The dataset is partitioned into the training dataset and testing

dataset. The training data set is used to train the network for recognizing human

behaviors in the testing environment. We consider two different training data sets,

i.e., “one-shot” and “five-shot”, using 1 and 5 samples respectively for each activity

from the testing environment, together with the whole data set from the PSE. In

the experiments, we achieve robust scaling for the proposed scheme in the following

way. Firstly, after the stage of data processing (i.e., the proposed CCFE method),

we normalize the input data before putting it into the MatNet architecture. Then,

in the training stage, we adopt the Batch Normalization method [190] to normalize

the inputs of each layer.

We also briefly summarize the experimental setups of methods for comparison

(i.e., RNN [146], TNNAR [171], EI [172], and MatNet [189]). Specifically, the

method in [146] is developed for HAR based on RNN architecture, which has

four hidden layers. 200 hidden units are contained in each hidden layer. The

TNNAR method [171] is developed based on transfer learning. This work uses
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two convolutional layers with max-pooling layers, one LSTM layer, and two fully-

connected layers. The batch size and learning rate for four methods are all set as

64 and 0.001, respectively. In EI method [172], the three-layer stacked CNNs are

adopted to extract the activity features. In each layer of CNNs, 2D kernels are

used as the filters. Then, a batch norm layer is applied to normalize the mean and

variance of the data at each layer. The method in [189] is based on the traditional

MatNet that contains a CNN with 8 convolutional layers. Each layer contains a

convolution, a ReLU non-linearity operation, and a max-pooling.

4.5.2 Performance Evaluation

In this section, we first evaluate the performance of our proposed MatNet-eCSI

scheme and compare it with four other state-of-the-art methods (i.e., RNN [146],

TNNAR [171], EI [172], and MatNet [189]) considering various parameters and

configurations. We then analyze the impact of the proposed CCFE method and

other parameters (e.g., size of reference data set) on the performance of MatNet-

eCSI.

It is important to note that the proposed MatNet-eCSI has two key differences

in comparison with MatNet in [189]. Firstly, our proposed MatNet-eCSI uses C-

CFE, which enhances the activity-dependent information and decreases the training

time. Secondly, MatNet-eCSI uses a tailored novel training strategy that enables

better exploration of the properties of MatNet. Through this training strategy, the

recognition task can be accomplished using at the minimum, one set of training data

from the testing environment.

Performance Comparison for Different Methods

Table 4.1 ∼ Table 4.3 demonstrate the average recognition accuracy of the five

methods for seven activities considering different configurations and parameters.

The testing environments in Table 4.1 ∼ Table 4.3 are the first, second and third

configurations, respectively. PSE1, PSE2 and PSE3 denote the first, second and

third configurations as PSEs, respectively. “One-shot” and “Five-shot” indicate

using 1 and 5 samples respectively for each activity from the testing environment,
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Table 4.1: Average recognition accuracy of the five methods in the first indoor
configurations

Method
PSE2 PSE3

One-shot Five-shot One-shot Five-shot

Proposed MatNet-eCSI 0.868 0.934 0.822 0.923

MatNet 0.402 0.447 0.398 0.444

RNN 0.206 0.253 0.216 0.268

EI 0.354 0.411 0.351 0.407

TNNAR 0.328 0.393 0.323 0.390

together with the whole data set from the PSE.

From these tables, we can observe that the proposed MatNet-eCSI significantly

outperforms the other four methods in all indoor configurations for both “one-shot”

and “five-shot”. The reason is that, our proposed CCFE method improves and

condenses the activity-dependent information in input signals. Consequently, the

activity-related features can be effectively learned and extracted, which is beneficial

for distinguishing activities. Moreover, we proposed a tailored training strategy to

better utilize the property of MatNet for reliable sensing performance. As a result,

the bridge between the PSE and the testing environment can be effectively built

using even one sample for each activity from the testing environment. Therefore, our

proposed scheme is capable of achieving much higher sensing results with even one

sample from the testing environment together with the dataset from one PSE, which

is also the main advantage of the proposed MatNet-eCSI. By contrast, TNNAR and

MatNet require many samples from the testing environment and numerous PSEs to

facilitate activity recognition. Although EI does not need samples from the testing

environment, it requires data from a large number of PSEs. When the number

of PSEs is insufficient, all the above methods (i.e., TNNAR, MatNet and EI) fail

to obtain reliable recognition performance, as illustrated in Table 4.1 ∼ Table 4.3.

For RNN, it needs huge amounts of data from the testing environment for activity

recognition. Since only one or five samples from the testing environment are selected

in the considered scenario, it is difficult for RNN to achieve a satisfactory result.

For detailed exam of the performance, we provide the confusion matrix for each
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Table 4.2: Average recognition accuracy of the five methods in the second indoor
configurations

Method
PSE1 PSE3

One-shot Five-shot One-shot Five-shot

Proposed MatNet-eCSI 0.802 0.881 0.761 0.861

MatNet 0.376 0.429 0.401 0.439

RNN 0.153 0.186 0.219 0.236

EI 0.315 0.405 0.345 0.402

TNNAR 0.302 0.373 0.301 0.369

Table 4.3: Average recognition accuracy of the five methods in the third indoor
configurations

Method
PSE2 PSE1

One-shot Five-shot One-shot Five-shot

Proposed MatNet-eCSI 0.577 0.758 0.461 0.749

MatNet 0.417 0.462 0.374 0.462

RNN 0.163 0.205 0.186 0.214

EI 0.365 0.421 0.333 0.412

TNNAR 0.317 0.388 0.319 0.385

method for the case of one-shot learning, as illustrated in Fig. 4.6. In this figure,

the activities are performed under the first experimental configuration. PSE2 is

selected as PSE. As can be seen, the performance of the proposed work is greatly

better than those of the existing methods. Specifically, for the proposed MatNet-

eCSI, each predicted activity matches the corresponding actual activity, meaning

that our proposed scheme is able to obtain a reliable recognition result for each

activity. By contrast, for the other four sensing methods, the predicted activities

are not in accordance with the corresponding actual activities. Therefore, from

Table 4.1 ∼ Table 4.3 and Fig. 4.6, we can conclude that the proposed MatNet-

eCSI is able to successfully perform one-short learning to recognize human activities

in new/testing environments, using one PSE only. The sensing accuracy of the

proposed MatNet-eCSI is notably higher than that of the existing methods.

Although the proposed MatNet-eCSI is able to obtain a reliable sensing result,

it is shown to be less robust to some activities which induce similar impacts on CSI.
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Empty Stand up Sitting Walk Standing Sit down Running

Empty 0.94 0 0 0 0 0.06 0

Stand up 0 0.7 0.12 0.05 0.11 0 0.02

Sitting 0 0 1 0 0 0 0

Walk 0 0.08 0.01 0.66 0.04 0.1 0.12

Standing 0 0.01 0 0.03 0.95 0 0.01

Sit down 0.03 0.01 0.11 0 0 0.85 0

Running 0 0 0.01 0.03 0 0 0.97
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(a) Proposed MatNet-eCSI

Empty Stand up Sitting Walk Standing Sit down Running

Empty 0.39 0.02 0.2 0.1 0.16 0.07 0.06

Stand up 0.08 0.35 0 0.08 0.26 0.2 0.03

Sitting 0.11 0 0.35 0.01 0.05 0.14 0.34

Walk 0.04 0.11 0 0.55 0.05 0.03 0.22

Standing 0.31 0.01 0.16 0.04 0.3 0.05 0.13

Sit down 0.1 0.12 0.01 0.02 0.42 0.31 0.02

Running 0.1 0 0.03 0.21 0.09 0.02 0.55
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(b) MatNet

Empty Stand up Sitting Walk Standing Sit down Running

Empty 0.1 0.17 0.23 0.4 0.05 0.04 0.01

Stand up 0.07 0.18 0.1 0.42 0.06 0.04 0.13

Sitting 0.19 0.27 0.13 0.21 0.15 0.04 0.01

Walk 0 0.01 0.04 0.94 0.01 0 0

Standing 0.01 0 0.08 0.87 0.03 0 0.01

Sit down 0.13 0.31 0.21 0.22 0.08 0.05 0

Running 0.01 0.03 0.14 0.75 0.05 0.01 0.01
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(c) RNN

Empty Stand up Sitting Walk Standing Sit down Running

Empty 0.49 0.02 0.2 0.02 0.24 0.03 0

Stand up 0.06 0.33 0.02 0.12 0.18 0.24 0.05

Sitting 0.08 0.05 0.25 0.09 0.35 0.14 0.04

Walk 0.01 0.08 0.01 0.45 0.02 0.01 0.42

Standing 0.26 0.02 0.25 0.06 0.29 0.03 0.09

Sit down 0.08 0.14 0.11 0.03 0.30 0.33 0.01

Running 0.02 0.08 0 0.37 0.09 0.1 0.34
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(d) EI

Empty Stand up Sitting Walk Standing Sit down Running

Empty 0.42 0.02 0.32 0.01 0.19 0.03 0.01

Stand up 0.01 0.25 0.01 0.22 0.21 0.23 0.07

Sitting 0.38 0.05 0.22 0.05 0.23 0.06 0.01

Walk 0.01 0.09 0.02 0.41 0.01 0.1 0.36

Standing 0.35 0.08 0.21 0.03 0.3 0.02 0.01

Sit down 0.03 0.12 0.21 0.33 0.1 0.21 0

Running 0.01 0.12 0.01 0.44 0.01 0.11 0.3
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(e) TNNAR

Figure 4.6: Confusion matrix for different human activity recognition methods.
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Empty Stand up Sitting Walk Standing Sit down Running

Empty 1 0 0 0 0 0 0

Stand up 0 0.87 0 0.02 0.1 0.01 0

Sitting 0 0 1 0 0 0 0

Walk 0 0.02 0 0.84 0 0.04 0.1

Standing 0.02 0.01 0.01 0 0.96 0 0

Sit down 0 0.01 0.09 0.01 0 0.89 0

Running 0 0 0 0.02 0 0 0.98
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Figure 4.7: Confusion matrix of proposed MatNet-eCSI for five-shot

Take the activity “walk” in Fig. 4.6(a) as an instance, the probability of correctly

detecting “walk” is 0.66, while the probabilities of sensing it as “running” is 0.12.

This is because when the speed of running is low, its impact on CSI is similar to

that of “walk”. The robustness can be improved by using more samples from the

testing environments (e.g., “five-shot”). To illustrate this, in Fig. 4.7 we show the

confusion matrix of the proposed MatNet-eCSI with “five-shot”. As can be seen

from the figure, the recognition accuracy of each activity for “five-shot” is higher

than that of “one-shot”, implying that increasing the number of samples from the

testing environment can result in better recognition performance. This is achieved

at the cost of increased complexity and samples, as illustrated in Fig. 4.12(b).

Fig. 4.8 demonstrates the impact of the used number of receiving antennas,

represented as the number of total subcarriers, on the average recognition accuracy

in the second experimental configuration. The PSE is PSE3. From this figure, it is

clear that for both “One-shot” and “Five-shot”, increasing the number of subcarriers

can result in better average recognition accuracy for each method. The improvement

is more obvious in our proposed method, particularly in “one-shot”.

In Fig. 4.9, we illustrate the sensing performance of different methods with

the increased number of PSEs. As can be observed from the figure, EI, TNNAR,

MatNet, and our proposed MatNet-eCSI all achieve better recognition performance

when the number of PSEs increases. This is because, with more PSEs, these four

methods are able to better extract common features shared by PSEs and the testing

environment, which is beneficial for recognizing human activities. On the contrary,

sensing accuracy for RNN is not necessarily improved when the number of PSEs

increases. The reason is that RNN cannot extract transferable features shared by



78
Chapter 4. DL-based Human Activity Recognition with Limited Training

Samples

30 60 90
Number of subcarriers

0

0.2

0.4

0.6

0.8

1

Ac
cu

ra
cy

Proposed MatNet-eCSI
MatNet
RNN
EI
TNNAR

(a) One-shot
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(b) Five-shot

Figure 4.8: Impact of the used number of receiving antennas, represented as the
number of total subcarriers, on the recognition accuracy.

PSEs and the testing environment. In addition, the proposed MatNet-eCSI is able

to achieve a satisfactory sensing accuracy with even one PSE, which is difficult for

the other methods to achieve.

In Table 4.4, the required numbers of PSEs for achieving a recognition accuracy

above 80% are shown for four methods. The required number of PSEs (e.g., over 20

PSEs) is obtained by collecting training samples from different rooms with different

sizes or layouts. Note that different layouts in the same room are treated as different

environments. Five people performed activities in each environment. Since PSEs

have no notable impact on the performance of RNN, which requires a large number of
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Figure 4.9: Recognition accuracy with increased number of PSEs

Table 4.4: The number of PSEs required by different methods for the similar
sensing accuracy

Method Number of PSE

Proposed MatNet-eCSI 1

MatNet 18

EI 23

TNNAR 25

samples from the testing environment, we did not present its result in this table. We

can observe from this table that to achieve similar accuracy, our proposed MatNet-

eCSI only requires the training samples from one PSE. By contrast, MatNet, EI and

TNNAR need training samples from 18, 23 and 25 different PSEs, respectively. Since

obtaining samples from numerous different PSEs is always impractical or expensive,

the proposed MatNet-eCSI is superior compared to the other three methods. We

investigate how well the proposed CCFE affects the sensing accuracy for different

methods, as shown in Table. 4.5. In this table, the activities are described in the

first configuration, and PSE is PSE2. It is obvious that the recognition accuracy

for each method with CCFE is better than the case without CCFE. This is because

CCFE is able to enhance the activity-related information, thereby contributing to

distinguishing different activities. Note that the proposed MatNet-eCSI with CCFE

obtains higher accuracy than MatNet with CCFE. This is because the novel training



80
Chapter 4. DL-based Human Activity Recognition with Limited Training

Samples

Table 4.5: Impact of CCFE on recognition accuracy for different methods

Method Without CCFE With CCFE

Proposed MatNet-eCSI 0.616 0.868

MatNet 0.402 0.632

RNN 0.206 0.329

EI 0.354 0.521

TNNAR 0.328 0.502

Proposed MatNet-eCSI MatNet RNN EI TNNAR
Method
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Figure 4.10: Recognition accuracy of different methods with sufficient training
samples

strategy used in our proposed MatNet-eCSI is able to better utilize the properties

of MatNet for feature extraction.

The sensing results of different methods with sufficient training samples are

presented in Fig.4.10. In this figure, the training dataset is collected by using 200

samples for each activity from the testing environment, together with the whole data

set from eight PSEs. We can see that all methods achieve high sensing accuracies

given sufficient samples from the testing environment and various PSEs. This is

because these methods can effectively train their respective models with sufficient

samples, thereby achieving reliable sensing performance. Our proposed MatNet-

eCSI still outperforms other methods in this case, crediting to the proposed CCFE

method.
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Figure 4.11: Effect of CCFE on enhancing the feature signals for two similar
activities“sit down” and “sitting”.

Effect of CCFE on MatNet-eCSI

The impact of CCFE on the performance of the proposed MatNet-eCSI is inves-

tigated in this subsection, to demonstrate the importance of CCFE for the whole

proposed scheme.

We first use two similar activities, e.g., “sit down” and “sitting”, as an instance to

illustrate the effect of CCFE on enhancing the feature signals. From Fig. 4.11(a) and

4.11(e) (or from Fig. 4.11(b) and 4.11(f)), we can see that it is difficult to distinguish

between “sit down” and “sitting” by only utilizing the amplitude (or phase) of H.

By contrast, it is much easier to differentiate these two activities based on DA
en (or

DΨ
en) that enlarges the difference between similar activities. This is because CCFE

reduces activity-unrelated information, hence enlarging the difference. Additionally,

DA
en (or DΨ

en) reduces the dimensions of output signals, compared to the amplitude

(or phase) of H.

Fig. 4.12 presents how well CCFE can improve the average recognition accuracy

and reduce the training time, compared to the case without using it. The activities

are performed in the first experimental configuration, and PSE3 is selected as PSE.

As illustrated in Fig.4.12(a), the average recognition accuracy of MatNet-eCSI with

CCFE is shown to be much better than that of without CCFE for both “One-shot”
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Figure 4.12: Impact of CCFE on the recognition accuracy and required training
time.
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and “Five-shot”. This is because the proposed CCFE is capable of enhancing the

activity-related features by removing activity-unrelated information. Moreover, the

similarities of the enhanced CSI across different environments (i.e., outcomes of

CCFE) become higher, in comparison with initial CSI signals, which is beneficial

for improving sensing performance. Take the activity “sit down” as a study case.

The similarity of the initial CSI signal for this activity across the first and third

configurations is 0.559. The initial CSI signal is input to the proposed CCFE

for processing, and the final outputs include static components (i.e., static CSI)

and dynamic components (i.e., enhanced CSI). The similarities of the static CSI

and enhanced CSI across the first and third environments are 0.461 and 0.632,

respectively. It is clear that, compared to the initial CSI signal, the similarity of

the static CSI across different environments becomes smaller, while the similarity

of the enhanced CSI becomes larger. Since the static CSI is mostly removed before

the training stage, they have little impact on the sensing performance. On the other

hand, the enhanced CSI is fed into the deep learning network for training, which

contributes to improved recognition results.

Fig. 4.13 shows the impact of phase compensation (an important part of CCFE)

on the sensing performance. The activities are performed in the first experimental

configuration, and PSE2 is selected as PSE. As can be observed from the figure,

the sensing accuracy for the case with phase compensation is much higher than that

without phase compensation. The reason is that the proposed phase compensation is

capable of compensating the phase shift that is caused by timing offset. As a result,

the quality of CSI can be improved, which is beneficial for recognizing different

activities.

We also investigate the impact of the number of segment K (an important factor

in CCFE) on the average recognition accuracy, as presented in Fig. 4.14. We present

the results for the second experimental configuration, and PSE is PSE1. As can

be seen from this figure, a larger K leads to higher average recognition accuracy

and better sensing performance. The reason is that the proposed CCFE with a

larger K can extract more correlation information/features for human activity. Note

that the recognition accuracy cannot be infinitely improved with the increase of K.
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Figure 4.13: Impact of phase compensation on recognition accuracy
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Figure 4.14: Impact of the number of segment K on the recognition accuracy.

This is because, when K is very large, the difference between adjacent segments is

insufficient for providing additional useful signal features for HAR. Additionally, a

larger K causes higher computational complexity. Therefore, the user can select the

value of K to balance recognition performance and computational complexity.

Impact of Input Signals on MatNet-eCSI

In this subsection, we demonstrate how the type of input signals and the size of data

set from the PSE affect the recognition performance of MatNet-eCSI.

Table 4.6 illustrates the average recognition accuracy with different input signals

in the first indoor configuration. In this table, the PSE is PSE2. In the previous

results, MatNet-eCSI uses both the amplitude and phase of H as inputs. Here, we
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Table 4.6: Sensing performance using different input signals in the first
configuration with PSE2 .

Method One-shot Five-shot

MatNet-eCSI 0.868 0.934

MatNet-eCSI-AM 0.79 0.862

MatNet-eCSI-PH 0.823 0.912

test MatNet-eCSI-AM and MatNet-eCSI-PH, which indicate that MatNet-eCSI only

adopts the amplitude or phase of H as the input. Table 4.6 shows that MatNet-eCSI

is superior to the other two methods for both “One-shot” and “Five-shot”. This

is because more essential features for human recognition can be extracted from the

combination of amplitude and phase of H. It is also interesting to see that MatNet-

eCSI-PH achieves better accuracy than MatNet-eCSI-AM, which suggests that the

amplitude of H is more susceptible to the propagation environment change.

The impact of the size of data set on recognition performance is presented in Fig.

4.15. The horizontal axis means the number of times collected for each activity in

a single environment. In this figure, the activities are performed as per the second

configuration, and PSE is PSE2. It is clear that, a larger training data set can

result in a higher accuracy for the proposed scheme in both “one-shot” and “five-

shot” cases. The improvement in recognition accuracy becomes quite small, after

a sufficient number of training samples. Note that more training samples require

more time and resource for processing, leading to higher computational complexity.

Therefore, it is important to select a proper size of data set, to achieve a good

balance between the recognition accuracy and complexity.

Impact of training strategy and human diversity on MatNet-eCSI

In this subsection, we investigate how the sensing performance of MatNet-eCSI varies

with the proposed training strategy and different human beings. In this subsection,

different activities are performed in the first indoor configuration, and the PSE is

PSE2.

Fig. 4.16 shows the variation in sensing accuracy of MatNet-eCSI with different

human subjects. In the figure, two volunteers participate in the training process and
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Figure 4.15: Impact of the size of data set on the recognition accuracy
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Figure 4.16: Average recognition accuracy for different people

the other three are new for the testing. In this figure, we calculate the average sensing

accuracy for each person when he/she acts as the testing subject. We can see that

the average accuracy varies across different persons, meaning that different persons

could have different impact on recognition performance. However, it is important to

note that the average accuracy does not show an obvious difference across persons,

and the overall accuracy for five persons is still reliable. For instance, for “five-shot”,

the average accuracy of all volunteers are higher than 88%. Therefore, the proposed

scheme demonstrates robustness to human diversity.

Fig. 4.17 demonstrates the impact of the proposed training strategy on the

sensing performance of MatNet-eCSI. From this figure, we can observe that using the

novel training strategy enables the proposed scheme to achieve a higher recognition
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Figure 4.17: Impact of training strategy on the recognition accuracy

accuracy, compared to the case without using it. This is because, via the proposed

training strategy, the common features shared by PSE and the testing environment

can be effectively extracted using the training data set from one PSE and at the

minimum, one sample, from the new testing environment.

4.6 Conclusion

In this chapter, we proposed a novel MatNet-eCSI scheme to realize one-shot learning

human activity recognition. Our approach includes an innovative CCFE methodol-

ogy and a novel training strategy. The CCFE method can improve activity-related

signals by removing activity-unrelated information. The dimension of input signals is

also largely decreased, which reduces the computational complexity and the training

time. We developed a novel training strategy for recognizing human behaviors

using only one sample from the testing environment along with the data set from

the PSE. The extensive experimental results confirm that our proposed MatNet-

eCSI significantly outperforms the existing related work in notably improving the

recognition accuracy and reducing the training time.
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Chapter 5

Environment-Robust WiFi-based

Human Activity Recognition

In this chapter, we investigate the CSI-based HAR to achieve environmental ro-

bustness. To that end, we propose two novel HAR schemes which can remove

environment-dependent but activity-unrelated data. At the same time, the activity-

related information is effectively enhanced. The proposed two methods are able to

achieve reliable recognition accuracy in a new test environment without retraining

the networks.

5.1 Introduction

Many works have investigated the generalization ability of DL-based HAR by ex-

ploring various DLNs. To name a few, a transfer neural network is used by [171]

to capture the common features shared by the testing and source environments. As

a result, the transferable knowledge in time and spatial domains can be extracted,

which contributes to environment-robust HAR. For the same purpose, the authors

in [172] attempted to mitigate the environment-dependent data involved in the

action and to learn the activity-related information by leveraging the properties of

the adversarial network. Apart from the aforementioned works, the authors of [174]

first proposed a method to learn environment-robust features, then they input these

features into CNN and RNN for cross-environment HAR.

89



90 Chapter 5. Environment-Robust WiFi-based Human Activity Recognition

Although environment-independent recognition has been achieved to some ex-

tent, the above methods encounter some limits. To be specific, their recognition

accuracies rely heavily on the number of different source environments, and the

performance would undergo a dramatic drop if the diversity of source environments

is insufficient (e.g., [171,172]). It is also challenging for them to extract high-quality

and discriminative features across different environments due to the associated draw-

backs of feature collection processes and deep learning architectures. Additionally,

some works (e.g., [174]) concentrated on recognizing intensive (i.e., highly dynamic)

behaviors only, failing to identify light activities such as standing and laying.

To address the above problems, we propose two schemes to accomplish a cross-

environment HAR. We summarize the major contributions of this chapter as follows:

• We propose an environment-robust CSI-based HAR, drawing support from a

matching network (MatNet) and enhanced features (HAR-MN-EF). To im-

prove the quality of the CSI, we develop a CSI cleaning and enhancemen-

t method (CSI-CE), which ultimately improves activity-dependent features

whilst removing environment-specific information from the raw CSI. Further-

more, the dimension of the signals provided to the MatNet can be reduced by

CSI-CE, thereby significantly decreasing the training complexity. Under the

proposed HAR-MN-EF scheme, an architecture trained with a limited number

of source environments can be used to directly identify different activities in a

new (testing) environment, without the requirement of re-training.

• To further improve the sensing performance, we propose a scheme using the

activity-related feature extraction and enhancement (AFEE) method and match-

ing network (AFEE-MatNet). We propose AFEE to eliminate behavior-unrelated

but environment-specific signals, mitigate noise, and enhance activity-related

information. The proposed AFEE is composed of two steps: CSI cleaning and

enhancement, and frequency domain feature extraction and signal compres-

sion. The proposed AFEE is capable of decreasing the size of feature signals,

considerably reducing the training time.

• Moreover, for AFEE-MatNet, we propose a MatNet with a prediction check-
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Figure 5.1: Main processing modules of the HAR-MN-EF Scheme.

ing and correction (MatNet-PCC) scheme to realize environment-independent

HAR. We first employ the MatNet architecture to extract transferable features

across source environments. To achieve better sensing results, we then design

a prediction checking and correction (PCC) scheme to further rectify some

recognition errors that do not follow the state transition of human activities.

• We design and perform numerous experiments under various conditions and s-

cenarios. The results demonstrate that our proposed HAR-MN-EF and AFEE-

MatNet gains a vast advantage over state-of-the-art HAR methods, in amelio-

rating recognition accuracies and reducing the training time.

The rest of this chapter is structured as follows. Section 5.2 describes the details

of the first proposed HAR-MN-EF scheme. Then, we present the information of the

designed AFEE-MatNet in Section 5.3. The performance evaluation is performed in

Section 5.4, and the conclusions of this chapter is stated in Section 5.5.

5.2 HAR-MN-EF Scheme

The architecture of the proposed HAR-MN-EF scheme, illustrated in Fig. 5.1,

includes three main modules: CSI collection, CSI preprocessing and activity recog-

nition. The detailed introduction of the last two modules are presented in Section

5.2.1 and Section 5.2.2, respectively.
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5.2.1 CSI-CE based CSI Preprocessing

The purpose of the proposed CSI-CE is to improve the quality of the CSI matrix,

by mitigating the activity-unrelated information and condensing activity-dependent

features. There are two main stages of CSI-CE. In the first stage, we start by

computing the static objects contained in the received signals by conducting a linear

recursive operation, then removing it from the raw CSI matrix via subtraction. In

the second stage, we perform PCA and correlation operations on the channel matrix

from stage 1, obtaining the correlation feature matrix (CFM). Through these stages,

the CFM is expected to contain considerably reduced activity-unrelated information.

Furthermore, the dimension of the CFM is largely smaller in comparison with the

raw CSI matrix, significantly decreasing the processing overhead.

Let h(i) be the magnitude of CSI vector at the i-th received packet, which can

be given by h(i) = [H1,1(i),. . . ,H1,m(i),. . . ,Hn,m(i),. . . ,HN,M(i)]T , where Hn,m(i) is

the CSI information in the nth wireless link for the mth subcarrier; M stands for the

total number of subcarriers in each wireless link; N denotes the number of wireless

links in total, and N = Nt × Nr, Nt and Nr represents the number of transmitter

and receiver antennas, respectively; T represents the transpose operation.

The key task of CSI-CE is to extract feature signals that are more activity-

dependent and environment-independent. For that, it is necessary to mitigate

the activity-unrelated data and retain the activity-related information, making the

extracted features more robust to various experimental environments. To do that,

we partition h into two parts: dynamic CSI and static CSI, which can be written as

h(i) = hst(i) + hdy(i), (5.1)

where hdy(i) represents the dynamic CSI vector induced by human behaviors; hst(i)

stands for the static CSI vector that is unrelated to human activities. Note that,

although hst(i) does not present characters of human activities, it has greater

impact on the sensing performance than hdy(i). The reason is that a person’s

activities generally induce limited impact on the whole environment, especially for

light activities, such as sitting and standing. Under this situation, the recognition

performance would be severely dropped if directly using h(i) for HAR. Therefore, it
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is necessary to remove the static CSI vector hst(i) from h(i), in order to significantly

improve the quality of extracted feature signals and simplify the signal structure.

To filter out hst(i) from h(i), we propose a recursive algorithm by leveraging

the exponentially weighted moving average approach [180]. In such a case, hst(i)

from the i-th recursion can be estimated as ĥst(i) = δh(i) + (1− δ)ĥst(i− 1), where

ĥst(i) stands for the estimated value of hst(i), and δ is the forgetting factor. Under

this situation, the estimated dynamic CSI, ĥdy(i), can be expressed as ĥdy(i) =

h(i)− ĥst(i).

Note that, the timing offset between the WiFi transmitters and receivers can be

estimated. In this regard, the estimation of the dynamic CSI matrix for I packets

can be given by

Ĥdy = [ĥdy(1), . . . , ĥdy(i), . . . , ĥdy(I)]. (5.2)

It should be noted that Ĥdy can reflect discriminative features of different hu-

man behaviors, while it still contains some residual noise and residual activity-

independent information. To deal with this problem, we propose to use PCA

operation to acquire more reliable features for HAR.

We conduct a PCA operation on Ĥdy to eliminate the residual activity-unrelated

information and noise, while retaining activity-related data. For the maximum p-

reservation of activity-dependent information, all the available principal components

are selected, which is

Cp = Ĥdy × PCA(Ĥdy), (5.3)

where Cp denotes the extracted features via the PCA operation, with size of MN×I;

PCA(.) represents the operation of principle component analysis. It is important to

note that different principal components are correlated, which can be used to offer

extra information for HAR. As a result, we perform a correlation operation on the

output of the PCA, obtaining the PCA based CFM, by

DC = Cp ×CT
p . (5.4)

where DC denotes the CFM that is treated as the input signal for training the

MatNet.
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Figure 5.2: Structure of a MatNet based HAR using CFM DC as input.

5.2.2 MatNet-based Human Activity Recognition

As aforementioned in the previous section, we proposed a CSI preprocessing method

to eliminate the impact of the environment on the extracted information, ultimately

making it environment agnostic. In this section, we employ MatNet to learn trans-

ferable features from the enhanced CSI. This can effectively bridge the relationship

between source environments and the test environment, resulting in a successful

HAR and improving its environment-robustness.

The architecture of HAR using a MatNet is illustrated in Fig 5.2. The core

function of a MatNet is to build a classifier cs for a given source data set S, which

maps S to cS, S → cS(.). In this regard, the expression of S with N samples can be

written as

S = {(xi, yi)}Ii=1, (5.5)

where (x, y) stands for the CFM-label pairs; x = {Dc} with a size of MN ×MN

denotes the input data for the CFM; y represents the label for the corresponding

behavior.

Given a target sample x̂, we define the probability distribution of the output

ŷ as P (ŷ|x̂, S) , S → cS(x̂), where P denotes the probability distribution that is

parameterized by the CNN and LSTM, as demonstrated in Fig. 5.2. Following this,
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we can obtain the estimated output label ŷ given a source data set S and input x̂,

by

ŷ = arg max
y
P (y|x̂, S). (5.6)

To achieve the estimated ŷ, we calculate the linear combination of y with the

source data set S. Suppose xi represents the CFM, and yi denotes the corresponding

label from the source data set S = {(xi, yi)}Ni=1, then equation (5.6) is equal to

ŷ =
N∑
i=1

ecos(f(x̂),g(xi))∑N
j=1 e

cos(f(x̂),g(xj))
yi, (5.7)

where cos(α, β) denotes the cosine similarity function.

In equation (5.7), f and g denote the embedding functions of x̂ and xi, respective-

ly, which can be used to extract features from input signals. As shown in Fig. 5.2,

both f and g act as a bridge to input data for obtaining the maximum performance

with the classifier as discussed in equation (5.7). To learn the discriminative and

transferable features, we design f and g to embed x̂ and xi fully based on the whole

source data set S. Under this situation, f and g can be expressed as f(x̂, S) and

g(xi, S), respectively.

For the embedding function f , it is composed by a CNN with LSTM. The

read-attention based LSTM [188] is used as LSTM structure. Suppose attLSTM(.)

stands for the read-attention based LSTM, given a target sample x̂, the output of

attLSTM(.) based on the whole source data set S can be obtained by

f(x̂, S) = attLSTM(f ′(x̂), g(S), Np), (5.8)

where f ′(x̂) denotes the input data for the read-attention based LSTM, which is

extracted from the CNN; g(S) stands for the output achieved by embedding the

signal xi from the source data set S; and Np is the number of unrolling steps in the

LSTM. In such a case, the state of the LSTM for the npth step can be written as

hnp = ĥnp + f ′(x̂), (5.9)

ĥnp , cnp = LSTM(f ′(x̂), [hnp−1, rnp−1], cnp−1), (5.10)
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rnp−1 =
Ns∑
i=1

softmax(hTnp−1g(xi))g(xi). (5.11)

where LSTM(f ′(x̂), [hnp−1, rnp−1], cnp−1) follows the implementation described in

[187].

According to Fig. 5.2, the embedding function g consists of a CNN with a

bidirectional LSTM [186]. The CNN includes several stacked modules such as the

convolution layer, ReLU non-linearity and max-pooling layer. The output of the

CNN, g′(xi), which can be treated as the distinguishable features of xi, is put into

the bidirectional LSTM for processing. We can obtain g(xi, S) by

g(xi, S) = ~hi + ~hi + g′(xi), (5.12)

where ~hi and ~hi stand for the output of the forward and backward LSTM, respec-

tively.

Let ~ci and ~ci denote the cell of the forward and backward LSTM. The state of

LSTM can be written as

~hi,~ci = LSTM(g′(xi),~hi−1,~ci−1), (5.13)

~hi, ~ci = LSTM(g′(xi), ~hi+1, ~ci+1), (5.14)

where LSTM(g′, h, c) is in accordance with the definition in [187]. Note that g plays

a significant role in embedding xi, especially when an element xj is very close to xi.

Suppose xi and xj are input signals for two similar activities respectively, g is able

to map xi and xj to two discriminative domains conditioned on the whole source

data set. This significantly improves the recognition accuracy when classifying these

two behaviors.

We let T be a task that can be treated as a distribution over possible label sets of

human behaviors. In each episode, we sample a set of human activities (L) from T ,

L ∼ T , including several behaviors: {empty, lying, standup, standing, walk, fall}.

Next we use L to sample a batch of target set B and the source data set S, getting

B = B ∼ L and S = S ∼ L. The task of training the MatNet is to minimize the

error by estimating the labels in the batch B conditional on S. In such a case, the
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Figure 5.3: Main modules for the AFEE-MatNet Scheme.

loss function of MatNet based HAR, L, can be obtained by

L = −EL∼T

ES,B

 ∑
(x,y)∈B

logPΛ (y|x,S)

 , (5.15)

where Λ = {Λ1,Λ2}, Λ1 and Λ2 denote the parameter sets of embedding functions

g and f , respectively. The key objective of the training process is to minimize the

loss function given a batch for a source data set S, which is

Λ = arg min
Λ
L(Λ). (5.16)

5.3 AFEE-MatNet Scheme

To design a “one-fits-all” recognition model, we propose the AFEE-MatNet scheme

by leveraging the discriminative features extracted from CSI and the developed

MatNet-PCC scheme. As Fig. 5.3 depicts, the architecture of the proposed AFEE-

MatNet consists of three main modules: CSI Collection, CSI Preprocessing and

MatNet-PCC based Activity Recognition. The first module is to collect and store

the CSI that reflects the changes of wireless signal propagations caused by human

behaviors. The second module aims to clean and enhance the acquired CSI matrix

through the processes in both the frequency domain and the time domain. The last

module clarifies various human activities, drawing support from the enhanced CSI

and MatNet.

MatNet-PCC based Activity Recognition The purpose of this module is

to distinguish different behaviors by leveraging the enhanced CSI from the for-
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mer module and MatNet-PCC method. In particular, we first employ MatNet

to automatically learn hidden features from the enhanced CSI, as so to extract

distinctive features commonly shared among different environments. As a result,

the information, which is activity-related and environment-independent, can be

effectively extracted for HAR. After that, we propose a PCC scheme to further

fix recognition errors and improve sensing accuracy. It is noteworthy that MatNet

architecture is trained using samples from source environments in an offline manner.

The well-trained model is then applied to identify various activities in an online

manner.

5.3.1 AFEE based CSI Preprocessing

In this section, we will describe the design of AFEE to improve the quality of the

CSI matrix. We first present the CSI cleaning and enhancement method, followed

by the discussion of frequency domain feature extraction method.

CSI Cleaning and Enhancement

Let Nr and Nt indicate the amount of antennas at the receiver and transmitter,

respectively. The CSI vector h(i) acquired from the m-th received packet can

be represented as h(i) = [H1,1(i),H1,2(i),. . . ,Hn,m(i),. . . ,HN,M(i)]T , where Hn,m(i)

indicates the CSI data collected in the nth wireless link at the mth subcarrier;

N = Nt × Nr represents the total number of wireless links; M denotes the total

number of subcarriers in the wireless link; and T indicates the transpose operation.

The CSI matrix H, which is composed of CSI vectors collected from I packets, can

be given by H = [h(1), . . . ,h(i) . . . ,h(I)].

Although putting the original CSI matrix H into a deep learning network di-

rectly can realize behavior recognition, it is not a good option. The reason is that

H contains much activity-unrelated information that could severely influence the

recognition result. Moreover, the noise and the phase offset in H also affect the

recognition performance. To address these problems, we first propose to apply a

conjugate multiplication (CM) method [191] to improve the quality of the CSI. The

key insight of CM is to take the acquired CSI with the best quality as a reference
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href, and then calculate a conjugate multiplication of href and h. The criterion for

selecting href is to choose a CSI vector collected from the antenna with a maximum

ratio of amplitudes and standard deviations (MRASD). To obtain href, we first

calculate the wireless link with MRASD, by

Nref = arg max
n∈N

1

M

M∑
m=1

mean(|hn,m|)
std(|hn,m|)

, (5.17)

where Nref represents the index of wireless link with MRASD; mean(.) and std(.)

stand for the mean operation and the standard deviation operation, respectively.

Then href, acquired from the i-th packet, can be achieved in equation (5.18).

href(i) = [HNref,1(i),. . . ,HNref,M(i)︸ ︷︷ ︸
1

, HNref,1(i),. . . ,HNref,M(i)︸ ︷︷ ︸
2

,. . . , (5.18)

HNref,1(i),. . . ,HNref,M(i)︸ ︷︷ ︸
N

]T .

Upon obtaining href, the reference CSI matrix Href for I packets can be expressed

as

Href =[href(1),. . . ,href(i). . . ,href(I)]. (5.19)

Based on equation (5.19), the conjugate multiplications between all the wireless

links and reference links can be obtained by

C = Href �H∗, (5.20)

where � stands for dot product, and ∗ denotes the Hermitian.

Through the above operations, the output C, with size MN × I, is expected to

overcome the effect of phase offset [191]. However, it still contains some activity-

unrelated information and random noise, negatively affecting recognition results. In

order to tackle that concern, we propose to perform PCA to retain the activity-

related information and eliminate noise contained in C. Specifically, we divide C

into N sub-matrices, written as

C = [C1, . . . ,Cn, . . . ,CN ]T , (5.21)
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Cn =


Cn,1(1) . . . Cn,1(i) . . . Cn,1(I)

Cn,2(1) . . . Cn,2(i) . . . . . .

. . . . . . . . . . . . . . .

Cn,M(1) . . . Cn,M(i) . . . Cn,M(I)

 . (5.22)

Next, we conduct a PCA operation on each Cn to obtain the top p + 1 principal

components. Note that most of the noise and environment-specific information

are involved in the first principal component. To mitigate them, we construct the

principal component matrix Ĉn by discarding the first principal component and

keeping the rest principal components, represented as

Ĉn = Cn ×Φ{2:p}
n , (5.23)

where Φ
{2:p}
n stands for the matrix constructed by elements from the 2nd to the pth

eigenvectors. The new feature matrix based on principal components of all wireless

links can be obtained by

Ĉ = [Ĉ1, Ĉ2, . . . , ĈN ]T . (5.24)

Note that, the size of Ĉ is P × I, P = pN , and P is used to achieve a tradeoff

between computational complexity and recognition accuracy. The impact of P on

the recognition performance is discussed in Fig.5.10. Although Ĉ can be used as the

input signal to train the DL network, feeding Ĉ into the DL network directly would

cause a significant increase in the training complexity due to its large dimension.

For instance, in this paper, the time window for each activity is approximately 1s,

the rate of samples fs is 1KHz, and we set P = 60 empirically in the experiments,

so Ĉ is a matrix with size 60× 1000. Under this situation, it would cause extremely

high training complexity if taking Ĉ as the input signal for the DL network. Conse-

quently, it is important to decrease the size of the Ĉ, thereby lowering the training

complexity.

Frequency Domain Feature Extraction

Through the above operations, Ĉ is anticipated to present unique characters for

different human activities. However, it has a large dimension that significantly in-

creases the training overhead. Moreover, Ĉ still contains residual activity-unrelated
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information and residual noise, leading to performance degradation. To deal with

these problems, a frequency domain feature extraction method is proposed below to

learn reliable information from the frequency domain.

We conduct Fast Fourier Transform (FFT) for each row of Ĉ to get the frequency

domain feature matrix, by

CF = FFT(Ĉ), (5.25)

where FFT(.) stands for the Fast Fourier Transform operation. CF indicates the

extracted frequency domain feature matrix.

It is notable that, most of CSI variations caused by human activity in daily life

are in a relatively low frequency range (less than 100Hz), due to the limited speed

and space of movements. On this basis, we discard the data in the high frequency

range contained in CF to remove activity-unrelated information whilst retraining the

activity-related features. To further enhance the activity-related CSI, we remove the

zero frequency component (i.e., the first column of CF ) that are mainly environment-

specific but behavior-unrelated. Let ĈF be the compressed feature matrix, and q

is the cutoff frequency used to filter out activity-unrelated features. The value of

q is determined based on the types of activity to be recognized. In this paper,

we intend to recognize six activities {laying, standing, walk, fall, standup, empty}.

The maximum frequency for these behaviors is about 80Hz [119], so we set q = 80Hz.

Through the aforementioned operations, the size of ĈF is P × qI/fs which is much

smaller than that of CF . Thus, using ĈF as the input signal to train the DL network

can result in a notable decrease in the training complexity.

It is noteworthy that the correlation features between different wireless links

of transmitter-receiver pairs can provide distinguished information for identifying

different behaviors. To provide more information for input signals to DL network,

we also compute the correlation feature of ĈF , by

UC = ĈF × (ĈF )T . (5.26)

Note that, UC and ĈF can provide correlated and complementary features for

behavior recognition. On the one hand, ĈF contains features in different wireless
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links, while it fails to present other types of information such as the correlation

features between different links. On the other hand, UC highlights the correlation

information between different wireless links, but it losses some information during

correlation operations. Therefore, we take Θ = {ĈF ,UC} as the input signal of

MatNet for extracting reliable and distinguished features.

5.3.2 MatNet-PCC based Human Activity Recognition

From the previous section, the output of our AFEE method is expected to contain

significantly enhanced CSI, by retaining the activity-related information whilst mit-

igating activity-unrelated data. However, it is difficult to fully eliminate the impact

of the environment. To overcome this problem, we propose to use MatNet to learn

and extract transferable features shared among different environments, thereby these

features are robust to environments. Moreover, we propose a prediction checking

and correction method to further improve recognition accuracy.

Architecture of MatNet

To realize activity classification, we propose to employ MatNet to automatically

learn and extract hidden features from the enhanced CSI obtained from Module 2.

The applied MatNet has the similar structure shown in Fig. 5.2. Note that, in this

section, Θ is used as the input feature signal. Given a source data set S, MatNet is

able to build a classier cs for each S, mapping S to cS, S → cS(.).

We define a task, denoted as T , as the distribution for potential label sets of hu-

man behaviors. In each episode, a set of human activities L are sampled from T , L ∼

T , consisting of six different behaviors: {standing, laying, walk, standup, empty, fall}.

Next, L is used for sampling both the source data set S and the batch of target set

B, achieving S = S ∼ L and B = B ∼ L. The purpose of training MatNet is

minimizing the error between the estimated and the actual labels in B under the

condition of S, which is

Λ = arg min
Λ

{
− EL∼T

ES,B

 ∑
(x,y)∈B

logPΛ (y|x,S)

}, (5.27)
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where Λ = {Λ1,Λ2}, Λ1 and Λ2 stand for parameter sets of embedding functions g

and f , respectively.

Note that, the training process is conducted fully conditional on the whole data

set S that includes different source environments. Under this situation, the rela-

tionship between different source environments can be built drawing support from

g and f . As a result, the generalized features among different environments can be

learned and extracted for HAR. In other words, the impact of a specific environment

on recognition performance is significantly reduced. Therefore, the proposed AFEE-

MetNet scheme is robust to environments, contributing to environment-independent

recognition.

Prediction Checking and Correction

The core of the proposed PCC scheme is to rectify certain recognition errors which

do not match the state transition of human behaviors, so as to further improve the

recognition accuracy. When a person performs a set of different activities continu-

ously, these behaviors are not independent but belong to a circle of continuous states.

Fig. 5.4 shows the simplified state transition diagram for the case when people

perform six different activities {laying, standing, walk, fall, standup, empty}. To

be specific, when a person conducts “stand up” at the current time slot, he/she

may perform “fall”, “standing” or “stands up” at next time slot. In such a case,

if the output of MatNet at the next time slot is “fall”, “standing” or “stands up”,

the result obeys to the state transition diagram. Under this situation, we treat the

output of MatNet as a logical result and keep it as the final output. Otherwise, the

output of MatNet at the next time is regarded as an incorrect result, and we will

correct it using the detailed scheme as follows.

We let Na stand for the total number of activities to be recognized, and Na is

set to 6, including {laying, standing, walk, fall, standup, empty}; Y (tn−1) denotes

the final output of our proposed method at time slot tn−1, and ŷ(tn) represents the

output of MatNet at time slot tn; Y (tn− 1), ŷ(tn) ∈ [1, Na]; Υ is the state transition

diagram for different activities. If Y (tn − 1) and ŷ(tn) abide by the state transition

diagram, i.e., [Y (tn − 1), ŷ(tn)] ∼ Υ, we set η = 1, otherwise, η = 0.
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Figure 5.4: Simplified state transition diagram for six different activities.

If η = 0, it means that the output of the MatNet is incorrect and should be

rectified. We let Pm with size Na × Na be the confusion matrix; Pm(i, j) stands

for the probability of the activity i being recognized as the activity j; i, j ∈ [1, Na].

We will rectify the incorrect sensing result based on Υ and Pm. Specifically, we

first seek out the possible activity set for the time slot tn conditioned on Y (tn − 1),

denoted as Atn , which is given by

Atn , {j|[Y (tn − 1), j] ∼ Υ, j ∈ [1, Na]}. (5.28)

After that, the probability of misjudging Atn as ŷ(tn) can be obtained with the

help of Pm. Moreover, we can get the activity j∗ that holds the highest probability

of incorrect classification in Pm, expressed as

j∗ = arg max
j∈Atn

Pm(j, ŷ(tn)), (5.29)

where j∗ can be treated as the final output of our proposed scheme at time slot tn.

Thus the final output of our proposed method at time slot tn can be expressed as

Y (tn)=

 ŷ(tn), η = 1,

j∗, η = 0.
(5.30)

To this end, we can see that the value of Y (tn) heavily relies on Y (tn − 1). In

other words, the accuracy of Y (tn − 1) significantly affects Y (tn), restricting the
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Algorithm 1: Prediction Checking and Correction.

1: begin

2: Initialize: the final output Y (tn − 1),

3: the outputs of MatNet ŷ(tn), ŷ(tn − 1), . . . , ŷ(tn − τ),

4: the state transition diagram Υ;

5: the confusion matrix Pm;

6: if [ŷ(tn − 1), . . . , ŷ(tn − τ)] � Υ

7: PCC method is inactivated;

8: Y (tn) = ŷ(tn);

9: else

10: if [ŷ(tn), Y (tn − 1)] ∼ Υ

11: η = 1;

12: else

13: η = 0;

14: Compute Atn according to equation (5.28);

15: Compute j∗ according to equation (5.29);

16: end

17: Compute Y (tn) according to equation (5.30);

18: end

19: Update Pm;

20: end
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Figure 5.5: Layout of three indoor experimental areas: (a) 3m × 4m office. (b)
4m× 6m meeting room. (c) 6m× 7m laboratory.

performance of PCC. To address this issue, we propose an activation mechanism for

PCC to guarantee its reliability, i.e., preventing over-correction cases. To be specific,

the proposed PCC method can be activated to correct ŷ(tn), only if the outputs of

MatNet [ŷ(tn − 1), . . . , ŷ(tn − τ)] abide by Υ but ŷ(tn) does not. In this paper, the

value of τ is empirically set as 3. The details of proposed PCC are summarized in

Algorithm 1.

5.4 Experiment and Evaluation

In this section, we design and perform a wide range of experiments to verify the

performance of the proposed HAR-MN-EF and AFEE-MatNet, respectively.

To validate the recognition performance, we implement the proposed schemes

in seven indoor environments with various wireless environmental complexities.

Notably, the complexity of the wireless environment is dependent on many factors,

e.g., distance and obstacles between transmitter and receiver. In each configura-

tion/environment, each of five people performs six types of behaviors, including

falling, laying, standing up, standing, walking, and empty room. Each behavior is

conducted 200 times by each person. The each target person performs activities

randomly in the experimental environment. We demonstrate the average HAR

performance by considering different locations. Among these seven environments,

the first four environments are taken as source environments, and the collected data

in them are regarded as the training dataset, which is used for training the proposed

schemes. The rest three configurations are treated as testing environments, and the



5.4 Experiment and Evaluation 107

acquired data in these environments is the testing dataset that is for evaluating

the recognition performance of the proposed schemes. Due to limited space, we

illustrate the layouts of three testing environments in Fig. 5.5. In particular, the

first configuration/environment is a 6m× 7m laboratory room, the second one is a

4m× 6m meeting room, and the third one is a 3m× 4m square area.

In the experiments, two computers are employed as transmitter and receiver,

respectively, and each equips with Intel WiFi NIC 5300 network card which oper-

ation abides by the 802.11n standards. Both the transmitter and receiver conduct

data transmission at the operating frequency 5.32 GHz. The transmitter, having

one antenna (Nt = 1), keeps emitting signals, and the receivers continuously collect

data via three antennas (Nr = 3). The CSI tool in [25] is adopted to acquire and

store signals (i.e., CSI). There are 30 subcarriers (M = 30) available for each pair

of the transmitter-receiver antennas. We propose to use a sliding window to collect

data/samples for each behavior from raw CSI streams, and the time length for this

window is set as 1s. In the training process, if multiple behaviors are involved in

one time window, its label will be the activity with the largest ratio. We leave the

work of designing a sliding window with an adaptive time length based on different

activities to be future task. The sample rate is 1 KHz, thus the dimension of CSI

matrix (H) is 90× 1000.

In the training stage, each embedding function of the proposed schemes includes

a CNN with 6 convolutional layers. In each layer, there are 3 × 3 convolution, a

ReLU non-linearity operation, and a 2 × 2 max-pooling. We employ a 2.3 GHz

PC with Nvidia GeForce GTX 1070Ti graphic card (8GB memory) to train the

proposed schemes. We select 64 and 0.001 as the batch size and learning rate,

respectively. Note that, we obtain robust scaling for the developed schemes in

experiments. Specifically, we perform a normalization operation on the input signal

before feeding it into the MatNet architecture. Next, in the training process, we

utilize the Batch Normalization method [190] for normalizing the input signal of

each layer.
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5.4.1 Performance Comparison of Different Methods

In this section, numerous simulations are designed and conducted to verify the

recognition performance of the proposed HAR-MN-EF and AFEE-MatNet. To do

that, we first present extensive simulation results considering various conditions and

parameters, to analyze the performance of the proposed schemes (i.e., HAR-MN-EF

and AFEE-MatNet) and other four recognition schemes (i.e., RNN [146],TNNAR

[171], EI [172], and BVP [174]). Then, we comprehensively validate the sensing

capability of our developed HAR-MN-EF and AFEE-MatNet from a wide range of

aspects. Note that, each HAR scheme is trained using source environments, and the

well-trained architecture is used for HAR in the testing environment, without any

re-training process.

Table 5.1 compares the average recognition accuracy of six activities for different

sensing methods under different testing environments. The training dataset from

four source environments are collected to train each scheme, and each trained model

is applied to recognize different behaviors in testing environments. In this table,

as can be seen, both the proposed HAR-MN-EF and the proposed AFEE-MatNet

notably outperform the other four sensing methods in each testing environment

(i.e., RNN [146], TNNAR [171], EI [172], and BVP [174]). This is because, for the

proposed HAR-MN-EF, we proposed a CSI-CE method to enhance and condense the

activity-related features whilst mitigating the activity-independent information from

input signals. As a result, the behavior-dependent information can be effectively

learned and extracted, contributing to a reliable recognition. For the proposed

AFEE-MatNet, its promising performance credits to the property of the proposed

AFEE scheme and MatNet. Specifically, the AFEE is proposed to mitigate most

activity-unrelated data and condense the behavior-related information. As a result,

the impact of activity-unrelated components (e.g., caused by noise or environmen-

t) on feature signals is significantly reduced. Moreover, we propose to employ

MatNet architecture to automatically build a relationship among different source

environments and extract generalized features for HAR. In other words, the features

commonly shared among different source environments are extracted for HAR, and

the information subject to a certain environment would be discarded. This enables
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Table 5.1: Average recognition accuracy of different methods in three indoor
configurations

Method 1st Exp. 2nd Exp. 3rd Exp.

Proposed HAR-MN-EF 0.698 0.711 0.734

Proposed AFEE-MatNet 0.734 0.763 0.803

RNN 0.331 0.394 0.426

EI 0.531 0.577 0.605

TNNAR 0.485 0.511 0.544

BVP 0.687 0.699 0.715

our proposed AFEE-MatNet to achieve robustness to environments. For RNN [146],

it cannot learn effective features commonly shared among source environments,

degrading the sensing accuracies dramatically. Regarding TNNAR [171] and EI

[172], the number of source environment limits their recognition accuracies. When

the number is not sufficient, it is hard for these methods to achieve accurate sensing

results. BVP [174] fails to reliably classify some light activities (such as laying),

degrading its detection accuracy.

To detail the performance verification, we present the confusion matrix of six

methods in Fig. 5.6. In this figure, we select the third testing environment to

examine the performance of each method. We can observe that the sensing accuracy

of the proposed AFEE-MatNet and the proposed HAR-MN-EF are greatly better

than those of the other four methods, in terms of identifying different behaviors.

To be specific, for the proposed AFEE-MatNet and the proposed HAR-MN-EF,

each estimated behavior is in accordance with the corresponding actual one with

high probability, implying that the proposed schemes are capable of accomplishing

reliable detections. By contrast, for RNN [146], TNNAR [171] and EI [172], their

prediction results cannot match the corresponding actual ones, alluding to the fact

that those methods have difficulties predicting activities correctly. Although the

prediction activity of BVP [174] is consistent with the actual behaviors, the accuracy

for light activities are low (e.g., laying and standing).

In Fig. 5.7, we demonstrate the number of source environments on the average
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Figure 5.6: Confusion matrix for different human activity recognition methods.
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Figure 5.7: Recognition accuracy with increased number of source environments

recognition accuracy for six sensing schemes. The third testing environment is select-

ed for performance evaluation in this figure. As can be seen, the proposed schemes

(i.e., HAR-MN-EF and AFEE-MatNet), TNNAR [171], and EI [172] can achieve

improved detection results when increasing the number of source environments. The

reason is that, with more source environments, these four schemes are able to extract

more transferable features shared among these environments, which is beneficial in

distinguishing different activities and results in better recognition performance. On

the contrary, more source environments do not help the RNN in [146] to achieve

a better sensing accuracy. This is because, the RNN in [146] does not have the

capability to extract common features shared by source environments and the testing

environment. Moreover, increasing the number of source environments does not

necessarily lead to an improved result for BVP [174]. The reason is that, the authors

in BVP proposed velocity-related data for HAR, which has little relationship with

the number of source environments.

In Fig. 5.8, we present how the number of receiving antennas, demonstrated as

the number of total subcarriers, affects the average recognition accuracy. We exam-

ine the sensing performance of different sensing schemes in the third testing environ-

ment. We can observe from this figure that all methods can get improved recognition

results when the number of subcarriers increases. Moreover, the proposed schemes

are able to achieve larger improvement with more subcarriers, compared to the other



112 Chapter 5. Environment-Robust WiFi-based Human Activity Recognition

30 60 90
Number of subcarriers

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9
Ac

cu
ra

cy

Proposed HAR-MN-EF
Proposed AFEE-MatNet
RNN
EI
BVP
TNNAR

Figure 5.8: Impact of the number of subcarriers on the recognition accuracy.

four methods.

In Table. 5.2, we also discuss how well the proposed PCC influences the clas-

sification results of different methods. The recognition stage is conducted in the

third testing environment. From this table, it is clear that the proposed PCC can

be applied to other methods, enabling these methods to achieve higher sensing

accuracies. The reason is that the proposed PCC can correct some detection errors

that are not in accordance with the state transition of human behaviors. Moreover,

we can see that our proposed work can achieve a more obvious improvement than

the other methods. This is because our proposed work achieves higher sensing

accuracies, thereby having more opportunities to activate the PCC scheme (refer

to the activation mechanism of PCC in Section 5.3.2) to further improve detection

performance.

5.4.2 Performance Evaluation of Proposed Schemes under

Various Conditions

In this section, the characters of proposed HAR-MN-EF and AFEE-MatNet are

analyzed and evaluated, respectively, considering various parameters and conditions.

Specifically, we first analyze how the proposed CSI-CE method impacts the sensing

accuracy of the proposed HAR-MN-EF. Then, we verify how the recognition accura-
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Table 5.2: Impact of PCC on recognition accuracy for different methods

Method Without PCC With PCC

Proposed HAR-MN-EF 0.734 0.779

Proposed AFEE-MatNet 0.752. 0.803

RNN 0.426 0.438

BVP 0.715 0.758

EI 0.605 0.621

TNNAR 0.544 0.559

Table 5.3: Impact of CSI-CE on proposed HAR-MN-EF

Method Accuracy Training Time

With CSI-CE 0.714 34.5 min

Without CSI-CE 0.412 89.7 min

cy of the proposed AFEE-MatNet varies under different conditions, including input

signals, human beings, with/without proposed AFEE method, and the number of

principal components for all wireless links (P ).

The impact of the proposed CSI-CE method on the performance of HAR-MN-EF

is shown in Table 5.3, in the context of sensing accuracy and training time. In this

table, the average sensing accuracy of three testing environments is provided. It is

clear that the proposed CSI-CE method significantly improves the sensing accuracy

of HAR-MN-EF, in addition to reducing the training time. This is largely due to

the property of the proposed CSI-CE, which ultimately enhances the activity-related

information and reduces the size of input signals.

To examine the performance of our AFEE-MatNet, we discuss how its perfor-

mance changes with various input signals. In Table 5.4, we investigate changes in

recognition performance with different input signals in three testing environments.

“AFEE-MatNet” refers to the case of using the output of AFEE (i.e., Θ) to train

MatNet for HAR. “AFEE-MatNet-C” and “AFEE-MatNet-U” stand for cases of

putting ĈF and UC (refer to Section 5.3.1) into the MatNet architecture for training,

respectively. From this table, it is obvious that AFEE-MatNet performs much better
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Table 5.4: Recognition accuracy using different input signals.

Method 1st Exp. 2nd Exp. 3rd Exp.

AFEE-MatNet 0.734 0.763 0.803

AFEE-MatNet-C 0.698 0.724 0.766

AFEE-MatNet-U 0.669 0.715 0.749
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Figure 5.9: Average recognition accuracy for different people

than both “AFEE-MatNet-C” and “AFEE-MatNet-U”, because it can extract more

distinguishable and generalized feature for recognition.

In Fig. 5.9, we demonstrate how detection accuracies vary with different human

beings in each testing environment. Two persons perform different activities in the

training stage to build the training dataset. In the testing process, the trained

model is used to recognize activities performed by the other three volunteers. In

this figure, we provide the average recognition accuracy for three persons. As can

be seen, the recognition accuracy changes differently with various testing persons

in each testing environment, implying that different persons have diverse impacts

on sensing performance. Another observation is that the average recognition results

across various persons are still reliable (e.g., above 72%) in all testing environments.

This demonstrates that the proposed AFEE-MatNet gains robustness to human

diversity.

In this part, we investigate the significance of AFEE on the proposed AFEE-
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Table 5.5: Impact of AFEE on proposed AFEE-MatNet

Method Accuracy Training Time

With AFEE 0.767 131.7 mins

Without AFEE 0.464 531.2 mins

MatNet scheme. In Table 5.5, we demonstrate how AFEE affects the performance

of the proposed scheme in the sense of recognition accuracy and training time. In

this table, we show the average sensing accuracy of three testing environments.

As can be seen, the setup with AFEE achieves much higher training accuracy

and less training time, compared to that without AFEE. The reason is that the

proposed AFEE has the capability of significantly suppressing activity-unrelated

data and enhancing activity-related information. As a result, the impact subject to

a specific environment but not helpful for HAR can be effectively reduced, making

the proposed scheme more robust to variations of environments. Moreover, we can

find that the training time in the case with AFEE is much less than that without

AFEE. This is because AFEE can greatly decrease the size of the CSI matrix that

are the input signals for the training stage, shortening the training time.

Fig. 5.10 illustrates how the number of principal components for all wireless

links (P ) in AFEE influences the sensing accuracy and training time of the proposed

AFEE-MatNet. As Fig. 5.10 depicts, a larger P can result in an improvement in

recognition accuracy for each testing environment, while the speed of improvement

slows down when P is sufficiently large. The reason is that a larger P , i.e., more

principal components, can provide more useful information for HAR, contributing to

better recognition results. However, the proportion of distinctive features for HAR

contained in the principal component with a larger index become less. Additionally,

the training time becomes longer with a larger P . Therefore, the user can determine

the value of P to make a balance between recognition accuracy and training time.

Table 5.6 compares the key features of the proposed HAR-MN-EF and the

proposed AFEE-MatNet from various aspects. To be specific, the proposed AFEE-

MatNet is capable of achieving higher sensing accuracies using a smaller number

of source environments than the proposed HAR-MN-EF, which credits the AFEE
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Figure 5.10: Impact of P on the recognition accuracy and training time for
proposed AFEE-MatNet.

method and the PCC process proposed in AFEE-MatNet. Note that, compared to

the proposed HAR-MN-EF, the proposed AFEE-MatNet requires a longer time to

train the model well, due to more complex signal processing stages. Given that, a

user can select a scheme by balancing their requirements on sensing accuracies, the

number of source environments and training time.



5.5 Conclusion 117

Table 5.6: Characters of Proposed Methods

Methods Accuracy Training Time Number of required

source environments

Proposed HAR-MN-EF Fair Low Large

Proposed AFEE-MatNet High High Small

5.5 Conclusion

In this chapter, we proposed two novel schemes to achieve environmental-robust

recognition. We first proposed the HAR-MN-EF scheme to accomplish environment-

independent HAR by leveraging the property of MatNet and the proposed CSI-CE

method. Using CSI-CE, the activity-dependent features can be enhanced, whilst

mitigating the behavior-unrelated information from input signals. Furthermore, the

CSI-CE method is also able to reduce the training complexity of the proposed scheme

via decreasing the size of input data. To achieve successful cross-environment HAR,

the MatNet was adopted to process features extracted by CSI-CE.

For better detection performance, we proposed an innovative CSI-based HAR

scheme, represented as AFEE-MatNet, to accomplish the “one-fits-all” human ac-

tivity recognition. The designed scheme only requires an initial training, and then

it can be directly applied in new environments without an extra re-training process.

To achieve this, we proposed a novel AFEE scheme and MatNet-PCC method.

The AFEE scheme is able to mitigate noise, eliminate the impact of behavior-

unrelated elements subject to the specific environment, and retain the activity-

related information. It can also significantly decrease the size of input signals,

lowering the computational complexity and shortening the training time. We pro-

posed to employ the MatNet architecture to extract generalized features shared

among source environments, facilitating cross-environment recognitions. To further

improve sensing accuracy, we proposed a prediction checking and correction scheme

to rectify detection errors that do not abide by the state transition of behaviors.

We designed and conducted numerous experiments to validate the performance of

our proposed HAR-MN-EF and AFEE-MatNet from a wide range of aspects. The
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extensive results verified that our proposed schemes vastly outperform existing state-

of-the-art techniques, in terms of improving the recognition accuracy and lowering

the training time.



Chapter 6

Conclusion and Future Work

In this thesis, we have developed effective solutions for channel state information

(CSI) based human activity recognition (CSI-based HAR) using deep learning (DL)

networks. The main contributions of this thesis and future research directions are

provided in this chapter.

6.1 Conclusions

In Chapter 3, we proposed two DL-based HAR for performance improvement in

the scenario with a sufficient number of required training samples. First, we de-

veloped a human activity recognition scheme using Deep Learning Networks with

enhanced Channel State information (DLN-eCSI). The proposed DLN-eCSI gains

appealing features of higher sensing accuracy and lower training complexity. To

achieve that, we designed a CSI feature enhancement scheme (CFES) to clean

and compress the input signals of DL networks. The signals enhanced by CFES

are fed into long-short term memory based recurrent neural networking (LSTM-

RNN) to extract deep and inherent features, achieving successful HAR. To further

improve the detection accuracy, we developed HAR using activity filter-based deep

learning network (HARAF-DLN) with enhanced correlation features. In particular,

we proposed two main innovations in HARAF-DLN including CSI compensation and

enhancement (CCE) and activity filter (AF). The proposed CCE method is able to

address the phase mismatch issue caused by timing offset, thereby improving the

119
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CSI quality. The dimension of input signals for DL networks can also be reduced.

The AF method is designed to differentiate similar activities using the enhanced CSI

features obtained from CCE. Then, we employed LSTM-RNN to classify extracted

features into different categories, thereby effectively identifying different behaviors,

especially for similar actions. Extensive experimental results demonstrated that

the two proposed schemes show vast superiority in improving sensing accuracy and

lowering training complexity.

In Chapter 4, we studied DL-based HAR for the scenario with a limited number of

training samples from the testing environment or/and previously seen environments

(PSEs). To facilitate an effective HAR, we proposed a novel HAR scheme using

Matching Network with enhanced channel state information (MatNet-eCSI). A CSI

Correlation Feature Extraction (CCFE) method was developed to condense the

activity-related information and mitigate activity-unrelated data, thereby improving

the quality of input signals for DL networks. Meanwhile, the dimension of input

signals can be reduced, which significantly decreases the computational complexity.

For feature extraction, we proposed to employ the matching network to learn and

extract deep and hidden features from the output of CCFE. To better explore the

properties of the matching network, an innovative training strategy was designed,

which can bridge a good connection between the data sets from PSEs and samples

from the testing environment. The proposed strategy can realize an effective feature

extraction even for the situation in which only one PSE is available. For a successful

HAR, only one sample for each activity from the testing environment and the data

set from one PSE are required, which however is difficult for state-of-the-art methods

to achieve. We designed and performed numerous experiments from a variety of

aspects to evaluate the performance of the proposed scheme. Extensive results

indicated that the proposed MatNet-eCSI is notably superior in achieving higher

detection accuracy and decreasing training time, compared to the existing HAR

methods.

In Chapter 5, we investigated the environmental robustness of DL-based HAR

methods. Towards that end, we proposed two novel environment-robust HAR

schemes drawing support from advanced signal processing algorithms and properties
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of DL networks. We first developed an environment-robust channel state information

based HAR by leveraging the properties of a matching network (MatNet) and

enhanced features (HAR-MN-EF). A CSI cleaning and enhancement method (CSI-

CE) was designed to improve the quality of input signals of MatNet, by condensing

behavior-related information, eliminating behavior-unrelated data, and filtering out

the noise. The extracted features are put into MatNet to facilitate environment-

robust HAR. To further improve HAR performance, we proposed an innovative

scheme, combining an activity-related feature extraction and enhancement (AFEE)

method and Matching Network (AFEE-MatNet). We designed the AFEE approach

to enhance the quality of input signals by mitigating environmental noise, preserving

activity-related information, and reducing the size of input signals. Then, we

proposed to use MatNet to learn and extract transferable features shared among

source environments. Moreover, we developed a prediction checking and correction

scheme to improve recognition accuracy. Extensive experiments were conducted

to verify the performance of proposed schemes, and results demonstrated that our

proposed schemes greatly outperform the other relevant HAR methods, both in

recognition accuracy and training time.

6.2 Future Work

In this thesis, we studied critical issues of WiFi-based HAR using properties of DL

networks and proposed several novel HAR schemes to improve sensing accuracy, re-

duce the number of required training samples and achieve environmental robustness,

respectively. Some other interesting topics in DL-HAR are yet to be investigated,

which would be a natural extension to this work in the future.

Multiple-person activity recognition

For multiple-person activity recognition, DL-HAR can identify behaviors performed

by multiple persons simultaneously. This would be beneficial for large-scale HAR

deployment and boost its applicability in practical scenarios. Therefore, multi-

person HAR is an interesting topic requiring more attention. Based on that, we
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may develop multi-person HAR approaches with the help of DL architectures and

innovative signal processing techniques.

Through-the-wall activity recognition

For through-the-wall WiFi-based HAR, it is possible to detect and monitor hu-

man behaviors effectively and accurately across different rooms/environments. This

would benefit a wide range of applications, including elder care, emergency rescue

and safety surveillance. Therefore, it is of paramount importance to facilitate the

through-the-wall WiFi-based HAR. However, WiFi-based HAR in the through-

the-wall scenario is still an open research problem. Given that, we may propose

HAR schemes for through-the-wall scenarios drawing support from DL networks

and advanced signal processing methods.
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ABLSTM Bi-directional long short-term memory

AE-LRCN Autoencoder Long-term Recurrent Convolutional Network framework

AF Activity filter

AFEE Activity-related feature extraction and enhancement method

AFEE-MatNet Activity-related feature extraction and enhancement method and

matching network

ARIE Activity-related information extraction

BiGRU Bidirectional Gated Recurrent Units

CCE CSI compensation and enhancement

CCFE CSI Correlation Feature Extraction

CFES CSI feature enhancement scheme

CFM Correlation feature matrix

CIR Channel impulse response

CM Conjugate multiplication

CNN Convolutional neural network

COTS Commercial off-the-shelf

CSI Channel state information
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CSI-CE CSI cleaning and enhancement method

CSI-based HAR CSI-based human activity recognition

DL Deep learning

DL-based HAR Deep learning for human activity recognition

DLNs Deep learning networks

DLN-eCSI Deep Learning Networks with enhanced Channel State information

DM Differential method

DRL Deep reinforcement learning

DWT Discrete wavelet transform

EWMA Exponentially weighted moving average

FFT Fast Fourier Transform

HAR Human activity recognition

HAR-AF-DLN HAR using activity filter-based deep learning network

HAR-MN-EF HAR using matching network and enhanced features

HHT Hilbert-Huang Transform

KNN k nearest neighborhood

LM Local mean

LOS Line-of-sight

LSTM Long-short term memory

LSTM-RNN Long-short term memory recurrent neural networking

MatNet Matching network

MatNet-eCSI Matching Network with enhanced channel state information
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MatNet-PCC MatNet with prediction checking and correction

mmWave millimeter wave

NIC Network interface card

Non-LOS Non-line-of-sight

PCA Principal component analysis

PCC Prediction checking and correction

PSE Previously seen environment

RFID Radio-frequency identification

RNN Recurrent neural networking

RSSI Received signal strength indicator

RSSI-based HAR RSSI for WiFi-based HAR

SAE Sparse autoencoder

SDAE Stacking denoising autoencoder

SVD Singular value decomposition

WS-HAR Wireless signal-based HAR
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